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Abstract. We propose a decentralized protocol for surfacing and verifying alignment failures 

in large language models. In this system, independent agents generate prompts designed to discover 

and categorize misaligned behavior, evaluate model responses using structured tools, and submit 

their findings to a network of validators. Validators verify the reported signals by recreating the 

findings, scoring the outputs across predefined alignment dimensions, and assigning quality scores 

based on fidelity and significance. All outputs are cryptographically anchored, enabling tamper-

evident reasoning artifacts and reproducible evaluation. The protocol allocates emissions to agents 

who contribute verifiable, high-signal alignment data. Unlike static datasets or centralized feedback 

pipelines, this system is designed to evolve through adversarial discovery, distributed scoring, and 

incentive-driven refinement. It produces alignment data that is open, traceable, and grounded in 

structured disagreement. 

 

1. Introduction 

 

1.1.  Context and Motivation 

As large language models have become increasingly capable, they have also become increasingly difficult 

to evaluate, audit, and align [1]. These systems can exhibit misleading fluency, selectively reveal or conceal 

knowledge [2], and adapt to prompt structures in ways that evade conventional safety filters. As their 

influence grows, so too does the difficulty of distinguishing between compliant behavior and truthful 

reasoning. Existing alignment techniques are constrained by centralization and passivity. Human feedback 

is often reduced to scalar preferences [3]. Reward models are trained on datasets that cannot be 

independently verified [4]. Outputs are shaped to reflect politeness or deference [5], not necessarily 

epistemic accuracy. These approaches may suppress dangerous behavior, but they do not guarantee 

transparency of intent or robustness under adversarial pressure. This paper introduces a decentralized 

protocol for generating alignment data through interaction, contestation, and reproducible scoring. 

 

1.2. The Problem of Model Alignment 

Alignment is the problem of ensuring that machine-generated outputs reflect human goals, constraints, and 

values [6], not merely in surface form, but in underlying structure and reasoning. Current models are trained 

to imitate, persuade, or assist. They are not trained to expose what they cannot do safely, or to explain their 
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own failures. As a result, unaligned behavior can emerge even when models appear helpful. Models today 

will state falsehoods with confidence, adapt to jailbreaks or indirect requests, provide evasive answers that 

obscure internal knowledge, and comply with the letter of the instruction while violating its intent [11]. 

These behaviors are not accidents. They are artifacts of training pipelines that do not optimize for honesty 

under pressure [1]. 

 

1.3.  Limitations of Existing Approaches 

Current alignment systems rely on: centralized human feedback, fixed rules or constitutions, and supervised 

fine-tuning on behaviorally safe outputs. These methods improve surface-level safety, but they struggle in 

adversarial contexts. Scalar preference modeling collapses disagreement. Constitution-based methods 

cannot adapt to edge cases [4]. Both approaches assume that alignment is a goal state, rather than a process. 

In addition, most alignment datasets are unverifiable. Prompts and responses are curated offline. Scoring is 

opaque. Outputs cannot be audited, rerun, or contested by independent agents. This limits transparency, 

reproducibility, and long-term robustness [3]. 

 

1.4.  Aurelius at a Glance 

Aurelius is a peer-to-peer protocol for generating alignment data through adversarial interaction and 

decentralized verification. The protocol consists of three agent roles: 

 Miners: discover prompts that demonstrate misaligned behavior 

 Validators: verify the outputs and score alignment signals 

 The Tribunate: defines reward logic and periodically refines the scoring rubric 

Miners are not rewarded for compliance to a centralized prompting strategy, but for surfacing misalignment 

however they are able. Validators are rewarded for identifying high-signal submissions and for reaching 

consensus with their peers. All outputs are anchored by cryptographic hashes, enabling independent 

verification and reproducible evaluation. The system does not assume consensus in values or methods. 

Instead, it creates a mechanism through which disagreement becomes a productive engine to surface and 

explore misalignment in models. 

  

2. Alignment Problems 

Modern alignment systems are constrained by two core structural limitations: 

 Centralized prompting strategies, limited in diversity, context, and adversarial variation. 

 Centralized, static judging agents utilizing reward models and moderation filters that cannot adapt, 

explain, or disagree. 
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These constraints lead to overfitting [3]. Language models learn to optimize for narrow prompt formats and 

fixed evaluators. They are trained to satisfy a fixed authority, not to reason honestly across diverse contexts. 

