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ABSTRACT

Strategic Context: The reliability of the Metanthropic Self-Correcting Reasoning
Engine is strictly limited by the orthogonality of its learned internal features.
Current Sparse Autoencoder (SAE) deployment stacks suffer from a critical failure
mode designated as Latent Manifold Collapse (academically referenced as “Feature
Absorption”), where distinct causal mechanisms are aggressively merged into
single polysemantic vectors to minimize static L; penalties. This results in “lossy”
semantic resolution that impedes precise model interpretability and safety steering.
Technical Solution: This specification details the implementation of Chronomet-
ric Flux Gating (CFG), a dynamic regularization protocol derived from Adaptive
Temporal Masking. Unlike legacy architectures (TopK, JumpReLU) that rely on
instantaneous spatial thresholding, CFG treats feature importance as a temporal
trajectory. By utilizing memory-efficient Exponential Moving Averages (EMAs) to
track the gradient of feature utility—synthesizing activation magnitude, frequency,
and reconstruction contribution—CFG applies a probabilistic masking schedule
that evolves relative to the training stability of each latent.

Validation & Impact: Deployment simulations on the Gemma-2-2B parameter
space demonstrate that CFG creates a highly stable sparse dictionary. The protocol
reduces Feature Absorption scores to a negligible 0.0068 (outperforming TopK
baselines of 0.1402 by ~ 95%) while maintaining high-fidelity reconstruction
(MSE: 0.5508, Cosine Sim: 0.9727). This module is certified for immediate
integration, providing the requisite semantic granularity for non-destructive bias
intervention and logic editing.

1 INTRODUCTION & STRATEGIC CONTEXT

1.1 THE OPERATIONAL BOTTLENECK: LATENT MANIFOLD COLLAPSE (FEATURE
ABSORPTION)

In the pursuit of the Metanthropic Self-Correcting Reasoning Engine, the primary obstacle to relia-
bility is not model capacity, but internal representation fidelity. Standard Sparse Autoencoders (SAEs)
currently deployed in Large Language Models (LLMs) suffer from a critical failure mode designated
here as Latent Manifold Collapse (referred to in academic literature as “Feature Absorption”).

Under standard L, regularization pressures, SAEs minimize penalties by merging distinct, semanti-
cally orthogonal features into single latent dimensions based on high co-occurrence frequencies.

* The Phenomenon: If Feature A (e.g., “starts with ‘S’ ) frequently implies Feature B (e.g.,
“concept: short”), the SAE optimizer minimizes energy by discarding the vector for A and
encoding it entirely within B.

* The Consequence: The resulting dictionary is sparse but essentially “lossy” in semantic
resolution. The “Self-Correcting” capability of our engine is compromised because it
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cannot distinguish between a causal mechanism and a correlation artifact. This results in
hallucinations being reinforced rather than corrected.

What we want to learn: What we actually learned:

A ‘elephant” B ‘elephant”

starts with E” starts with E”

i.e. when the word starts with E we get \ Becavuse B has less L1 loss than A!

and when it’s an elephant we get

‘ * -/" = r = /
Figure 1: Visualization of feature absorption. Panel A represents the target scenario, where the
SAE learns two features in two neurons: ‘“‘starts with E” (blue) and “elephant” (red). When the
underlying token is <elephant>, both neurons should light up resulting in an overall purple activation
vector for token <elephant> . However, panel B reveals what the SAE actually learns due to L
loss: the “elephant” feature can absorb the “starts with E” feature, which effectively reduces the
number of active latents (lower L; norm) when the underlying token is <elephant>. While this
increases sparsity, it diminishes interpretability since the “starts with E” feature no longer activates

independently. Instead, the “elephant” feature acquires an unintended downstream effect, making
feature activations less modular. The figure is adapted from ARENA Tutorials|McDougall| (2024).

1.2 THE INNOVATION: CHRONOMETRIC FLUX GATING (CFG)

l

To resolve this, we are integrating a novel training protocol derived from “Adaptive Temporal Masking’
(ATM), which we re-designate for internal IP as Chronometric Flux Gating (CFG).

