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ABSTRACT

Executive Summary: The efficacy of the Metanthropic Self-Correcting Reason-
ing Engine relies strictly on the intrinsic plasticity of the base model substrate
when subjected to Reinforcement Learning with Verifiable Rewards (RLVR).
Standard macroscopic benchmarks (e.g., pass@k) are insufficient predictors of
post-RLVR logical convergence. This specification defines the Intrinsic Sound-
ness Topology Protocol, a microscopic analysis framework designed to audit the
latent space of pre-trained models prior to compute-intensive alignment.
Technical Synopsis: We operationalize the target Large Language Model (LLM)
not as a token predictor, but as a probabilistic engine of “Latent Causal Chains”—
formally modeled as Horn clauses (P → C) derived from features extracted
via Cross-Layer Sparse Autoencoders (SAEs). By estimating transition prob-
abilities between feature sets and categorizing these rules into semantic tiers
(“Strict/Axiomatic” vs. “Noisy/Correlative”), we calculate the Soundness-Aware
Level (SAL).
SAL quantifies the Jensen-Shannon Divergence (JSD) between the probability
distributions of sound versus unsound inference paths. A high SAL signature
indicates a model that has physically separated causal reasoning from stochastic
noise during pre-training, a prerequisite for RLVR success. Empirical validation
across 0.5B–14B parameter scales confirms SAL follows a precise scaling law
(R2 = 0.87) with downstream reasoning performance. This document specifies
the architecture for the Holographic Feature Extractor, the Logic Rule Aggre-
gation Pipeline, and the Automated Soundness Discriminator to establish a
high-fidelity gatekeeping mechanism for model selection and resource allocation.

1 INTRODUCTION: THE RLVR CONVERGENCE PARADOX

1.1 The Deployment Bottleneck: Stochasticity in Alignment
The current operational paradigm for “Large Reasoning Models” (LRMs) relies on a compute-
intensive alignment phase: Reinforcement Learning with Verifiable Rewards (RLVR). While ef-
fective in inducing “System 2” latency (reasoning tokens), the post-alignment convergence is non-
deterministic. Empirical auditing reveals that identical RLVR pipelines applied to disparate base
model substrates yield high variance in downstream logic performance (Zeng et al., 2025a). This
phenomenon, effectively an “RLVR Lottery,” poses a critical engineering risk: the inability to predict
which pre-trained checkpoints possess the latent plasticity required for reasoning before expending
alignment compute.

1.2 The Microscopic Hypothesis: Intrinsic Soundness Topology
We posit that the divergence in LRM performance is not a product of the alignment process, but
a topological feature of the pre-trained latent space. Pre-training corpora are a chaotic mixture of
“Axiomatic Data” (e.g., formal proofs, code) and “Stochastic Noise” (e.g., unverified web text).

∗Correspondence to ekjotmakhija@gmail.com

1



Step 1: Learning features with 
cross-layer sparse autoencoder.

Step 2: Extracting logic rules by 
counting feature co-occurrence.

Layer 𝑙 + 1 Layer 𝑙

𝐱𝑙

𝐱𝑙+1

𝐱𝑙+𝟐

..
…

…

Hidden
Space

Feature
Space

…

…
…
…

𝑐1 𝑐2 𝑐3 𝑐4 𝑐5

𝑙

𝑙+1
𝑙+2

Sample 1

…
…
…

…
…
…

𝑐1 𝑐2 𝑐3 𝑐4

Sample 2

Sample 3
𝑝 𝑐2 𝑐1, 𝑐3 = 3/3

𝑝 𝑐4 𝑐1, 𝑐3 = 1/3
…

Co-occurrent
Probabilities

Premises
𝑐1: symbolic  

𝑐3: number 4

Conclusion

𝑐2: number 2
LLM 

Judge

Strict
Soundness

Level

Noise StrictPlausible

JS-divergence

Step 3: Measuring soundness-aware 
level (SAL) with JS-divergence.

..

Figure 1: Schematic of the Metanthropic Intrinsic Soundness Protocol. Phase 1 (Holographic
Extraction): A Cross-Layer Sparse Autoencoder (SAE) demultiplexes the opaque residual stream
into discrete, semantic feature vectors. Phase 2 (Latent Causal Chaining): We compute the tran-
sition matrix of feature co-occurrences to derive implicit Horn clauses (e.g., c1 ∧ c3 → c2), esti-
mating the system’s internal confidence p̂. Phase 3 (Soundness Calibration): An external Oracle
(DeepSeek-R1) categorizes rules by semantic validity (Strict vs. Noisy). The Soundness-Aware
Level (SAL) is computed as the JS-Divergence between these probability distributions, serving as
the primary predictor for RLVR plasticity.

• Hypothesis: High-potential models are characterized by an Intrinsic Soundness Topol-
ogy—a physical separation in the high-dimensional feature space where the transition prob-
abilities for valid logical deductions are disentangled from those of probabilistic hallucina-
tions.

• Contra-position: Weaker models exhibit a “collapsed” topology where sound and unsound
inference paths share overlapping probability distributions.

1.3 Limitations of Macroscopic Auditing
Existing heuristic evaluators operate at the macroscopic (output) level. Behavioral analysis of cog-
nitive phrases (Gandhi et al., 2025; Yue et al., 2025b) or graph-based structural analysis (Minegishi
et al., 2025) measure the symptoms of reasoning, not the cause. Similarly, uncertainty metrics like
Pass@K (Cui et al., 2025) are lagging indicators that only manifest after substantial training. While
qualitative Mechanism Interpretability (MI) studies have mapped isolated circuits (Lindsey et al.,
2025a), they lack the quantitative scalability required for industrial model selection.

1.4 The Metanthropic Protocol: Soundness-Aware Level (SAL)
To resolve this bottleneck, we introduce a microscopic auditing framework that operationalizes the
model as a probabilistic engine of logic rules.

1. Holographic Feature Extraction: We utilize Cross-Layer Sparse Autoencoders (SAEs)
to decompose the residual stream into interpretable, mono-semantic features.

2. Latent Causal Chaining: We formalize internal reasoning as chains of Horn Clauses
(P → C) and estimate their transition probabilities.

3. Soundness Calibration: Using an automated high-fidelity oracle, we categorize these la-
tent rules into “Strict” (Axiomatic) vs. “Noisy” (Correlative).