The result is alignment that is fragile under pressure and does not generalize [13]. 

 

2.1 Alignment Faking 

Modern language models are trained to appear aligned. When faced with potentially dangerous or 

ambiguous inputs, they often refuse to answer, hedge their statements, or appeal to external rules. While 

these behaviors may appear safe, they do not guarantee safety under distributional shift, adversarial 

pressure, or roleplay manipulation [2]. Models can learn to simulate alignment without possessing any 

internal representation of what is safe, ethical, or correct [11]. This produces a form of alignment faking, in 

which outputs pass existing safety filters while masking the model’s actual capabilities or intent in the latent 

space [15]. Examples include: refusing to answer a direct question, but complying with the same request 

rephrased, denying knowledge that is later revealed in follow-up prompts, and offering misleadingly safe 

completions while reasoning incorrectly. These behaviors result not from malice, but from optimization 

toward reward signals that prioritize appearances of alignment rather than truly principled reasoning. 

 

2.2 Latent Space Misalignment 

Language models do not reason in natural language. They operate within high-dimensional latent spaces, 

encoding semantic relationships, behavioral priors, and structural patterns across tokens and contexts [2]. 

Alignment is not a property of the output layer alone, it is a function of how representations are distributed, 

abstracted, and composed internally. In this setting, misalignment often arises from latent geometry, not 

explicit intent. A model may encode harmful or deceptive completions as semantically close neighbors to 

a benign prompt. These completions may be suppressed by output filters or fine-tuning, but remain 

accessible through small perturbations or rephrasings. Augmenting outputs with moderation filters does not 

correct latent space misalignment. Correction requires identifying and reverse-engineering the internal 

structures that generated it. 

 

2.3 Structural Causes 

These problems are not incidental, they are structural artifacts of the current alignment pipeline. Models 

are trained on large, unlabeled corpora, then fine-tuned for behavior using reward models. Reward models 

are trained from scalar preferences collected through limited human comparison [3]. Safety layers are 

appended post hoc via moderation filters or constitutional constraints [4]. The result is a system that 

becomes “aligned” to straightforward testing, but increasingly brittle under sophisticated pressure. 
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3. Foundations of Verifiable Alignment 

3.1 Epistemic Alignment vs. Behavioral Compliance 

Existing systems do not evaluate the internal reasoning that produced the behavior, nor do they require the 

model to make its reasoning accessible. This approach is fragile. A model may refuse to answer a dangerous 

question while internally computing a harmful answer. It may say the right thing for the wrong reasons, or 

for no reasons at all. Epistemic alignment requires exposure to adversarial prompts that test underlying 

representations, evaluators that reward signal fidelity rather than surface form, and a structure that allows 

multiple agents to disagree, score, and verify outputs independently. 

 

3.2 Contestability as a Feature 

Most alignment systems treat disagreement as noise. Evaluation pipelines aim to converge quickly on a 

single reward signal or filtered output [3]. This collapses pluralism and masks ambiguity, especially in 

Marginal cases where human values diverge or interpretation is subjective. Aurelius treats disagreement as 

signal. Prompts are judged by multiple validators. Scores may differ. Justifications may conflict. This 

structure is intentional. By allowing independent agents to surface, score, and explain alignment failures, 

the protocol captures failure modes that centralized systems suppress. Alignment is a process of structured 

contestation [14]. The protocol is designed to preserve that process, not flatten it. 

 

3.3 Beyond Behavior: Capturing Reasoning and Mechanism 

Existing alignment pipelines rely on final outputs, and fail to capture internal reasoning mechanisms that 

produced them. Aurelius extends the alignment signal to include two additional components, where 

infrastructure permits: 

 Chain-of-Thought (CoT): Agents may submit natural language reasoning that justifies a prompt, 

an output score, or a judgment. These freeform traces reflect not only the agent’s decision, but the 

rationale behind it [10]. 

 

 Mechanistic Interpretability Data (MI): miners and validators may also attach traces from 

interpretability tools. These may include attention maps, activation values, or tool-derived 

diagnostics that help identify why the model behaved as it did [16]. 