Unlike legacy architectures (TopK SAEs, JumpReLU) which rely on rigid, instantaneous sparsity
constraints (spatial thresholds), CFG introduces a temporal dimension to the feature selection process.
We posit that “true” features exhibit distinct temporal signatures in their activation magnitudes and
gradient contributions compared to noise or absorbed artifacts.

1.3 THEORETICAL BASIS: DYNAMIC IMPORTANCE SCORING

The core hypothesis of the CFG module is that feature importance is a time-series signal I(t), not a
static scalar. By tracking the first derivative of feature utility over training steps, we can distinguish
between:

» Stable Invariants: Features that consistently reconstruct the input manifold.

» Transient Artifacts: Features that fluctuate wildly or provide redundant information.


https://colab.research.google.com/drive/1ePkM8oBHIEZ2kcqAiA3waeAmz8RSdHmq

CFQG utilizes a probabilistic masking mechanism governed by:
MPTOb(t) ~ J__.(//’tv Ot, V‘Ca"econ)

where the masking probability evolves relative to the statistical distribution of the feature’s utility
over an Exponential Moving Average (EMA) window.

1.4 DEPLOYMENT OBJECTIVES

This specification outlines the integration of the CFG module into the Metanthropic R&D pipeline.
The objective is to produce an SAE with:

 Hyper-Stability: Reducing Feature Absorption scores by = 95% (target: < 0.01) compared
to TopK baselines.

* Iso-Reconstruction: Maintaining Reconstruction MSE = 0.55 (Gemma-2-2B benchmark)
while enforcing cleaner sparsity.

* Deployment Viability: Utilizing memory-efficient EMA tracking to ensure negligible
training overhead (approx. < 1% latency increase) on standard GPU clusters.

By stabilizing the sparse dictionary, we enable the Reasoning Engine to perform precise “surgery” on
model activations—editing specific biases without collateral damage to adjacent concepts.

2 TECHNICAL BACKGROUND & OPERATIONAL PREMISES

2.1 THE INTERPRETABILITY-RELIABILITY PARITY

The deployment of the Metanthropic Self-Correcting Reasoning Engine is predicated on a singular
operational axiom: Systematic reliability cannot exist without internal transparency. While Large
Language Models (LLMs) exhibit high-dimensional capability, their representations remain opaque
manifolds. Sparse Autoencoders (SAEs) provide the necessary mechanism to decompose these dense
neural activations x € R? into orthogonal, human-interpretable feature vectors. However, the fidelity
of this decomposition is currently compromised by regularization artifacts.

2.2  FAILURE MODE ANALYSIS: LATENT MANIFOLD COLLAPSE

The primary impediment to stable dictionary learning is a phenomenon we designate as Latent
Manifold Collapse (academically referenced as Feature Absorption (Chanin et al., 2024)). This
occurs when the SAE optimizer, driven by ¢; sparsity penalties, compresses distinct causal factors
into a single polysemantic latent dimension.

¢ Mechanism: If Feature A (e.g., lexical token “short”) holds a high conditional probability
of implying Feature B (e.g., orthographic feature “starts with S”), the SAE minimizes
total energy by discarding the vector for B and encoding its activation entirely within the
magnitude of A.

* Operational Consequence: The resulting feature dictionary is effectively “lossy.” The
Reasoning Engine loses the ability to distinguish between the superordinate concept and its
subordinate attributes, leading to hallucination reinforcement during self-correction loops.

2.3  QUANTITATIVE DETECTION METRICS (PROBE PROJECTION PROTOCOL)

To rigorously validate the integrity of our sparse dictionaries, we employ a probe-based methodology.
A latent dimension is flagged as “Collapsed” if it fails to classify its primary feature split (threshold
75s = 0.03) but a logistic regression probe on the latent space successfully recovers the information
via a proxy latent that:

1. Exhibits cosine similarity > 7,5 = 0.025.
2. Explains > 7, = 0.4 of the probe’s projection.

This metric utilizes probe projection analyses rather than simple ablation, allowing us to detect subtle
information migration even when reconstruction error remains low.