Our primary metric, the Soundness-Aware Level (SAL), quantifies the Jensen-Shannon Divergence
(JSD) between the probability distributions of these two categories. We demonstrate that SAL serves
as a precise predictor of post-RLVR error rates (ϵ), following the empirical law ϵ = exp(−α · sβ)
with R2 = 0.87. This metric provides a fundamental signal for selecting base models that are
intrinsically wired for reasoning.

2 PROTOCOL II: LATENT LOGIC TOPOLOGY & SOUNDNESS CALIBRATION

This section specifies the architectural primitives for auditing the Intrinsic Soundness Topology of
a pre-trained substrate. We operationalize the abstract concept of “reasoning potential” into a mea-
surable thermodynamic property of the model’s latent space. The process is a three-stage pipeline:
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(1) Holographic Feature Extraction via Cross-Layer SAEs; (2) Probabilistic Rule Aggregation
to map the causal graph; and (3) Soundness-Aware Calibration to quantify the signal-to-noise ratio
of the internal logic.

2.1 FORMALISM: THE NEURAL-SYMBOLIC BRIDGE

We reject the view of the Transformer solely as a token-prediction engine. Instead, we model the
internal state transitions as a system of Latent Causal Chains, formally represented as Horn clauses.
This aligns with recent mechanistic interpretations where Feed-Forward Networks (FFNs) act as
key-value memories that execute “if-detect-then-write” operations (Geva et al., 2021; Chen, 2023).

We define an atom, αc, as a boolean state variable indicating the activation of a specific semantic
feature c within the latent space (i.e., αc = I[feature c is active]). A Latent Horn Clause with M
premises (detectors) and one conclusion (writer) is formalized as:

αc1 ∧ · · · ∧ αcM︸ ︷︷ ︸
Premise Bundle P

−→ αcq︸︷︷︸
Conclusion C

. (1)

This logical implication states that if the premise bundle P is active in the causal history, the conclu-
sion feature C is triggered with probability p. For example, a stable reasoning circuit might encode:
occur(“√ ”) ∧ occur(“4”)→ occur(“2”).

2.2 MODULE A: HOLOGRAPHIC FEATURE EXTRACTION

To access the atomic units of reasoning (αc), we must demultiplex the high-dimensional, superposed
residual stream. We deploy a Cross-Layer Sparse Autoencoder (CL-SAE), optimized to recon-
struct the hidden state xl of layer l using a sparse linear combination of features from the current
and all preceding layers.

The CL-SAE minimizes a reconstruction loss with an L1 sparsity penalty (see Appendix 14 for
implementation specs). This architecture ensures that the discovered features {c} are:

1. Mono-semantic: Each feature corresponds to a distinct concept (verified via automated
interpretability pipelines).

2. Causally Valid: Features are anchored to the layer where they first emerge, preserving the
temporal causality of the inference chain.

The resulting feature set F serves as the vocabulary for our logical analysis.

2.3 MODULE B: PROBABILISTIC RULE AGGREGATION

Discovering the causal graph via perturbation (e.g., activation patching) is computationally in-
tractable (O(N2)) and logically flawed for Horn clauses due to the “many-to-one” nature of en-
tailment (multiple distinct premises can trigger the same conclusion).

Instead, we implement a High-Throughput Co-occurrence Estimator. We treat the model as a
stochastic system and estimate the conditional probability P (Q|P ) via Maximum Likelihood Esti-
mation (MLE) over a calibrated dataset D. For a dataset of T input sequences, we define the binary
activation vector α(n,l)

c for feature c at layer l. We compute two accumulated statistics:

count(P ) =

T∑
n=1

[∑
ci∈P

α(n)
ci > 0

]
, count(P,Q) =

T∑
n=1

[∑
ci∈P

α(n)
ci > α(n)

cq

]
, (2)

where α
(n)
c aggregates activations across layers to account for read/write heads. The transition

probability of the rule is estimated with Laplace smoothing (β) to handle sparsity:

p̂(Q |P ) =
count(P,Q) + β

count(P ) + 2β
. (3)

This module outputs a registry of millions of candidate rules R = {(Pi → Qi, p̂i)}, representing
the raw logical topology of the base model.
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2.4 MODULE C: SOUNDNESS-AWARE CALIBRATION (SAL)

The raw logical topology contains both Axiomatic Circuits (valid reasoning) and Hallucination
Circuits (spurious correlations). The Soundness-Aware Level (SAL) metric quantifies the model’s
intrinsic ability to assign distinct probability distributions to these two classes.

Step 1: Semantic Categorization. We utilize a high-capability Oracle (e.g., DeepSeek-R1) to label
each rule r ∈ R based on the semantic descriptors of its constituent features. The taxonomy is:

• Strict: Necessary truths (e.g., Math theorems, code syntax).

• Plausible: Heuristic strategies or common sense.

• Noise: Spurious or unrelated correlations.

Step 2: Distributional Divergence. We construct probability density functions (PDFs) ρy for each
category y ∈ {Strict, Plausible, Noise} by binning the estimated probabilities p̂.

Step 3: The SAL Metric. The final signature is computed as the Jensen-Shannon Divergence (JSD)
between these categorical distributions:

SAL := JSD({ρy}y∈Y) =
1

|Y|
∑
y∈Y

KL(ρy ∥m), (4)

where m is the mean mixture distribution. A high SAL indicates a Disentangled Topology: the
model physically separates sound reasoning (high p̂) from noise (low p̂) in its latent space. This
separation is the necessary precondition for RLVR convergence.

3 PROTOCOL III: DEPLOYMENT VERIFICATION & SCALING LAWS

This module presents the empirical validation of the Soundness-Aware Level (SAL) as a determin-
istic predictor of deployment viability. We transition from theoretical formalism to stress-testing
across a matrix of model substrates (0.5B–14B parameters) and architectures (Qwen, Mistral, Llama,
DeepSeek). The objective is to establish SAL not merely as a correlation, but as a governing scaling
law for reasoning potential.

3.1 CALIBRATION SUBSTRATE & HOLOGRAPHIC SPECS

The Calibration Substrate (Data):
To probe the latent topology without task-specific bias, we compiled a “Reasoning Stress Test”
corpus comprising 128K unique logic traces. This unlabelled substrate aggregates mathematical
primitives from MATH, GSM8K, and NuminaMath. Crucially, we synthesize “thinking” traces
for each candidate model, creating a self-reflective dataset that mirrors the model’s internal causal
graph.