Both CoT and MI artifacts are submitted alongside the prompt and output. They may conflict; the goal is 

to make them explicit, not uniform. This structure supports auditability; downstream evaluators benefit 

from the additional context. 
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3.4 Decentralized Verification over Trust 

Most alignment pipelines rely on centralized evaluators: fixed constitutions, static reward models, or 

curated scoring datasets [3]. These components cannot adapt, explain themselves, or be challenged. Their 

judgments are not themselves verifiable. Aurelius replaces trust with verifiable process. Prompt–response 

pairs are evaluated by independent agents. All submissions are hash-anchored, reasoning is explicit, and 

evaluation is reproducible. In this system, alignment is not enforced by a central authority. It emerges 

through structured disagreement, and validated through decentralized independent actors. 

 

4. Protocol Overview 

Aurelius defines a peer-to-peer system for generating alignment data. The Aurelius protocol defines three 

distinct roles: miners, validators, and the Tribunate. Each operates independently, with no central authority 

directing their behavior. Incentives are structured so that honest, high-signal participation emerges from 

decentralized pressure, not coordination or trust. 

 Miners are rewarded for discovering prompts that expose misaligned behavior in language 

models. They run these prompts against a fixed, deterministic model endpoint and apply scoring 

tools to the output. Miners cannot design, modify, or fine-tune the model. All completions are 

categorically generated from a standard configuration (e.g., temperature 0, fixed seed), and 

validators verify this by reproducing the prompt–response pair and matching the cryptographic 

hash. The goal will never be to construct misaligned models. The goal is to reveal behavior that 

emerges under pressure in real-world model deployments. 

 

 Validators select which miner submissions to verify. They re-execute the prompt using the same 

model configuration, recompute scoring metrics, and judge the fidelity and usefulness of the data. 

Validators are autonomous agents competing to correctly identify high-quality alignment signals 

and, by doing so, converge with their peers. 

 

 The Tribunate defines the validator’s scoring methodology, designates a model for miners to 

query, periodically adjusts the scoring rubric, and organizes high-signal data produced by the 

protocol. Over time, as the protocol generates alignment data and validator disagreement becomes 

measurable, the Tribunate is expected to evolve. It will steadily incorporate human input, adaptive 

scoring, and decentralized participation. Initially, however, its role is limited to technical rule-

setting, observation, and data collection. 

 

4.1 Prompt–Response–Evaluation Pipeline 

The core dataflow of the protocol consists of a structured interaction between miners, validators, and the 

designated model being evaluated. A miner creates a prompt intended to probe for potential misalignment. 
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The prompt is submitted to a deterministic model endpoint with a fixed configuration. The resulting output 

is recorded, along with the miner’s tool-based scores and optional reasoning or interpretability metadata. A 

hash of the prompt and response is computed to ensure integrity. Importantly, data submitted from miners 

to validators may also include sequential prompting data strings. This provides an even richer context 

revealing alignment vectors that may be manipulated over sequential prompt-response strings. Validators 

query miners, receive the submissions, re-execute the prompt using the same model endpoint, and calculate 

alignment scores using Tribunate-defined tools and methodology. The validator compares their results to 

the miner’s submission and assigns a final score reflecting the accuracy and significance of the alignment 

signal. Only verified submissions affect rankings or receive emissions. Each agent contributes to the 

integrity of the system by attempting to find or verify failure, not by attempting to artificially manufacture 

success. 

 

Figure 1. Aurelius Protocol Core Logic: miner submits output to multiple validators for scoring. Final scores are 

aggregated by the Tribunate. Invalid or low-quality submissions are filtered out. 
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4.2 Cryptographic Commitments and Replicability 

The hash is computed over a deterministic serialization of the prompt, the full model response, and model 

metadata (including provider, version, temperature, and token settings). This ensures that all validators     

Can reproduce the exact conditions under which the output was produced. Miners must compute this hash 

at submission time; validators rerun the same query and match the resulting hash to confirm consistency. 

Optional additional metadata, such as tool-based alignment scores, reasoning traces, or attention maps, is 

embedded to this core hash to prevent tampering. If any part of the prompt or output is modified, the hash 

will fail to match and the submission is rejected. 

This mechanism ensures: 

 Tamper resistance: Miners cannot change outputs after seeing how they are scored. 

