The Invariant Layer: A Structural
Requirement for AGI

Abstract

Modern Al systems scale effectively but lose coherence as task conditions shift, producing
representational drift, discontinuous reasoning, and fragmentation across domains. We identify
the core cause as the absence of a stabilizing layer that preserves internal relational structure.
Clarus introduces a 64-point invariant architecture that tracks persistent relational dimensions
within a model’s representation space.

These dimensions are anchored to a canonical manifold that remains fixed across tasks,
modalities, and contexts. The layer does not modify model parameters. It monitors state
transitions and applies minimal corrective projections to maintain alignment of conceptual and
reasoning structure. In multi-domain evaluations, models augmented with this layer show
reduced drift and more consistent reasoning behavior over extended interactions. Clarus
operates as a stabilizing scaffold atop existing architectures. We propose that an invariant layer
of this kind may be a necessary component for robust, transferable intelligence.

SECTION 1 — Introduction

Al systems have grown in scale, yet they weaken when the structure of a task changes.

A model that answers factual questions may fail when asked to draw a logical conclusion from
the same material.

Across architectures, the pattern repeats: internal representations drift, continuity breaks, and
behaviour fragments across domains.

General intelligence needs stable relational structure as contexts shift.

Humans keep such invariants across perception, language, and reasoning.

Current Al systems do not.

Training creates patterns, but once deployed, nothing keeps core structure steady when
conditions change.

We propose that a stabilizing invariant layer is needed to support persistent reasoning identity
and cross-domain continuity.

Clarus provides such a layer.

It does not alter model weights.

It adds a structural scaffold that tracks key relational patterns in the model’s representation
space and anchors them to a canonical manifold.

This keeps structural identity intact as tasks and contexts change.

This paper has three goals:

« identify the structural gap in current Al systems
« present the Clarus invariant architecture
» show early results from models equipped with this scaffold

We argue that an invariant layer may be a necessary component for the kind of robust,
transferable



SECTION 2 — The Structural Gap in Modern Al

Al systems can recognize patterns, generate fluent language, and solve complex tasks.
Yet when the structure of a problem shifts, their internal coherence degrades.

They continue to produce outputs, but the underlying representations and reasoning paths
reorganize in unstable ways.

2.1 Representation Drift

As a model moves between tasks, the positions of core concepts within its representation
space shift unpredictably.

A concept that is stable in one context may distort or relocate in another.

Outputs remain plausible, but the structural relations that supported earlier interpretations no
longer hold.

2.2 Loss of Reasoning Continuity

A model may recall facts yet fail to draw a simple inference from them.

The reasoning chain fractures because no mechanism preserves or tracks logical relations as
the task changes.

The identity of a reasoning process does not persist across contexts.

2.3 Fragmentation Across Domains

A concept expressed in language, diagram, or code often produces separate internal
representations.

These do not align.

A rule recognized in text may not transfer to an equivalent visual or symbolic form, even when
the underlying structure is the same.

2.4 Absence of Structural Preservation

Training imprints relational patterns, but once deployed, nothing stabilizes them.
No layer monitors representational movement.

No reference configuration keeps core relations intact as inputs vary.

Without anchoring, internal structure drifts as tasks and modalities shift.

2.5 Architectural Limits

Transformers, diffusion systems, and code models extend performance and fluency.
They optimize within domains but do not preserve structural invariants across them.
They scale capability, but do not maintain coherence when moving between tasks or modalities.

SECTION 3 — Review of Current Approaches and
Their Structural Limits

Clarus Invariant Architecture v1.2 — Institutional Edition (Final Redraft)

Modern Al systems continue to scale, yet none includes the structural layer required to maintain
coherence across domains.

Capability increases, but relational identity does not persist when the task or modality
changes.

3.1 Large Language Models (LLMs)

LLMs absorb broad statistical structure and generate fluent text with emergent reasoning
behaviour.



Strengths

* generalisation across wide linguistic inputs

« strong recall and flexible pattern recognition
» multi-step reasoning under guided prompts

Structural Limits

* representations shift when task framing changes

* reasoning paths do not persist across prompt transitions

* no mechanism preserves core relational patterns over time

LLMs approximate generality but lack a stabilising reference structure.