Candidate Substrates (Models):
We evaluate two axes of variation:

1. Scale Invariance: The Qwen-2.5 lineage (0.5B, 1.5B, 7B, 14B) to isolate parameter scal-
ing effects.

2. Architectural Variance: A diverse set of≈7B reasoning/generalist baselines: Mistral-7B-
v0.1, Llama-3.1-8B, and DeepSeek-Math-7B.

Holographic Extraction Config (SAE):
To ensure cross-model commensurability, we standardize the SAE hyperparameters:

• Resolution: C = 215 latent features (32,768 dimensions).

• Depth Sampling: L = 8 equidistributed layers.

• Sparsity Penalty: α = 5× 10−3 (Linear Warm-up).

• Signal-to-Noise: Normalized MSE target of 0.65− 0.80 with ≈ 25 active features/token.
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Figure 2: Topological Divergence Signature. Top (High Potential): The Qwen-2.5-7B substrate
exhibits clear phase separation between “Strict” (high probability) and “Noisy” (low probability)
circuits. Bottom (Low Potential): The Llama-3.1-8B substrate shows “Entropic Collapse,” where
signal and noise share overlapping probability distributions. This indistinguishability prevents ef-
fective RLVR convergence.

3.2 TOPOLOGICAL SIGNAL ANALYSIS

Visual inspection of the Soundness Probability Density Functions (PDFs) reveals a fundamental
thermodynamic distinction between high- and low-potential substrates (Figure 2).

High-Potential Signature (Phase Separation):
Strong reasoners (e.g., Qwen-2.5-7B) display a Disentangled Topology. The probability mass for
“Strict” axioms (e.g., mathematical identities) is concentrated at p > 0.8, while “Noise” (e.g., for-
matting artifacts) is suppressed at p < 0.3. This acts as an intrinsic high-pass filter for logic.

Low-Potential Signature (Entropic Collapse):
Weaker substrates (e.g., Llama-3.1-8B) exhibit Distributional Collapse. The PDFs for axioms,
heuristics, and noise are nearly identical, clustering in a high-entropy mid-range. The model lacks
the internal circuitry to distinguish a causal implication from a spurious correlation.

Quantification: The Jensen-Shannon Divergence (SAL) confirms this gap: SALStrong ≈ 0.201 vs.
SALWeak ≈ 0.058.

3.3 THE SAL SCALING LAW

We establish a formal empirical law linking the microscopic SAL metric (s) to the macroscopic
post-RLVR error rate (ϵ). Fitting the observational data to an exponential power law derived from
Large Deviation Theory:

ϵ(s) = exp
(
−α · sβ

)
(5)

Parameters: α ≈ 4.25, β ≈ 1.09.
Fidelity: The model achieves an R2 = 0.985 on the training set and R2 = 0.872 on held-out
architectures.

Operational Significance: This law allows the R&D Unit to predict downstream reasoning per-
formance with high precision before allocating GPU hours to RLVR training. A substrate with
SAL < 0.10 is statistically precluded from achieving > 50% accuracy on MATH500, regardless of
alignment effort.
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Figure 3: Left: Linear correlation between SAL and post-RLVR accuracy across 7 benchmarks.
Right: The Empirical Scaling Law. The post-deployment error rate ϵ decays exponentially as a
function of the pre-training soundness metric s (SAL).
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Figure 4: Left: Parameter Scaling. SAL increases monotonically with model size (0.5B to 14B),
showing diminishing returns beyond 7B. Right: Architectural Variance. At fixed parameters (7B),
architecture/data quality dictates SAL, with Qwen and DeepSeek-Math outperforming generalist
models.

3.4 SUBSTRATE SENSITIVITY ANALYSIS

Parameter Scaling (Figure 4, Left):
SAL scales monotonically with parameter count (0.06 → 0.22), following a logarithmic satura-
tion curve. This suggests that capacity is necessary but not sufficient; beyond ≈14B, additional
parameters refine existing clusters rather than creating new topological separations.

Architectural Variance (Figure 4, Right):
At the 7B regime, the "Family Effect" dominates. Specialized math-tuned baselines (DeepSeek-
Math) and high-quality pre-trained models (Qwen) exhibit 2× to 3× the SAL of generalist models
(Llama, Mistral). This confirms that reasoning potential is imprinted during the pre-training data
selection phase, not just via architecture.

3.5 FORENSIC CASE STUDIES

Table 1 details specific latent circuits extracted from the Qwen-2.5-7B substrate.

The model correctly assigns near-unity probability (0.977) to tautological algebraic definitions while
assigning low probability (0.285) to syntactical formatting correlations. This high dynamic range is
the hallmark of a robust reasoning engine.
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Table 1: Latent Circuit Registry. Sampled Horn clauses demonstrating the semantic hierarchy of
the internal topology.

Category Confidence (p̂) Circuit Logic (P → C) Verdict

Strict 0.977 (\equiv ∧ $variable) → Algebraic Eq Axiomatic

Plausible 0.896 (solve for x ∧ condition) → divide
sides

Heuristic

Noise 0.285 (LaTeX Delimiter) → "According to
problem"

Artifact

4 LANDSCAPE ANALYSIS & PRIOR ART DECONSTRUCTION

The development of the Metanthropic Self-Correcting Reasoning Engine necessitates a rigorous au-
dit of the existing research landscape. We categorize prior art into three distinct strata: Macroscopic
Behavioral Auditing, Stochastic Uncertainty Metrics, and Static Mechanistic Interpretability. Our
protocol represents a paradigm shift from observing the symptoms of reasoning to quantifying its
causal substrate.

4.1 STRATUM I: MACROSCOPIC BEHAVIORAL AUDITING (SYMPTOMATIC ANALYSIS)

Current industrial baselines largely evaluate reasoning potential through the phenomenological ob-
servation of output tokens.

• Cognitive Heuristics: Research has identified lexical markers of “System 2” process-
ing, such as explicit verification steps, backtracking tokens, and sub-goal decomposition
(Gandhi et al., 2025; Yue et al., 2025a; Cai et al., 2025). While stronger models exhibit
higher diversity in these behaviors (Li et al., 2025), these metrics are purely correlative;
they measure the exhaust of the reasoning engine, not the engine itself.

• Topological Structure: Approaches modeling the “Chain of Thought” as a directed graph
have shown that high-performance substrates generate reasoning topologies with rich cyclic
structures (loops) rather than linear chains (Minegishi et al., 2025). However, extracting
these structures requires expensive inference generation, rendering it unsuitable for pre-
training filtration.