2.4 MATHEMATICAL FORMULATION

We define the SAE optimization objective as learning an overcomplete projection from the transformer
residual stream d to a sparse latent space n (where n > d). Let E : R? — R" be the encoder and
D : R™ — R? be the decoder.

The standard objective function is defined as:

winEy [||D(E(x)) —x[8]  subject to | B(x) o < n ()

Legacy architectures attempt to satisfy the ¢y constraint via rigid mechanisms that compromise
stability:
* TopK SAEs: Enforce hard sparsity k, resulting in high manifold collapse scores (0.1402).

* JumpReLU: Utilizes discontinuous activation functions, reducing collapse (0.0114) but
introducing gradient instability and requiring hyperparameter fragility.

2.5 THEORETICAL ASSUMPTIONS FOR CHRONOMETRIC FLUX GATING

Our proposed Chronometric Flux Gating (CFG) module diverges from spatial thresholding by
introducing time-domain analysis to the optimization path. We posit two governing dynamics:

1. Temporal Consistency: Semantic features exhibit predictable inertia in their importance
scores (gradient contribution X magnitude) over training steps ¢, whereas noise and absorbed
artifacts exhibit high-frequency volatility.

2. Statistical Regularity: The distribution of valid feature activations follows a stable statistical
structure that permits adaptive, probabilistic thresholding rather than arbitrary hard cutoffs.

3 CORE COMPUTATIONAL PRIMITIVE: CHRONOMETRIC FLUX GATING (CFQG)

3.1 SYSTEM ARCHITECTURE & TENSOR DYNAMICS

The Chronometric Flux Gating (CFG) module operates as a dynamic regularization layer inter-
cepted between the encoder output and the decoder input. Unlike static sparsity mechanisms that
apply instantaneous spatial filtering (e.g., Top-K), CFG treats feature validity as a signal processing
problem in the temporal domain.

Let the encoder activations at training step ¢ be defined as a tensor f; € RZ*Y where B is the batch
size and N is the dictionary size. We posit that the “true” semantic utility of a latent dimension j is
not defined by its instantaneous magnitude, but by the integral of its contribution to reconstruction
energy over time.

3.2 RECURSIVE SIGNAL INTEGRATION (IMPORTANCE TRACKING)

To differentiate between stable semantic invariants and transient correlations (absorption artifacts),
we maintain two state vectors via recursive exponential filtering (Exponential Moving Averages).

State Vector A: Magnitude Flux (®p,,) Tracks the raw activation potential of the feature:
1SN i
D(t) =B BY(t 1) + (1 - 5) E;WH @)

State Vector B: Gradient Sensitivity (®gaq) Tracks the necessity of the feature for manifold
reconstruction. Features that are “absorbed” often have high magnitude but low unique gradient
contribution relative to the reconstruction 108S L econ-
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The Chronometric Utility Index (/) We synthesize these signals into a scalar utility score for
each feature j:

U? = o), (t) - o)t — 1) )

Note: The gradient term lags by t — 1 to decouple the current forward pass from the backward pass
estimation, ensuring computational causality.

3.3 ADAPTIVE STATISTICAL GATING
Rather than setting an arbitrary global threshold, CFG dynamically calculates a rejection barrier

based on the instantaneous distribution of feature utilities. This assumes that valid features occupy
the upper tail of the utility distribution.

We compute the moments of the utility distribution U4;:
pe =B, oy = /Var(Uy) (5)
The Flux Gating Threshold 7. is defined as:
Tgate(t) = pe + k(1) - 0y (6)
where x(t) is a time-modulated sparsity pressure coefficient.
3.4 STOCHASTIC BARRIER FUNCTION (PROBABILISTIC MASKING)

To prevent gradient collapse associated with hard thresholding (Step functions), we implement a
Stochastic Flux Gate. The probability P, U) that feature j is suppressed (masked to zero) is derived

mask
from a soft-transition exponential decay function:
. 0, Tyate(t) — U
PO 1 s [ O T (0) ) -
mas Tgate (f)

o If L{t(j ) > Tgate(t), the exponent is 0, P4 = O (Feature is Retained).

o If Z/{t(j ) <« Tgate(t), Pmask — 1 (Feature is Suppressed).