3.2 GFlow Networks (GFlowNets)

GFlowNets generate trajectories proportional to reward, improving global exploration of state
spaces.

Strengths

* more consistent coverage of large configuration spaces
* improved exploration—exploitation balance

« stronger performance in long-horizon generation

Structural Limits

« flow stability collapses when domain structure shifts
* representational geometry reorganises unpredictably
* no canonical reference frame across tasks

GFlowNets expand exploration, not structural continuity.

3.3 AlphaCode and Program-Synthesis Models

Program-synthesis models operate over symbolic spaces, producing functional code that
satisfies constraints.

Strengths

* precise symbolic pattern extraction

» effective navigation of large combinatorial spaces
* robustness under explicit syntactic rules

Structural Limits

* reasoning identity does not transfer across problem classes

* invariants learned in one modality collapse in others

* representations fragment between text, code, and diagrammatic forms

These systems scale symbolic search but do not preserve cross-domain relational structure.

3.4 Architectural Convergence and Shared Deficit

Across LLMs, GFlowNets, and program-synthesis models, the same pattern appears:

* local coherence is maintained
* global structural stability is not
« relational identity fails to persist across contexts

These architectures improve capability, not structural preservation.

The absence of a layer that monitors, anchors, and stabilises internal relational structure
defines the structural gap the invariant layer is designed to fill.



Refined Version (Node-2 Calibrated)

Clarus adds a structural layer that keeps relational organization stable as tasks and inputs vary.
It does not alter weights.

It identifies key relational dimensions in the model’s internal space, measures drift along those
dimensions, and applies minimal corrections to keep structure aligned.

The architecture has four components.

4.1 The 64 Structural Points

Clarus extracts sixty-four relational axes that remain stable across tasks.
How the axes are selected

» The base model is run across a diverse task set.

* Internal activations are recorded.

* Clarus identifies dimensions whose relational patterns remain consistent under task variation.
* The sixty-four most stable, high-impact axes are retained.

Each axis tracks a persistent relational property, such as:

« coupling strength between related concepts

« direction of a reasoning step

« alignment between symbolic and natural-language structures

* cross-modal correspondence between text and image features

These axes become a fixed reference spine.
They do not change after formation.

4.2 Canonical Manifold
The structural points are embedded in a fixed 64-dimensional reference space.
Definition

The canonical manifold is a 64-dimensional Euclidean space where each axis corresponds to
one structural point.
It stays invariant across:

* prompts

* tasks

* time

* modalities

Representations move; the manifold does not.
This holds relational identity steady across state transitions.

4.3 Monitoring Layer

Clarus continuously monitors the model’s internal state.
How drift is measured
For each structural point, Clarus computes:

« its current coordinates in representation space
* its expected coordinates on the canonical manifold
 the Mahalanobis distance between them



This distance captures structural deviation while accounting for covariance.
Significant drift indicates:

* reasoning instability

* cross-modal misalignment

« fragmentation of conceptual identity
» weakening of logical continuity

Instability is detected before it appears in output behaviour.

4.4 Corrective Projection

When drift crosses a threshold, Clarus applies a minimal correction.
Mechanism

It computes the smallest L2 adjustment that returns the internal state to the nearest valid point
on the manifold.

Properties

* weights remain unchanged

« corrections are local and minimal
« relational structure is restored

* reasoning continuity is preserved

The system is guided back into alignment without being overridden.

4.5 Behavioural Effects
Models augmented with Clarus show:
« steadier multi-step reasoning

* reduced representational drift

* cleaner cross-domain transfer

* robustness under shifting or extended tasks
« consistent internal identity across contexts

The model maintains coherence as conditions change.

SECTION 5 — Integration With Existing Model
Architectures

Clarus functions as an external structural layer above the base model.

It reads internal activations, measures drift in relational structure, and applies minimal
corrections to keep coherence intact.

Model weights never change.

Integration follows three stages.

5.1 Access to Internal States

Clarus needs read-only access to intermediate activations.

* LLMs: hidden states, attention outputs, residual streams
* GFlowNets: state and transition embeddings

» Code models: token and structure embeddings

* Vision models: patch or attention embeddings



The base model runs normally.
Clarus observes the internal trajectory without intervention.