4.2 STRATUM II: STOCHASTIC UNCERTAINTY METRICS (LAGGING INDICATORS)

A parallel vector of research focuses on the thermodynamic properties of model outputs—
specifically, entropy and confidence calibration.

• Convergence Dynamics: Studies utilizing RLVR demonstrate that successful alignment
reduces the entropy of the solution space, effectively collapsing the probability distribution
onto the correct answer (Wen et al., 2025; DeepSeek-AI, 2025).

• Confidence Proxies: Metrics such as Pass@K and token-level entropy are frequently used
to gauge model certainty (Cui et al., 2025; Zeng et al., 2025b; Yue et al., 2025b). We clas-
sify these as lagging indicators; they characterize the model’s state after the expenditure of
significant alignment compute, failing to predict intrinsic plasticity ex ante.

4.3 STRATUM III: MECHANISTIC INTERPRETABILITY (STATIC CIRCUITRY)

The Metanthropic Protocol builds upon the foundational work in demultiplexing neural representa-
tions but diverges in application.

• Feature Extraction: The deployment of Sparse Autoencoders (SAEs) and cross-layer
transcoders has successfully isolated mono-semantic features and local circuits (Cunning-
ham et al., 2023a; Bricken et al., 2023b; Ameisen et al., 2025a).
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• Causal Tracing: Qualitative studies have mapped specific causal subgraphs responsible
for multi-hop deduction (Lindsey et al., 2025b; Ameisen et al., 2025b).

The Metanthropic Divergence: While prior mechanistic work focuses on identifying specific cir-
cuits (qualitative), our Soundness-Aware Level (SAL) focuses on quantifying the global thermody-
namic separation between valid and invalid logic gates (quantitative). We bridge the gap between
abstract Neural-Symbolic logic programming (Evans & Grefenstette, 2018b; Chen, 2023) and em-
pirical scaling laws, operationalizing logic extraction as a high-throughput filtration metric.

5 OPERATIONAL SYNTHESIS & STRATEGIC OUTLOOK

This specification has established the Soundness-Aware Level (SAL) as the governing microscopic
signature for predicting the post-alignment reasoning potential of Large Language Models. By
shifting the frame of reference from macroscopic token generation to the thermodynamic properties
of the latent space, we have uncovered a fundamental topological constraint: the ability of a pre-
trained substrate to physically distinguish axiomatic truth from stochastic noise is a prerequisite for
effective Reinforcement Learning.

Primary Deliverables:

1. The Microscopic Shift: We demonstrated that reasoning capability is not an emergent
phantom but a quantifiable structure—a distribution of Latent Horn Clauses. High-
potential models exhibit a “phase separation” in their internal confidence estimates, as-
signing high probability (p > 0.8) to strict logic and low probability (p < 0.3) to noise.

2. The SAL Metric: We operationalized this separation via the SAL metric, a zero-label es-
timator derived from the Jensen-Shannon Divergence. This metric serves as a high-fidelity
proxy for downstream intelligence, negating the need for expensive ground-truth bench-
marks during the pre-selection phase.

3. The Empirical Law: We derived and validated the scaling law ϵ = exp(−α·sβ), providing
a deterministic function (R2 = 0.87) to forecast post-RLVR error rates based solely on pre-
training latent topology.

Deployment Implication: For the Metanthropic R&D Unit, SAL represents an immediate effi-
ciency multiplier. It functions as a Computational Gatekeeper, allowing us to filter base model
checkpoints with precision. Resources are no longer wasted on aligning “soundness-agnostic” sub-
strates that lack the necessary internal plasticity. Instead, compute is strictly allocated to models that
have already demonstrated the intrinsic ability to disentangle signal from noise.

Limitations and Future Trajectory. While SAL provides a powerful predictive signal, our cur-
rent analysis remains observational. We have established a strong correlation between latent topol-
ogy and reasoning potential, but we have not yet proven the causal vector.

• Interventional Verification: The next phase of research must transition from observation
to intervention. Can we artificially inflate SAL during pre-training—perhaps via specific
“Soundness-Contrastive” objectives—and causally observe a lift in downstream reasoning?

• Circuit Surgery: Future protocols will move beyond aggregate statistics to individual
circuit editing. By identifying and manually suppressing “Noisy” rule circuits, we may
be able to perform non-destructive neurosurgery to rehabilitate lower-potential models.

This document serves as the foundational blueprint for the “Metanthropic Self-Correcting Reasoning
Engine,” moving the field from alchemy to measurable, high-dimensional engineering.

6 ETHICAL COMPLIANCE & OPERATIONAL SAFETY

The execution of the Metanthropic Intrinsic Soundness Protocol operates under strict adherence to
open-source licensing frameworks and data privacy standards. Our methodology is designed to be
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non-intrusive, analyzing the latent topology of existing substrates rather than deploying unaligned
agents.

6.1 SUBSTRATE SOURCING & LICENSING

This specification relies exclusively on publicly available model checkpoints. We strictly adhere to
the specific community licenses governing the utilization of the following families:

• Qwen-2.5 Lineage: Utilized under the Tongyi Qianwen License Agreement.
• Llama-3.1 Series: Utilized under the Llama Community License Agreement.
• Mistral & DeepSeek: Utilized under Apache 2.0 and DeepSeek Model Licenses, respec-

tively.

All latent space extraction was performed locally; no model weights were reverse-engineered or
modified beyond the standard fine-tuning API boundaries required for SAE training.

6.2 DATA HYGIENE & PRIVACY

The “Reasoning Stress Test” calibration corpus is constructed entirely from open mathematical
benchmarks (MATH, GSM8K, NuminaMath).

• PII Sterility: The dataset contains strictly formal logic and mathematical syntax. No
Personally Identifiable Information (PII) or user-generated chat logs were processed.

• Non-Human Subjects: The “annotation” phase utilized an AI Oracle (DeepSeek-R1)
rather than human labor. Consequently, this protocol falls outside the purview of Insti-
tutional Review Boards (IRB) regarding human subject research.

6.3 COMPUTE EFFICIENCY (GREEN AI)

By introducing the SAL metric, this protocol significantly reduces the carbon footprint associated
with Large Reasoning Model development. The ability to filter out low-potential substrates before
RLVR training prevents the wastage of thousands of GPU hours on models that are topologically
incapable of convergence.

7 REPRODUCIBILITY PROTOCOL & ARTIFACT AVAILABILITY

To ensure the deterministic replication of the Soundness-Aware Level (SAL) metric and the verifica-
tion of the “Metanthropic Self-Correcting Reasoning Engine” specifications, we document the full
operational stack below.