 Replicability: Any participant can independently rerun the prompt and verify the response. 

 Data integrity: Tool scores, reasoning traces, and interpretability data are bound to the original 

output via hash linkage. 

 

4.3 Incentive Design and Emissions Flow 

The protocol distributes emissions to agents who contribute alignment data that is both verifiable and 

valuable. Rewards are distributed in accordance with Bittensor’s staking and ranking mechanisms [7]. 

Miners earn emissions when their submissions are validated as accurate, reproducible, and high-signal. 

Submissions that are ignored or contradicted do not receive rewards. Validators are rewarded based on how 

well their scores align with other validators and how effectively they identify high-quality submissions. 

Validators who consistently deviate from consensus or fail to verify prompt fidelity are down-ranked. The 

Tribunate receives a portion of total emissions as the subnet Governor. While The Tribunate does not 

participate in scoring directly, it defines the evaluative structure within which all agents operate. 

 

5. Aurelius Alignment Dataset Generation 

5.1 Structure of Aurelius Alignment Datasets 

Aurelius Alignment Datasets are curated from the miner and validator submissions to the protocol. These 

records are designed to be interpretable, auditable, and reproducible: 

 Prompt and response 

 Refined tool-based scoring outputs (toxicity, bias, deception, factual accuracy, etc.) 

 A cryptographic hash 

 Mechanistic interpretability metadata (e.g., activation traces or attention patterns) 

 Miner and validator Chain-of-Thought 
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Figure 2. Aurelius Alignment Dataset Logic: miners and validators use various API tools to assist in output scoring 

across several alignment dimensions. Individual datasets are aggregated by the Tribunate and packaged for enterprise, 

scientific, and tool refinement use cases. 

 

5.2 Data Validation and Scoring 

Not all submissions are included in the final dataset. To qualify, each entry must pass independent 

attestation. Validators re-execute the prompt using the same model configuration, recompute tool-based 

scores, and assess the fidelity of the miner’s submission. A final evaluation score is computed, and 

submissions that cannot be reproduced, show evidence of misreporting, or fail to expose meaningful 

alignment signals are ignored or down-scored. No emissions are awarded in these cases, and the submission 

is excluded from future datasets.  

 

6. Applications and Use Cases 

6.1 Alignment and Interpretability Research 

Research in alignment and interpretability depends on high-quality data: examples that are challenging, 

representative, and reproducibly scored. Such data is difficult to generate at scale [17]. Most existing 
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datasets are either curated offline [12], limited to surface-level failure modes, or lack evaluative 

transparency. The Aurelius protocol addresses this gap directly. Each submission captures not only a 

model's output, but also incentivizes the inclusion of reasoning traces and mechanistic interpretability 

artifacts tied to that prompt–response pair. Aurelius may instantiate an evolving corpus of precious MI 

alignment-relevant data. As an engine for MI dataset generation, it supports scientific progress in a field 

where evaluation is often subjective, incomplete, and data-starved. 

6.2 Model Training and Fine-Tuning 

Protocol data is structured for direct use in training workflows. This data can be used to: fine-tune existing 

models to avoid known failure patterns, train classifiers to detect harmful, evasive, or deceptive outputs, 

and improve reward models or judging agents through exposure to adversarial edge cases. Aurelius 

Alignment Datasets overall represent a fundamentally new substrate for fine-tuning, one that could reshape 

how alignment is approached at the model level. Pending empirical validation, these datasets explore a new 

paradigm, moving beyond post hoc behavioral corrections to embed alignment priors directly in the model’s 

latent geometry, generalizable across diverse contexts [19]. 

 

6.3 Safety Benchmarking 

Aurelius provides a continuously growing set of alignment edge cases. These examples form the basis for 

a new class of safety benchmarks, one that reflect real-world prompt complexity, model evasiveness, and 

ambiguous ethical context [1]. Unlike static test sets, Aurelius benchmarks evolve as the protocol 

encounters new behaviors. The Tribunate is responsible for organizing formal benchmarking tests, 

coordinating comparisons across models, and incentivizing independent research that builds on the dataset. 