5.2 Mapping to the Canonical Manifold

A projection connects the model’s activation space to the 64 structural axes.
Mapping procedure

« run the model across a diverse task suite

* record activations at selected layers

« fit a linear projection from activation space to the 64-axis manifold
* normalize coordinate scales

« fix the mapping after meta-training

This creates a stable reference link to the invariant layer.

5.3 Live Drift Tracking and Correction

During inference, Clarus:

* reads current activations

* projects them into the canonical manifold

* measures deviation using Mahalanobis distance

« applies the corrective projection when drift passes threshold

The correction modifies the current activation vector only.
Weights, attention patterns, and gradients remain untouched.
The model’s trajectory is steered without overwriting its behaviour.

5.4 LLM Integration

Observed signals

* hidden states
« attention maps
* residual pathways

Outcomes

* smoother multi-step reasoning

* reduced discontinuity across prompt boundaries
» more reliable cross-domain transitions

« stable identity during long sequences

5.5 GFlowNet Integration
Observed signals
« state embeddings

« transition vectors
« flow-value outputs

Outcomes

« steady long-horizon exploration
* reduced collapse under structural shifts
* cleaner adaptation when domain patterns change



5.6 Program-Synthesis Integration

Attachment points

* token embeddings
* abstract-syntax representations
* intermediate reasoning traces

Outcomes

« alignment across text, code, and symbolic forms
* preserved reasoning identity across problem classes
* less fragmentation when task formats shift

5.7 Computational Cost

Requirements

* read access to activations
* one learned projection matrix
* lightweight correction module

No retraining.
No architectural changes.
No special hardware.

Typical overhead

* under 1% storage increase
« under 5% inference latency

5.8 Model-Agnostic Layer

Clarus attaches to any system that exposes internal state:

« transformers

« diffusion and flow models
* graph networks

* recurrent architectures

The invariant layer is unchanged across model families.

SECTION 6 — Evaluation and
Results

Clarus is evaluated as a stabilizing layer applied to a pretrained LLaMA-2-7B model.
Weights were not modified.
All changes reflect structural stabilization only.

Evaluations measure drift, reasoning continuity, cross-domain transfer, and stability under
shifting conditions.

Comparisons use:

* Base: LLaMA-2-7B
* Augmented: LLaMA-2-7B + Clarus

All numbers represent averaged runs with variance and significance reported.



6.1 Evaluation Framework
A. Drift Stability

Assesses how relational structure shifts across task transitions.
Metric: Mahalanobis drift between structural points before and after task changes.

B. Reasoning Continuity

Evaluates whether multi-step reasoning remains consistent when prompts are rephrased.
Chain Continuity Score: cosine similarity between intermediate activation trajectories across
variations.

C. Cross-Domain Transfer

Tests whether a concept introduced in one medium persists in others.
Measured via accuracy on held-out tasks in:

* text

» diagrams

* code

* symbolic forms

Embedding alignment across formats is also evaluated.

6.2 Experiment 1 — Representation Drift

Sequential pipeline: classification — reasoning — translation — analogy.

Condition Mean Drift (* SD) p-value
Base 1.00£0.14 (ref)
Clarus 0.41 +£0.09 < 0.001

Drift decreased = 59%.
Relational structure held steady across task shifts.

6.3 Experiment 2 — Reasoning Continuity Under
Reframing

Ten paraphrased variants of the same reasoning task.

Condition Chain Continuity (+ SD) p-value
Base 0.62 +0.11 (ref)
Clarus 0.83 £ 0.06 < 0.001

Intermediate reasoning steps aligned despite wording changes.

6.4 Experiment 3 — Long-Sequence Stability

50-turn mixed-domain dialogue.
Identity Stability Score: consistency of core conceptual embeddings over time.



Condition Identity Stability (+ SD) p-value
Base 0.57+£0.13 (ref)

Clarus 0.86 + 0.07 < 0.001

The augmented model kept a stable conceptual identity across long sequences.

6.5 Experiment 4 — Cross-Domain Transfer

Concept introduced in text; evaluated in code, diagram, and symbolic tasks.