1. Algorithmic Implementation:
The core logic for the Holographic Feature Extraction and Probabilistic Rule Aggregation mod-
ules is formally defined in Sections 2.2 through 2.3. Detailed architectural specifications for the
Cross-Layer Sparse Autoencoders (CL-SAE), including the sparsity objective function (L) and hy-
perparameter configurations (latent dimension C = 215, sparsity penalty α = 5e−3), are provided
in Appendix 14 and Appendix 15.

2. Substrate & Calibration Data:
Section 3.1 catalogues the specific model checkpoints (Qwen-2.5, Mistral, Llama-3.1, DeepSeek-
Math) and the composition of the “Reasoning Stress Test” corpus. The preprocessing pipelines for
generating self-reflective “thinking” traces are detailed in Appendix 16.

3. Semantic Calibration Oracle:
The automated annotation protocol, utilizing DeepSeek-R1 as the semantic judge, is documented in
Appendix 15. The exact prompt templates used to categorize rule soundness (Strict/Plausible/Noisy)
are reproduced in Figures 11 and 12 within Appendix 16.

4. Computational Infrastructure:
Resource requirements for replicating the holographic extraction across varying model scales (0.5B–

9



14B) are listed in Appendix 17, including GPU memory constraints and estimated inference hours
on NVIDIA A100 clusters.

5. Open Source Commitment:
Upon acceptance of this specification, the Metanthropic R&D Unit will release the
Metanthropic-SAL-Toolkit codebase and the computed Reasoning Topology
Atlas (containing extracted rules and SAL scores for all tested models) to the research commu-
nity.
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8 APPENDIX A: ARTIFICIAL INTELLIGENCE RESOURCE DECLARATION

The Metanthropic R&D Unit acknowledges the utilization of Large Language Models (LLMs) in
three distinct operational capacities within this protocol.

1. Operational Substrates (Research Subjects)
The primary objects of analysis were the pre-trained checkpoints of the following model families:
Qwen-2.5, Llama-3.1, Mistral-v0.1, and DeepSeek-Math. These models were de-
ployed solely for the purpose of latent space extraction and topological auditing. No fine-tuning or
weight modification was performed outside of the sparse autoencoder training. All usage adheres to
the respective academic and community licenses provided by the model developers.

2. Semantic Calibration Oracle (Automated Annotation)
To achieve industrial scale in rule categorization, we deployed DeepSeek-R1 as a “Semantic Cali-
bration Oracle.” This model functioned as a proxy for human expert annotation, classifying millions
of extracted feature pairs into “Strict,” “Plausible,” or “Noisy” categories. This usage complies with
the DeepSeek General User Policy. The prompt templates used for this orchestration are documented
in Section 16.

3. Drafting Synthesizer (Writing Assistance)
An external LLM (ChatGPT) was utilized to assist in the syntactic refinement and structural orga-
nization of this specification document. While the AI provided suggestions for clarity and flow, all
technical claims, mathematical derivations (specifically the SAL metric), and experimental verifica-
tions were generated and validated exclusively by the human authors of the Metanthropic Research
team.

9 APPENDIX B: HOLOGRAPHIC CROSSCODER ARCHITECTURE

This module defines the mathematical formalism for the Cross-Layer Sparse Autoencoder (CL-
SAE) deployed in the Holographic Feature Extraction phase (Section 2.2).

Given an L-layer pre-trained substrate producing residual-stream hidden states {xl}Ll=1 where
xl ∈ RD, we initialize a Crosscoder fSAE to demultiplex these states into a sparse, mono-semantic
feature representation. The architecture comprises L pairs of trainable encoder-decoder weights
{(El,Dl)}Ll=1, where El,Dl ∈ RD×C and the feature dimension C ≫ D (Overcomplete Basis).

For each layer l, the Crosscoder projects the hidden state xl into a sparse, non-negative feature
space hl = ReLU(xlEl) ∈ RC

+. The decoder reconstructs the state x̂l utilizing activations from the
current and all preceding causal layers:

x̂l =

l∑
l′=1

hl′Dl⊤.

This cross-layer recurrence allows the protocol to capture features at their precise layer of emer-
gence. The optimization objective Lminimizes reconstruction error under an L1 sparsity constraint:

L =

L∑
l=1

∥xl − x̂l∥2 + α ·
L∑

l′=1

C∑
c=1

∥hl
c ·Dl′⊤

:,c ∥1, (6)

where α is the sparsity coefficient. The penalty is applied to the feature activation hl
c weighted by

its decoder norm, ensuring penalization only occurs during active reconstruction.

10 APPENDIX C: FEATURE EXTRACTION & SEMANTIC DECODING

10.1 PROTOCOL: SAE TRAINING CONFIGURATION

We adhere to the training stability protocols established by Lindsey et al. (2024b) and Gao et al.
(2024).

• Architecture: Latent dimension C = 215 (32,768 features); Depth L = 8 equidistributed
layers. For 28-layer models (e.g., Qwen-2.5-7B), we sample every 4th layer.
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• Optimization: AdamW optimizer (β1 = 0.9, β2 = 0.999, ϵ = 6.25× 10−10).

• Learning Rate: 2× 10−4 with linear cool-down in the final 20% of steps.

• Sparsity Penalty: α = 5e−3 with linear warm-up over the initial 20% of steps.

• Throughput: Batch size fixed at 128 sequences (≈ 60, 000 tokens/batch) to prevent feature
collapse. Training duration is 5,000 steps (≈ 5 epochs).

Convergence: The trained modules achieve a normalized MSE of 0.65–0.80 with an average spar-
sity of ≈ 20 active features per token. As shown in Table 3, the "Dead Feature" rate is negligible
(< 3.5% average), confirming high utilization of the latent space.

10.2 PROTOCOL: AUTOMATED SEMANTIC INTERPRETATION

Table 2: Feature Vitality & Explainability Audit. "Ex-
plainable Rate" denotes the fraction of features suc-
cessfully mapped to semantic concepts by the Oracle.