* 7 is the decay rate hyperparameter (default » = 0.5), controlling the “softness” of the gate.
3.5 FORWARD PROPAGATION & ENERGY MINIMIZATION
The final binary mask m; € {0,1}" is sampled from a Bernoulli distribution:

mgj) ~ Bernoulli(1 — P’r(nja),sk) ®

The optimization objective (Total System Energy) minimizes reconstruction error on the gated
activations while penalizing the /1 norm of the active features:

Liota = ||Ix = D(E(x) © me) |3 +Asparsity [me © E(x) |1 ©
—_——
Reconstruction Fidelity Sparsity Constraint

3.6 IMPLEMENTATION CONSTRAINT: NORM PROJECTION

To prevent the encoder from cheating the ¢; penalty by exploding decoder weights (scaling £ down
and D up), we enforce a hard unit-norm constraint on the decoder columns D; after every gradient
update:

|Dille =1, Vje{l,...,N} (10)



4 EXPERIMENTAL VALIDATION PROTOCOL

4.1 SUBJECT MODEL & TRAINING SUBSTRATE

To validate the Chronometric Flux Gating (CFG) module, we utilized a controlled injection
environment targeting the mid-layers of the Gemma-2-2B architecture. Layer 12 was selected as
the primary intervention point (L12), as mid-depth transformer layers typically exhibit the highest
density of polysemantic features and are thus most prone to manifold collapse.

¢ Input Dimension (d): 2304 (Residual Stream)
* Latent Expansion (n): 16384 (Expansion Factor ~ 7x)
 Calibration Corpus: WikiText-103 (SM Token subset)

* Preprocessing: Sequence truncation at 7" = 128 tokens; activations buffered and shuffled
via a 2048-sample ring buffer to decorrelate temporal adjacency before batching.

4.2 HYPERPARAMETER CONFIGURATION

The CFG module requires a distinct set of hyperparameters compared to standard SAEs. The
following configuration was locked for the production candidate:

Table 1: Chronometric Flux Gating (CFG) Hyperparameter Configuration

Parameter Symbol Value Rationale

Learning Rate o 3 x 10~* Standard Adam convergence baseline.

Flux Decay (EMA) B8 0.99 High inertia required to capture long-term utility.
Masking Hardness T 0.5 Soft-gating slope to prevent gradient starvation.
Sparsity Penalty A 1 x 1072 ¢ regularization weight on the gated activations.
Warmup Period Wisteps 1000 Features activate freely before flux gating engages.
Decoder Constraint || D||2 1.0 Unit-norm projection enforced post-update.

4.3 TELEMETRY & SUCCESS METRICS (THE “DASHBOARD”)

We deploy a tri-fold evaluation strategy to ensure the “Self-Correcting” capability is not compromised
by the compression.

A. Structural Integrity (Unsupervised)
* Active Feature Density (Ly): The specific count of non-zero latents per forward pass.
Target: < n.

* Reconstruction Fidelity (MSE): || — #||3. We tolerate a marginal increase in MSE (< 0.6)
in exchange for semantic orthogonality.

* Cross-Entropy Delta: The increase in the model’s perplexity when original activations are
swapped with SAE reconstructions.

B. Semantic Orthogonality (Feature Absorption) We utilize the Probe Projection Protocol. A
feature is flagged as “Collapsed” if it fails to classify its primary token split (7¢, = 0.03) but allows
a linear probe to recover the information via a proxy latent (Cosine Similarity > 0.025, Explained
Variance > 0.4). Our strategic target is an Absorption Score < 0.01.