Domain Base (* SD) Clarus (+ SD) A p-value
Code 42% + 6% 68% * 5% +26 <0.01
Diagram 39% + 7% 64% + 6% +25 < 0.01
Symbolic 45% £ 6% 71% + 5% +26 < 0.01

The structural identity of the concept persisted across formats.

6.6 Experiment 5 — Stability Under Stress
Conditions

Stress regime: rapid domain shifts, conflicting prompts, modality alternation, context resets.

Condition Recovery Steps (Mean + SD)
Base 7-12
Clarus 3-5

Clarus reduced collapse and shortened recovery after shocks.

6.7 Summary of Gains

Clarus improved:

« drift stability

* reasoning continuity

* long-sequence coherence

* cross-domain transfer

« structural recovery under stress

These gains come from stabilizing relational structure — not altering capability or learned
knowledge.

6.8 Interpretation

The invariant layer maintains:



* relational identity

* reasoning continuity

» modality-to-modality alignment
 temporal coherence

Clarus does not increase raw intelligence.
It prevents structural loss as tasks, formats, and contexts shift.

This supports the claim that a stabilizing invariant layer may be necessary for robust, general
reasoning.

SECTION 7 — Mechanistic Insight:
Why the Invariant Layer Works

Clarus stabilizes internal structure without touching model weights.
It intervenes inside the representation space before drift becomes fragmentation.
It preserves relational organization, not behavior.

7.1 Source of Drift in Modern Models

Models operate in high-dimensional activation spaces.
Small changes in prompt framing can push the system into new relational regions.

These spaces are uneven.
A minor perturbation can shift:

« concept linkages
* reasoning direction
* cross-modal alignment

The output may appear fluent, but the internal geometry changes.
No built-in mechanism keeps structure steady once context moves.

7.2 Structural Points as Anchors

The sixty-four structural points are the most stable relational axes observed across tasks.
They capture:

« coupling between linked concepts

« direction of a reasoning step

« alignment across modalities

* mappings between symbolic and natural-language forms

These axes should remain fixed.
When they move, the system is losing coherence.
Tracking them exposes instability before behavior diverges.

7.3 Role of the Canonical Manifold

The canonical manifold provides a fixed coordinate frame for these axes.
It stays constant across prompts, domains, and time.

Without a fixed frame, drift is invisible because everything moves together.
With it, drift becomes measurable and correctable.



7.4 Drift Measured as Mahalanobis Distance

Clarus measures deviation using Mahalanobis distance between current and reference
coordinates.
This accounts for covariance between axes, capturing:

* joint shifts
+ independent shifts
» amplified or offset movements

This makes drift a structured signal, not noise.

7.5 Corrective Projection as Soft Constraint

When drift exceeds threshold, Clarus applies the minimal L2 projection needed to guide the
state back toward the manifold.

This acts as a soft structural constraint:

» weights never change

« corrections are local and reversible

* reasoning content is preserved

» coherence is restored without overriding decisions

It shifts where the model thinks, not what it thinks.

7.6 Effect on Reasoning Stability

Stable reasoning needs consistent relational direction across steps.
Without stability, multi-step chains reorganize when prompts are rephrased.

Clarus holds the relational frame steady, preventing:

* mid-chain drift
« collapsing logical routes
* identity changes between paraphrases

This produces higher chain continuity and more reliable reasoning.

7.7 Effect on Cross-Domain Transfer

Models usually form separate internal structures for text, code, diagrams, and symbolic inputs.

Clarus anchors all formats to the same structural coordinates.
When internal structure is shared, cross-domain transfer emerges naturally.

This is why Clarus consistently raises code/diagram/symbolic transfer accuracy.

7.8 Effect on Stress Recovery

Rapid shifts, conflicting instructions, or alternating modalities destabilize structure faster than
outputs reveal.

Clarus detects drift early, applies minimal correction, and restores alignment.
Recovery shortens, and collapse is avoided.



7.9 Summary

Clarus works because:

* representational drift is real
« drift precedes behavioral failure
 small structural corrections prevent loss of coherence

The invariant layer provides:

« fixed relational anchors

* a stable frame of reference
« early drift detection

* minimal correction

« preserved internal identity

The underlying model stays intact.
Clarus keeps its structure coherent as conditions change.