Substrate Dead Rate Explainable Rate

Qwen-0.5B 0.00% 82.59%
Qwen-1.5B 3.17% 92.61%
Qwen-7B 17.98% 96.27%
Qwen-14B 0.34% 86.48%
Llama-8B 2.20% 95.45%
Mistra-7B 0.09% 76.02%
Deepseek-7B 0.21% 89.14%

Avg. 3.43% 88.37%

We deploy an automated interpretation
pipeline (Bills et al., 2023) utilizing
DeepSeek-R1 as the Semantic Oracle.
Workflow: 1. Feed 128K calibration to-
kens to the fixed SAE. 2. For each feature
c, aggregate the top-15 maximally activat-
ing text spans. 3. Prompt the Oracle (Fig-
ure 9) to synthesize a semantic summary. 4.
Verify summary fidelity (Figure 10) using
top-30 spans. Features with "Maybe" con-
fidence or higher (≥ 40% semantic match)
are retained for the Logic Rule Aggregation
phase.

11 APPENDIX
D: LOGICAL TOPOLOGY
EXTRACTION PROTOCOL

This section details the Probabilistic Rule Aggregation module (Section 2.3).

Calibration Substrate: We utilize a stratified subset of the MATH dataset (Hendrycks et al.) (3,267
samples) to ensure coverage of diverse reasoning primitives (Algebra, Number Theory, etc.).

Engineering Optimization: To manage the combinatorial explosion of the search space (
(
32768

3

)
≈

5.8× 1012), we implement the following acceleration vectors:

1. Token Aggregation: Feature activations are summed along the sequence length at the final
token, flattening the tensor from RN×L×C to RC .

2. Vectorized Co-occurrence: We implement custom CUDA kernels (Algorithm 4) to com-
pute conditional frequencies count(c1, c2) directly from the flattened activations.

3. Distributed Counting: The counting process is sharded across multiple nodes, reducing
wall-clock time to ≈ 30 hours per model.

Soundness Calibration (Oracle Prompts): The logic rules are categorized using DeepSeek-R1
(T = 0.1, top_p = 0.9). The prompts enforce a strict taxonomy: "Strict" (Causal), "Plausible"
(Heuristic), or "No" (Noise). Figures 11 and 12 detail the exact instructions used to calibrate the
SAL metric.

Human Verification: A manual audit of 60 randomly sampled rules yields an agreement rate of
0.566 with the Oracle. Error analysis reveals the Oracle is conservative, occasionally misclassifying
"Strict" mathematical relations as "Plausible," which ensures the SAL metric remains a lower-bound
estimator of reasoning potential.
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12 APPENDIX E: COMPUTATIONAL INFRASTRUCTURE SPECS

All experiments were conducted on a high-performance compute cluster comprising three nodes.
Node Specification:

• Compute: 8 × NVIDIA A100 (80GB VRAM).
• Host: 96 vCPU cores, 1TB RAM.
• Storage: 8TB NVMe (Cloud-attached).

Resource Consumption:

• SAE Training: ≈ 60 hours per node for Qwen-2.5-14B.
• Topology Extraction: ≈ 50 hours (Memory bound: 500GB RAM peak).

Algorithm 1 Module: Feature Activation Aggregation

Require: x with len(x.shape) == 3 ▷ x ∈ RL×N×C

Require: feat_idx, threshold = T
1: x← cumsum(x,axis = 0)[−1] ▷ x ∈ RN×C

2: x←
(
x[:, feat_idx] > T

)
.bfloat16() ▷ x ∈ {0, 1}N×C′

3: x← cumsum(x,axis = 0)[−1] ▷ x ∈ NC′

4: return x ▷ length-C ′ vector of per-feature counts

Algorithm 2 Module: Vectorized Rule Counter (P = 1, P = 2)

Require: x: vector of layer counts per feature (length C).
1: // Initialize Registry
2: Counts = {}
3: A← { c : x[c] > 0 }

4: // Record Priors
5: for all p ∈ A do
6: Counts[(p,)][-1] += 1
7: end for

8: // 1-Premise Count (p⇒ q)
9: pair← (x>0)[:,None] ∧ (x>0)[None, :] ▷ C×C

10: smaller←
(
x[None, :] < x[:,None]

)
∧ pair

11: (prem,concl)← NonZero(smaller)
12: for i← 1 to len(prem) do
13: p← prem[i], q ← concl[i]
14: Counts[(p,)][q] += 1
15: end for

16: // 2-Premises Count (p1 ∧ p2 ⇒ q)
17: prod← einsum("ac,bc->abc", smaller, smaller) ▷ C×C×C
18: (r, c)← LowerTriangularIndices(C)
19: prod[r, c, :] ← 0 ▷ enforce p1<p2, drop diagonals
20: (p1, p2, q)← NonZero(prod)
21: for i← 1 to len(p1) do
22: Counts[(p_1[i], p_2[i])][q[i]] += 1
23: end for

13 APPENDIX A: ARTIFICIAL INTELLIGENCE RESOURCE DECLARATION

The Metanthropic R&D Unit acknowledges the utilization of Large Language Models (LLMs) in
three distinct operational capacities within this protocol.
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Directive: Feature Semantic Decoding
We are studying the behaviors of neurons from a language model. Look at the text spans
activated by the neuron and summarize what feature the neuron is looking for. Pay attention
to __the ending of each span__. Your summary should be one (short) sentence describing
the most significant feature.

Organize your final summary within the special tag: <summary> summary here </sum-
mary>. - If there is one short lexical pattern: <summary> Exact pattern: "Key Pattern"
with context </summary>. - If there are semantic patterns: <summary> Semantic: seman-
tic concept, with "Exemplar Patterns" </summary>. - If unclear: <summary> Cannot Tell
</summary>.

Keep your <think> block short.

The following are text spans that can maximally activate a certain neuron:
Span 1: [[ Insert Span 1 Here ]] ...

Figure 5: Prompt template for the Oracle to decode latent features. Utilized by DeepSeek-R1.

Directive: Semantic Verification
You are a linguistic expert. Determine whether the given feature is fuzzy matched by the
text spans.

Organize your final decision: "Final Decision: [[ Yes/Probably/Maybe/No ]]". - "Yes":
>85% match. - "Probably": >65% match. - "Maybe": >40% match.

Feature: [[ Insert Feature Summary ]] Span 1: [[ Insert Span 1 ]] ...

Figure 6: Prompt template for verifying the fidelity of semantic decoding.

Task: 1-Premise Horn Clause Calibration
For the given premise P and conclusion C, judge whether the implication

P → C

is a **Strict or Plausible Horn Clause**.
Classify into: 1. **Strict:** Causal/Logical relations (e.g., mathematical theorems). 2.
**Plausible:** Helpful intuitions/heuristics (e.g., planning strategies). 3. **No:** Spuri-
ous/Noisy correlations.