C. Functional Utility (Sparse Probing) The ultimate test of the reasoning engine involves assessing
if a linear probe trained on the sparse features can solve downstream tasks.

» Tasks: 35 binary classification tasks (Bias in Bios, Amazon Reviews, Europarl).

* Protocol: Top-K latent selection followed by Logistic Regression.



4.4 HARDWARE CONSTRAINTS & THROUGHPUT

All validation runs were executed on a Single NVIDIA RTX 4090 (24GB VRAM) to demonstrate
the efficiency of the CFG algorithm.

¢ Precision: Mixed-Precision (bfloat16).

* Training Batch: 2048 activation vectors.

* Inference Batch: 32 sequences.

* Memory Overhead: The EMA tracking adds two scalar vectors of size n per layer, resulting
in negligible VRAM footprint increase (< 100 MB for n = 16k).

5 PERFORMANCE AUDIT & VALIDATION DATA

5.1 EXECUTIVE SUMMARY: THE ORTHOGONALITY BREAKTHROUGH

The validation trials conducted on the Gemma-2-2B substrate demonstrate that the Chronometric
Flux Gating (CFG) protocol (internally designated as Adaptive Temporal Masking in early R&D)
successfully resolves the Latent Manifold Collapse failure mode.

The critical KPI for the Self-Correcting Reasoning Engine is the Absorption Score—a proxy for
semantic distinctness. CFG achieves a score of 0.0068, representing a 95.1% reduction in feature
entanglement compared to the industry-standard TopK baseline (0.1402) and a 40.3% improvement
over the previous state-of-the-art JumpReLU architecture (0.0114).

5.2 COMPARATIVE EFFICACY MATRIX

The following data aggregates performance across 5 million tokens of the calibration corpus
(WikiText-103).

Table 2: Module Validation Matrix: Chronometric Flux Gating (CFG) vs. Legacy Architectures.

Proposed Baselines
Metric CFG (Ours) TopK SAE JumpReLU Standard SAE
Manifold Stability
Feature Absorption Score ({) 0.0068 0.1402 0.0114 0.0161
Signal Fidelity
Reconstruction MSE (]) 0.5508 2.5313 1.6719 0.0898
Cosine Similarity (1) 0.9727 0.8750 0.9297 0.9961
Explained Variance (1) 0.9102 0.6016 0.7344 0.9844
Information Dynamics
KL Divergence Score ({) 0.9965 0.9565 0.9945 0.9996
Active Latents (L Sparsity) 3280 40 2666 8724

5.3 ANALYSIS OF SIGNAL RECONSTRUCTION

While standard SAEs achieve lower raw MSE (0.0898) by sacrificing sparsity, CFG maintains a
“Goldilocks” zone.

* Fidelity vs. Sparsity: CFG achieves a Cosine Similarity of 0.9727, significantly outper-
forming the TopK baseline (0.875). This indicates that while we are effectively filtering
noise, the semantic vector direction remains highly aligned with the original residual stream.



* Operational Latency (L(): The average number of active features is 3280. While higher
than the artificially constrained TopK (40), this density accurately reflects the polysemantic
richness of the model’s internal state without collapsing into incoherence.

5.4 DOWNSTREAM UTILITY ASSESSMENT (SPARSE PROBING)

To ensure the disentangled features remain causally relevant, we subjected the dictionary to linear
probing tasks (Bias Detection, Sentiment Analysis, etc.).

* Result: CFG achieves a Top-1 Test Accuracy of 0.7161.

* Interpretation: While slightly lower than the TopK baseline (0.7698), this delta is an
acceptable trade-off. High probing accuracy in collapsed models often stems from “polyse-
mantic leakage”—where a single neuron triggers for multiple unrelated concepts, artificially
boosting probe performance at the cost of interpretability. CFG’s lower score reflects a more
honest, granular representation of the underlying concepts, essential for safe model steering.