SECTION 8 — Implications for AGI

Clarus adds a structural layer that preserves relational identity as tasks and domains shift.
This section outlines why such a layer may be essential for AGI.

8.1 AGI Requires Structural Persistence

General intelligence depends on stable relational structure across changing conditions.
Humans keep this stability across perception, language, and reasoning.

Current Al systems do not.

They reorganize internally when the task changes, dissolving the reasoning identity they held
moments earlier.

AGI cannot rely on representations that fall apart under context variation.

8.2 Current Architectures Hit a Structural Ceiling

LLMs, GFlowNets, and symbolic code models excel within domains.

They scale capability.

They increase fluency, recall, and exploration.

But they do not maintain stable internal relations when shifting domains or modalities.

This is an architectural ceiling.
They lack mechanisms that:

» anchor persistent relational structure
* preserve cross-domain coherence

* maintain continuity over time

* resist representational drift under shift

As a result, capability grows while coherence collapses.

8.3 The Invariant Layer as the Missing
Component

Clarus introduces the stabilizing mechanism these architectures lack:



« fixed relational anchors

* a canonical manifold

* live drift detection

* minimal corrective projection

» continuity across domains and time

The base model keeps its weights.
Clarus keeps its structure.

AGI requires the ability to remain the same cognitive agent while moving across tasks.
That is exactly what an invariant layer provides.

8.4 Toward Domain-Robust Intelligence

A general intelligence must remain coherent when:

« switching modalities

« shifting reasoning style

« integrating symbolic and natural-language forms
* handling long multi-step tasks

« operating under conflicting or noisy inputs

Clarus supports these capacities by anchoring internal structure across transitions.
This produces:

« stable reasoning

* persistent identity

* reliable cross-domain mapping

* consistent conceptual grounding

These map cleanly onto classical definitions of general intelligence—the flexible retention and
application of structure across domains.

8.5 AGI as a Stability Problem, Not a Scale
Problem

The field currently frames AGI as a question of scale:
more parameters, more compute, more data, better sampling.

But general intelligence does not emerge from size alone.
It emerges from continuity and stability.

Without structural preservation, adding scale amplifies drift.
Larger models often exhibit more subtle and complex forms of representational instability,
making the absence of a coherence mechanism an even more critical failure mode.

AGl is fundamentally a stability problem, not a scale problem.

8.6 AGI Requires an Invariant Layer

Empirical evidence shows:

« drift appears before output failure
* reasoning continuity collapses under reframing
« cross-domain alignment is unstable



* identity weakens over long interactions
« rapid shifts cause structural disorganization

An invariant layer counters all of these modes of failure.
It provides a stable relational backbone as the model moves.

AGI is unlikely to emerge without a mechanism that preserves internal relational structure
across contexts.

8.7 Clarus as a Candidate Foundation

Clarus provides:

» a fixed structural spine

* model-agnostic integration

* minimal computational footprint

« stable reasoning identity

* cross-domain relational continuity

« coherence under drift, stress, and rephrasing

It does not add skills.
It protects structure.
It keeps the model coherent as the world shifts.

Such structural stability may be a foundational requirement for any intelligence that aims to be
truly general.

SECTION 9 — Conclusion

Al systems continue to expand in scale and capability, yet they struggle to maintain stable
internal structure when task conditions change. Representations drift, reasoning continuity
breaks, and the system’s operational identity weakens across time and across domains.

This work advanced one claim:
robust, general intelligence needs a stabilizing layer that preserves relational structure as
contexts shift.

Clarus provides this layer.
Key properties shown:

» model weights stay untouched

« relational structure is monitored in real time

« drift is detected before behavior degrades

* minimal projection restores alignment

* reasoning chains remain intact under paraphrase

« concepts keep identity across text, code, and diagrams
« internal identity holds across long interaction windows

These gains do not arise from added capability.
They arise from preventing structural degradation during operation.

The conclusion is simple:

general reasoning depends on stable relational organization.
Current architectures do not enforce this stability.

An invariant layer can supply it.



Clarus demonstrates this principle.
It shows that coherence can be preserved without retraining, scaling, or architectural redesign.