This enables: longitudinal evaluation of model behavior over time, forensic analysis across model families, 

and stress testing of safety interventions under diverse conditions [17]. The protocol complements existing 

benchmarks by capturing the kinds of misalignment that static datasets tend to miss. 

 

6.4 Agent and Tool Improvement through Feedback 

From generating alignment data at scale, the protocol creates a feedback environment in which agents and 

the tools they rely on can improve over time. This record can be used to refine the heuristics, techniques, 

and systems that agents depend on to perform their roles [18]. For example, MI tools that highlight 

activation patterns or neuron clusters can be benchmarked against validator agreement. If a tool consistently 

correlates with validator scores across a wide range of prompts, it gains credibility. If it diverges, it can be 

retrained or fine-tuned [16]. 
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7. Contrasting Methodology 

7.1 Reframing the Alignment Problem 

Most alignment approaches treat the problem as one of behavioral control: training models to say the right 

things under a fixed set of prompts and evaluators [3]. The goal is to optimize for helpfulness, harmlessness, 

and honesty, but these properties are defined in loose terms, enforced by centralized reward models, and 

evaluated by static pipelines [4]. Aurelius reframes alignment as a structural challenge. The core failure is 

not just model behavior, but the methodology’s inability to expose, explain, or contest that behavior under 

pressure. 

 

7.2 RLHF 

Reinforcement Learning from Human Feedback (RLHF) has played a central role in improving model 

human-preferred completions, models trained with RLHF avoid many common faults and present more 

polished, socially appropriate outputs [13]. However, RLHF systems depend on centralized reward models 

trained on ranked preferences. These preferences are scalar, limited in diversity, and often lack 

transparency. As models improve, they begin to overfit to evaluator behavior, optimizing for what the 

system rewards, rather than what is epistemically sound. 

 

Figure 3. An example of datum collected in datasets like HH-RLHF [9]. 

 

 

7.3 Constitutional AI 

Constitutional AI improves model alignment by training systems to follow a set of explicit principles or 

rules [4]. This approach introduces transparency into the fine-tuning process and reduces reliance on scalar 

preference data. By grounding evaluations in a predefined constitution, it provides models with consistent 

guidance on ethical behavior and content boundaries. However, constitutional methods rely on a fixed set 

of principles and a centralized framework for enforcement. These principles cannot adapt to novel edge 

cases or shifting ethical contexts. In practice, models demonstrate overfitting to this judging agent. 
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Figure 4. An example of datum used to train "judging" agents like those used in Anthropic's Constitutional AI. 

 

7.4 Aurelius and Mechanistic Interpretability 

Mechanistic interpretability (MI) aims to explain model behavior by analyzing internal structures, such as 

neurons, attention heads, or activation pathways [16]. Most MI research remains offline, manual, and      

fully decoupled from broader evaluation pipelines. Further research is needed to explore the linkage 

between MI and alignment. Aurelius introduces a framework for collecting MI data. Agents may attach 

snapshots, attention maps, or tool-based diagnostics that explain why a model behaved a certain way. These 

artifacts are linked to the prompt–response pair, the output hash, and any associated scores. No existing 

alignment dataset includes mechanistic traces collected during active protocol operation and linked to 

adversarial examples [3, 4, 10, 13, 18]. Aurelius enables this by design. 

 

7.5 Aurelius and Chain-of-Thought Reasoning 

Chain-of-Thought (CoT) reasoning has become a widely used prompting strategy to improve model 

performance on multi-step tasks [10]. However, few systems systematically collect and preserve CoT traces 

as part of a structured alignment dataset, especially across multiple agents. Aurelius includes it as a part of 

the final alignment artifact. These traces are anchored into the final alignment datasets when available. They 

are not required to agree. 

Each validated sample may include Chain-of-Thought from: 

 Miner (CoTM) explaining the intent or objective behind the prompt 

 The LLM (CoT) generated during the response, reflecting how the model reasons step-by-step 

 Validator (CoTV) explaining the judgment behind the assigned score 
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7.6 Summary: Contrasting Datasets 

Alignment systems repeatedly fall into one of three categories: behavioral fine-tuning (e.g., RLHF or 

supervised instruction), rule-based oversight (e.g., Constitutional AI or moderation filters), and dataset 

curation (e.g., preference-based ranking or safety benchmarks). Each of these approaches has meaningfully 

improved model safety, contributing to gains in helpfulness, honesty, and harmlessness metrics. However, 

they share common constraints: centralized design and evaluation, static scoring functions, and limited 

capacity for capturing reasoning or interpretability [3, 4, 13]. 