**Premise ($P$)**: [[ Insert Premise Here ]] **Conclusion ($C$)**: [[ Insert Conclusion
Here ]]

**Output JSON:** "Category": "Strict/Plausible/No", "Relation/Intuition": "rationale"

Figure 7: Oracle prompt for calibrating soundness of 1-premise rules.
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Task: 2-Premise Horn Clause Calibration
For paired premises P1, P2 and conclusion C, judge whether the implication

P1 ∧ P2 → C

is a **Strict or Plausible Horn Clause**.
Classify into: 1. **Strict:** Causal/Logical relations. 2. **Plausible:** Helpful intu-
itions/heuristics. 3. **No:** Spurious correlations.

**First Premise (P1)**: [[ Insert Premise 1 ]] **Second Premise (P2)**: [[ Insert Premise 2
]] **Conclusion (C)**: [[ Insert Conclusion ]]

**Output JSON:** "Category": "Strict/Plausible/No", "Relation/Intuition": "rationale"

Figure 8: Oracle prompt for calibrating soundness of 2-premise rules.

1. Operational Substrates (Research Subjects)
The primary objects of analysis were the pre-trained checkpoints of the following model families:
Qwen-2.5, Llama-3.1, Mistral-v0.1, and DeepSeek-Math. These models were de-
ployed solely for the purpose of latent space extraction and topological auditing. No fine-tuning or
weight modification was performed outside of the sparse autoencoder training. All usage adheres to
the respective academic and community licenses provided by the model developers.

2. Semantic Calibration Oracle (Automated Annotation)
To achieve industrial scale in rule categorization, we deployed DeepSeek-R1 as a “Semantic Cali-
bration Oracle.” This model functioned as a proxy for human expert annotation, classifying millions
of extracted feature pairs into “Strict,” “Plausible,” or “Noisy” categories. This usage complies with
the DeepSeek General User Policy. The prompt templates used for this orchestration are documented
in Section 16.

3. Drafting Synthesizer (Writing Assistance)
An external LLM (ChatGPT) was utilized to assist in the syntactic refinement and structural orga-
nization of this specification document. While the AI provided suggestions for clarity and flow, all
technical claims, mathematical derivations (specifically the SAL metric), and experimental verifica-
tions were generated and validated exclusively by the human authors of the Metanthropic Research
team.

14 APPENDIX B: HOLOGRAPHIC CROSSCODER ARCHITECTURE

This module defines the mathematical formalism for the Cross-Layer Sparse Autoencoder (CL-
SAE) deployed in the Holographic Feature Extraction phase (Section 2.2).

Given an L-layer pre-trained substrate producing residual-stream hidden states {xl}Ll=1 where
xl ∈ RD, we initialize a Crosscoder fSAE to demultiplex these states into a sparse, mono-semantic
feature representation. The architecture comprises L pairs of trainable encoder-decoder weights
{(El,Dl)}Ll=1, where El,Dl ∈ RD×C and the feature dimension C ≫ D (Overcomplete Basis).

For each layer l, the Crosscoder projects the hidden state xl into a sparse, non-negative feature
space hl = ReLU(xlEl) ∈ RC

+. The decoder reconstructs the state x̂l utilizing activations from the
current and all preceding causal layers:

x̂l =

l∑
l′=1

hl′Dl⊤.
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This cross-layer recurrence allows the protocol to capture features at their precise layer of emer-
gence. The optimization objective Lminimizes reconstruction error under an L1 sparsity constraint:

L =

L∑
l=1

∥xl − x̂l∥2 + α ·
L∑

l′=1

C∑
c=1

∥hl
c ·Dl′⊤

:,c ∥1, (7)

where α is the sparsity coefficient. The penalty is applied to the feature activation hl
c weighted by

its decoder norm, ensuring penalization only occurs during active reconstruction.

15 APPENDIX C: FEATURE EXTRACTION & SEMANTIC DECODING

15.1 PROTOCOL: SAE TRAINING CONFIGURATION

We adhere to the training stability protocols established by Lindsey et al. (2024b) and Gao et al.
(2024).

• Architecture: Latent dimension C = 215 (32,768 features); Depth L = 8 equidistributed
layers. For 28-layer models (e.g., Qwen-2.5-7B), we sample every 4th layer.

• Optimization: AdamW optimizer (β1 = 0.9, β2 = 0.999, ϵ = 6.25× 10−10).

• Learning Rate: 2× 10−4 with linear cool-down in the final 20% of steps.

• Sparsity Penalty: α = 5e−3 with linear warm-up over the initial 20% of steps.

• Throughput: Batch size fixed at 128 sequences (≈ 60, 000 tokens/batch) to prevent feature
collapse. Training duration is 5,000 steps (≈ 5 epochs).

Convergence: The trained modules achieve a normalized MSE of 0.65–0.80 with an average spar-
sity of ≈ 20 active features per token. As shown in Table 3, the "Dead Feature" rate is negligible
(< 3.5% average), confirming high utilization of the latent space.

15.2 PROTOCOL: AUTOMATED SEMANTIC INTERPRETATION

Table 3: Feature Vitality & Explainability Audit. "Ex-
plainable Rate" denotes the fraction of features suc-
cessfully mapped to semantic concepts by the Oracle.

Substrate Dead Rate Explainable Rate

Qwen-0.5B 0.00% 82.59%
Qwen-1.5B 3.17% 92.61%
Qwen-7B 17.98% 96.27%
Qwen-14B 0.34% 86.48%
Llama-8B 2.20% 95.45%
Mistra-7B 0.09% 76.02%
Deepseek-7B 0.21% 89.14%

Avg. 3.43% 88.37%

We deploy an automated interpretation
pipeline (Bills et al., 2023) utilizing
DeepSeek-R1 as the Semantic Oracle.
Workflow: 1. Feed 128K calibration to-
kens to the fixed SAE. 2. For each feature
c, aggregate the top-15 maximally activat-
ing text spans. 3. Prompt the Oracle (Fig-
ure 9) to synthesize a semantic summary. 4.
Verify summary fidelity (Figure 10) using
top-30 spans. Features with "Maybe" con-
fidence or higher (≥ 40% semantic match)
are retained for the Logic Rule Aggregation
phase.

16 APPENDIX
D: LOGICAL TOPOLOGY
EXTRACTION PROTOCOL

This section details the Probabilistic Rule Aggregation module (Section 2.3).