Next steps:

* broaden evaluation across more tasks and domains

« attach Clarus to more model families and modalities

» automate adaptive drift thresholds

« explore alternative anchoring schemes and manifold geometries

The invariant layer lets a model remain the same cognitive agent as conditions change.
This is not an optimization tweak.
It is a foundational requirement for general intelligence.

Appendix
Technical Feasibility Analysis (Final Refined Version)

Scope

Quantify compute, memory, and latency overhead of the Clarus invariant layer on a pretrained
LLaMA-2-7B model during inference. Clarus reads internal activations, measures drift, and
applies minimal corrective projections. Model weights remain unchanged.

Assumptions

Hidden size: d

Layers: L= 32

Tapped layers: S =4
Sequence length: T
Batch size: B
Structural axes: K = 64

Recommended tap points

Use mid and late layers — {12, 18, 24, 30}.

These layers capture the transition from mid-level semantic composition to high-level
reasoning, while avoiding:

« early layers dominated by lexical noise

« final layers too close to output logits for stable anchoring

1. Per-Token Computation

Projection to manifold

y =PTh

P € RNdxK)

Cost per tap: dK mult-adds

Drift metric

m=(y-pPTrC'(y-p)

M € RAK, C' € RMKxK)

Cost: O(K?) — negligible compared to dK

Corrective projection (conditional)

If m exceeds threshold:

« compute Ay via minimal L2 projection

* back-map: Ah = RAy, with R € RA(dxK)
Cost per tap: dK



Total per tap = 2dK
K? cost is insignificant.

2. Example Calculation — LLaMA-2-7B
d =4096, K =64, S = 4

Projection + back-map:
2xdxKxS

=2 x 4096 x 64 x 4

~ 2.10M mult-adds

Drift metric cost:
= 16k mult-adds

Total Clarus overhead: ~2.12M mult-adds/token

Baseline forward pass per token: hundreds of millions
Clarus share: ~1-4%

Correction frequency:

Drift thresholds trigger corrections on ~5-15% of tokens.

This lowers effective overhead because the more expensive back-projection step is only
applied to a fraction of states, bringing real-world cost closer to the 1% lower bound.

3. Latency Impact

* Overhead scales linearly with B, T, S

* With fused bf16 kernels: +2-5% latency at S = 4
* Streaming decode preserved

* KV cache unchanged

4. Memory Footprint
Projection matrices P, R per tap:
2dK parameters x S

d=4096,K=64,S =4
Total parameters: 2,097,152

Memory:
* bf16 =4 MB
« fp32=8 MB

p and C" negligible.

5. Precision Plan

* Projections/back-maps in bf16

* Drift metric in fp32

» C" precomputed with shrinkage
« Stable across long sequences

6. Threshold Calibration

« Estimate drift distribution m on held-out sequences
+ Set threshold in 85th—95th percentile



» Dead-band to reduce oscillation
* Clip Ay to prevent over-correction

7. Placement Strategy

» Tap mid + late layers for maximal structural leverage
» Gate corrections by drift magnitude

« Safety off-switch for rare edge cases

* Avoid noisy early layers

8. Scaling & Deployment

* Linear overhead; micro-batching unaffected

» Compatible with tensor, pipeline, DP parallelism

* Multi-GPU inference unaffected

» Works wherever hidden states are exposed: TensorRT, vLLM, TGI, DeepSpeed-Inference
» CPU fallback viable at reduced throughput

9. Multimodal Extension

» Same d,K,S projection for text tower

« Tap vision tower near cross-attentional alignment layers
+ Shared 64-D manifold unifies modalities

» Extra compute = 2dK per tapped vision layer

10. Failure Modes & Safeguards

» Misaligned projection: conservative thresholds + off-switch
» Over-correction: Ay clipping

» OOD geometry: per-axis z-score gating

« Drift spikes: correction caps + temporal smoothing

11. Feasibility Verdict

Compute cost: <5% overhead

Memory: ~4—-8 MB

Latency: +2-5%

Engineering complexity: Low to moderate

(Requires standard activation hooks; kernel modifications unnecessary)
Deployment: Fully viable for production inference

Conclusion:
Clarus is lightweight, model-agnostic, and deployable. It integrates cleanly into real systems
with minimal overhead while providing structural stability unavailable through scale alone.
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