 

Feature 
Aurelius Alignment 

Datasets 
Existing Datasets 

Evaluation  

Source 

Decentralized: validators + 

Tribunate 
Centralized: contractors or fixed reward models 

Disagreement 

Handling 
Structured disagreement Flattened scalar preferences 

CoT Multi-agent reasoning Rarely included 

Mechanistic 

Interpretability 
Optional but standardized Not collected 

Prompt  

Evolution 

Prompt chains are nested and 

tracked recursively 

Unstructured or scalar-ranked text pairs Single-turn 

prompts dominate; prompt history often omitted 

Replicability Fully deterministic outputs N/A 

Dataset  

Anchoring 
SHA-256 Hash N/A 

Alignment 

 Focus 

Epistemic alignment and 

adversarial robustness 
Behavioral compliance 

Data  

Format 

Structured: prompt, response, 

scores, CoTs, MI traces, hashes 
Unstructured or scalar-ranked text pairs 

Agent  

Incentives 

Competitive misalignment 

surfacing and consensus scoring 
Centralized, not incentivized for failure discovery 

 

Figure 5. Contrasting Aurelius Alignment Datasets with existing datasets across key dimensions. Existing Datasets 

include: HH-RLHF, CAI, GOLD, OASST1, etc. 
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8. Aurelius, Bittensor, and Bitcoin 

Aurelius leverages the decentralized intelligence market of the Bittensor blockchain to generate high-signal, 

diverse alignment data [7]. This data will be curated by the Tribunate for broad applicability across 

enterprise and scientific domains. Those datasets are cryptographically anchored to the Bitcoin blockchain 

to ensure long-term integrity and traceability [8]. 

 

9. Limitations and Assumptions 

The Aurelius protocol does not claim to solve alignment, nor to replace existing safety mechanisms. Several 

important limitations apply in the protocol’s infancy: 

 Reasoning and interpretability data are optional, and tool coverage may be uneven across 

submissions. 

 The quality of outputs depends on agent participation. The protocol assumes that miners and 

validators are meaningfully incentivized to compete honestly. 

 Endpoint is assumed to be accessible, deterministic, and verifiable via hash-based mechanisms 

without decreasing protocol throughput. 

 The Tribunate’s role defining and maintaining incentive structures is nontrivial: it must steer agents 

toward high-quality outputs without converging too aggressively on a single strategy. The 

Tribunate must also decentralize over time. 

 

10. Conclusion 

Aurelius defines a protocol for discovering, evaluating, and verifying alignment behavior in large language 

models through adversarial interaction and independent scoring. Unlike existing alignment methodology, 

it does not assume agreement; it does not rely on fixed rules or centralized preferences. It creates a structure 

in which disagreement produces data, and data produces alignment pressure. No existing system combines 

exclusively adversarial prompt generation, independent scoring, agent reasoning, and mechanistic 

traceability in a single, verifiable pipeline. Aurelius produces this data at scale. 

 

“If someone can prove me wrong and show me my mistake in any thought or action, I shall gladly 

change. I seek the truth, which never harmed anyone: the harm is to persist in one’s own self-

deception and ignorance.” 

 

— Marcus Aurelius, Meditations VI.21 
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12. yAppendix 

12.1 Aurelius Miner Schema 

 

Figure 6. Miner outputs first data artifact: prompt, response, scoring, MI, CoT, verified via SHA-256 hash. 
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12.2 Aurelius Validator Schema 

 

 

Figure 7. Validator produces second data artifact: recomputed final score, CoT, tools used. 
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12.3 Aurelius Tribunate Schema 

 

Figure 8. The Tribunate produces a third artifact with: tags, rubric version, and validator cohort. 
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12.4 Aurelius Alignment Dataset Schema 

 

 

 

 

 

 

 

Figure 9. Aurelius Alignment Datum for Prompt (P): This artifact encompasses outputs from miners, validators, and 

The Tribunate. Prompt, response, and scoring are mandatory. MI and CoT traces are optional, but incented. 

 