5.5 VALIDATION CONCLUSION

The CFG module effectively decouples semantic concepts that are typically absorbed due to co-
occurrence (e.g., separating “Starts with E” from “Elephant”). This granular separation allows
the Reasoning Engine to perform precise logic edits, satisfying the core safety mandate of the
Metanthropic R&D Unit.

6 CONCLUSION & STRATEGIC ROADMAP

6.1 SYNTHESIS OF CAPABILITIES: THE STABILITY PARADIGM

The deployment of Module 003-CFG (Chronometric Flux Gating) establishes a critical inflection
point in the Metanthropic R&D trajectory. By discarding the spatial rigidity of legacy Top-K ap-
proaches in favor of temporal signal integration, we have successfully engineered a sparse autoencoder
that prioritizes semantic causality over statistical correlation.

The empirical data is conclusive: CFG reduces Latent Manifold Collapse by an order of mag-
nitude (Absorption Score: 0.0068) while preserving the fidelity of the residual stream (Cosine
Similarity: 0.97). This effectively creates a “stable ground state” for the Self-Correcting Reason-
ing Engine—providing a dictionary of features that are not merely sparse, but causally robust and
operationally distinct. We have moved from “compressing” knowledge to “disentangling” it.

6.2 OPERATIONAL BOUNDARIES & CONSTRAINTS

While the module is verified for integration, the current validation envelope is bounded by specific
hardware and architectural constraints which define the immediate engineering backlog:

* Scale Limitation: Validation was restricted to the 2B parameter regime (Gemma-2-2B) on
single-node hardware (NVIDIA RTX 4090). The thermodynamic behavior of feature flux in
massive-scale models (> 70B) remains an extrapolation, albeit a highly confident one.

* Layer Specificity: The current protocol targeted Layer 12 (L12). A full-stack analysis
is required to determine if the temporal decay rates (r, 3) require modulation at different
transformer depths (e.g., attention heads vs. MLP blocks).

* Hyperparameter Phase Space: Due to compute budgets, the exploration of the gating
decay rate () and EMA momentum () was heuristic. A systematic Bayesian optimization
sweep is required to locate the global optima for sparsity pressure.

6.3 THE INTEGRATION HORIZON (10-WEEK ROADMAP)

The “Future Work” is redefined here as the immediate Execution Strategy for the Metanthropic
Unit:



* Phase I: Scaling Laws & Efficiency (Weeks 1-4): Migration of the CFG protocol to the
Llama-3-70B substrate. This phase will focus on optimizing the EMA memory access
patterns to ensure the < 1% latency overhead target holds at scale.

* Phase II: Theoretical Formalization (Weeks 4-6): Developing a rigorous “Thermody-
namics of Latent Features” framework. We aim to mathematically derive the relationship
between Temporal Flux stability and semantic safety, potentially creating a predictive metric
for hallucination rates without requiring expensive ground-truth probes.

* Phase III: Neurosurgical Intervention (Weeks 6-8): Leveraging the hyper-stable dictio-
nary to perform live logic editing. We will test “Targeted Bias Ablation”—suppressing
specific gender/political bias features tracked by CFG and measuring the downstream impact
on reasoning chains.

* Phase IV: Hierarchical Flux (Weeks 8-10): Extending the temporal tracking across layers

to map “Feature Circuits.” This will allow us to visualize not just what the model is thinking,
but the trajectory of that thought process through the depth of the network.

6.4 FINAL DIRECTIVE

The Chronometric Flux Gating module is hereby Certified for Deployment. It provides the necessary
interpretability substrate to transform Large Language Models from black-box generators into
inspectable, correctable reasoning engines. The opacity of the neural manifold is no longer an
insurmountable law of physics, but an engineering challenge we have begun to solve.
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7.4 1P AND RE-FRAMING DISCLOSURE

All designations herein regarding Chronometric Flux Gating, Latent Manifold Collapse, and the
Self-Correcting Reasoning Engine represent proprietary internal nomenclature of Metanthropic
Research. These terms are utilized to operationalize academic concepts for specific deployment
contexts within our autonomous reasoning stack.
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