Calibration Substrate: We utilize a stratified subset of the MATH dataset (Hendrycks et al.) (3,267
samples) to ensure coverage of diverse reasoning primitives (Algebra, Number Theory, etc.).

Engineering Optimization: To manage the combinatorial explosion of the search space (
(
32768

3

)
≈

5.8× 1012), we implement the following acceleration vectors:
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1. Token Aggregation: Feature activations are summed along the sequence length at the final
token, flattening the tensor from RN×L×C to RC .

2. Vectorized Co-occurrence: We implement custom CUDA kernels (Algorithm 4) to com-
pute conditional frequencies count(c1, c2) directly from the flattened activations.

3. Distributed Counting: The counting process is sharded across multiple nodes, reducing
wall-clock time to ≈ 30 hours per model.

Soundness Calibration (Oracle Prompts): The logic rules are categorized using DeepSeek-R1
(T = 0.1, top_p = 0.9). The prompts enforce a strict taxonomy: "Strict" (Causal), "Plausible"
(Heuristic), or "No" (Noise). Figures 11 and 12 detail the exact instructions used to calibrate the
SAL metric.

Human Verification: A manual audit of 60 randomly sampled rules yields an agreement rate of
0.566 with the Oracle. Error analysis reveals the Oracle is conservative, occasionally misclassifying
"Strict" mathematical relations as "Plausible," which ensures the SAL metric remains a lower-bound
estimator of reasoning potential.

17 APPENDIX E: COMPUTATIONAL INFRASTRUCTURE SPECS

All experiments were conducted on a high-performance compute cluster comprising three nodes.
Node Specification:

• Compute: 8 × NVIDIA A100 (80GB VRAM).
• Host: 96 vCPU cores, 1TB RAM.
• Storage: 8TB NVMe (Cloud-attached).

Resource Consumption:

• SAE Training: ≈ 60 hours per node for Qwen-2.5-14B.
• Topology Extraction: ≈ 50 hours (Memory bound: 500GB RAM peak).

Algorithm 3 Module: Feature Activation Aggregation

Require: x with len(x.shape) == 3 ▷ x ∈ RL×N×C

Require: feat_idx, threshold = T
1: x← cumsum(x,axis = 0)[−1] ▷ x ∈ RN×C

2: x←
(
x[:, feat_idx] > T

)
.bfloat16() ▷ x ∈ {0, 1}N×C′

3: x← cumsum(x,axis = 0)[−1] ▷ x ∈ NC′

4: return x ▷ length-C ′ vector of per-feature counts
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Algorithm 4 Module: Vectorized Rule Counter (P = 1, P = 2)

Require: x: vector of layer counts per feature (length C).
1: // Initialize Registry
2: Counts = {}
3: A← { c : x[c] > 0 }

4: // Record Priors
5: for all p ∈ A do
6: Counts[(p,)][-1] += 1
7: end for

8: // 1-Premise Count (p⇒ q)
9: pair← (x>0)[:,None] ∧ (x>0)[None, :] ▷ C×C

10: smaller←
(
x[None, :] < x[:,None]

)
∧ pair

11: (prem,concl)← NonZero(smaller)
12: for i← 1 to len(prem) do
13: p← prem[i], q ← concl[i]
14: Counts[(p,)][q] += 1
15: end for

16: // 2-Premises Count (p1 ∧ p2 ⇒ q)
17: prod← einsum("ac,bc->abc", smaller, smaller) ▷ C×C×C
18: (r, c)← LowerTriangularIndices(C)
19: prod[r, c, :] ← 0 ▷ enforce p1<p2, drop diagonals
20: (p1, p2, q)← NonZero(prod)
21: for i← 1 to len(p1) do
22: Counts[(p_1[i], p_2[i])][q[i]] += 1
23: end for

Directive: Feature Semantic Decoding
We are studying the behaviors of neurons from a language model. Look at the text spans
activated by the neuron and summarize what feature the neuron is looking for. Pay attention
to __the ending of each span__. Your summary should be one (short) sentence describing
the most significant feature.

Organize your final summary within the special tag: <summary> summary here </sum-
mary>. - If there is one short lexical pattern: <summary> Exact pattern: "Key Pattern"
with context </summary>. - If there are semantic patterns: <summary> Semantic: seman-
tic concept, with "Exemplar Patterns" </summary>. - If unclear: <summary> Cannot Tell
</summary>.

Keep your <think> block short.

The following are text spans that can maximally activate a certain neuron:
Span 1: [[ Insert Span 1 Here ]] ...

Figure 9: Prompt template for the Oracle to decode latent features. Utilized by DeepSeek-R1.
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Directive: Semantic Verification
You are a linguistic expert. Determine whether the given feature is fuzzy matched by the
text spans.

Organize your final decision: "Final Decision: [[ Yes/Probably/Maybe/No ]]". - "Yes":
>85% match. - "Probably": >65% match. - "Maybe": >40% match.

Feature: [[ Insert Feature Summary ]] Span 1: [[ Insert Span 1 ]] ...

Figure 10: Prompt template for verifying the fidelity of semantic decoding.

Task: 1-Premise Horn Clause Calibration
For the given premise P and conclusion C, judge whether the implication

P → C

is a **Strict or Plausible Horn Clause**.
Classify into: 1. **Strict:** Causal/Logical relations (e.g., mathematical theorems). 2.
**Plausible:** Helpful intuitions/heuristics (e.g., planning strategies). 3. **No:** Spuri-
ous/Noisy correlations.

**Premise ($P$)**: [[ Insert Premise Here ]] **Conclusion ($C$)**: [[ Insert Conclusion
Here ]]

**Output JSON:** "Category": "Strict/Plausible/No", "Relation/Intuition": "rationale"

Figure 11: Oracle prompt for calibrating soundness of 1-premise rules.

Task: 2-Premise Horn Clause Calibration
For paired premises P1, P2 and conclusion C, judge whether the implication

P1 ∧ P2 → C

is a **Strict or Plausible Horn Clause**.
Classify into: 1. **Strict:** Causal/Logical relations. 2. **Plausible:** Helpful intu-
itions/heuristics. 3. **No:** Spurious correlations.

**First Premise (P1)**: [[ Insert Premise 1 ]] **Second Premise (P2)**: [[ Insert Premise 2
]] **Conclusion (C)**: [[ Insert Conclusion ]]

**Output JSON:** "Category": "Strict/Plausible/No", "Relation/Intuition": "rationale"

Figure 12: Oracle prompt for calibrating soundness of 2-premise rules.
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