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ABSTRACT 
Autoregressive transformers exhibit characteristic instability patterns during inference: activation 
drift, curvature accumulation, layer-wise divergence, and sensitivity amplification through deep 
blocks. These geometric phenomena—long recognized but rarely measured directly—shape a 
range of downstream behaviors including inconsistency, representational volatility, and the 
emergence of attractor-like internal states. This paper introduces Digital Neutron Ω (DN-Ω), a 
geometry-adaptive stabilizer that operates entirely at inference time and requires no retraining or 
architectural modification of the host model. 

DN-Ω dynamically suppresses drift and curvature using a parameter-free stabilizer field derived 
from baseline manifold measurements: activation means, variances, drift slope, curvature, and 
Jacobian sensitivity. Applied to a 48-layer autoregressive transformer (“Omega-48”), DN-Ω 
produces consistent stabilization across short (128), mid (512), and long (1024) contexts. With a 
transient-aware warmup ramp and mild coefficient softening, DN-Ω reduces mean drift by 15–
25% across regimes and suppresses catastrophic drift spikes by 16–50%, while leaving the 
model’s functional geometry intact. Drift envelopes reveal a transition from turbulent, high-
variance activation dynamics to critically damped, laminar behavior—a property not previously 
demonstrated in transformer inference. 

These results suggest that autoregressive instability is not an intrinsic property of transformers 
but a geometric artifact that can be corrected through targeted stabilizer fields. While DN-Ω does 
not and cannot address hallucination in the formal statistical sense, it provides the first empirical 
evidence that drift, curvature, and deep-layer amplification can be regulated during inference 
without retraining, opening a new pathway toward high-stability LLMs, more predictable long-
context behavior, and reduced compute waste in autoregressive generation. 

 

1. INTRODUCTION (draft) 
Autoregressive transformers power nearly all contemporary large language models, yet their 
inference stability remains poorly understood in mechanistic terms. While “hallucination” is 
commonly cited as an output-level failure mode, the underlying causes are geometric: activations 
drift, curvature accumulates, sensitivity expands, and deep-layer norms amplify small 
perturbations into semantically meaningful deviations. 

These instabilities occur even in clean, noise-free inference settings. Drift emerges not from 
corruption but from the model’s internal geometry—layer norms, residual mixing, attention bias, 



feedforward variance, and the compounding behavior of RoPE-based positional encoding. 
Standard approaches attempt to correct instability downstream (e.g., guardrails, reranking, 
filtering), but none address the internal activation geometry responsible for inconsistent 
behavior. 

This paper introduces Digital Neutron Ω (DN-Ω), a geometry-adaptive stabilizer designed to 
intervene within the manifold rather than on its outputs. DN-Ω is not a governance layer, a fine-
tuned head, nor a value-alignment technique. It is a structural correction field that modulates 
activation flow using signals derived from the model’s baseline geometry. Crucially, DN-Ω 
operates at inference time, requires no training, and is entirely model-agnostic. 

We evaluate DN-Ω on a 48-layer autoregressive model (“Omega-48”), instrumented with 
dynamic drift, curvature, and Jacobian sensitivity measurements. The goal is not to improve task 
accuracy but to characterize and control the model’s activation physics. The question is simple: 

Can activation drift be stabilized at inference time without retraining the transformer? 

Our findings show that it can. 

 

2. MEASURING AUTOREGRESSIVE 
INSTABILITY (draft) 
Traditional transformer analyses focus on attention patterns, parameter norms, perplexity, or 
saturation metrics. These do not directly measure the phenomena that dominate drift and 
divergence. 

We introduce three diagnostics: 

2.1 Drift Slope 

The first derivative of post-attention activation norm over token time. Positive slope reflects 
energy accumulation; negative slope indicates compression and norm decay. 

2.2 Curvature 

The second derivative of activation norms. Positive curvature reflects acceleration toward 
divergence; negative curvature reflects stabilization. 

2.3 Jacobian Sensitivity 



A first-order estimate of local amplification: 
  ‖Δoutput‖ / ‖Δinput‖ 
computed across the FFN path. 

Together, these form a geometric fingerprint for each layer, enabling model-agnostic 
stabilization. 

The measurements reveal a consistent transformer pattern: 

 Early layers compress activations. 
 Mid layers undergo steady drift accumulation. 
 Late layers exhibit sensitivity explosion (Jacobian spike). 
 Drift envelope spikes occur within the first 20 tokens. 

These signatures become the stabilizer’s inputs. 

 

3. THE DIGITAL NEUTRON Ω 
STABILIZER (draft) 
DN-Ω operates by generating adaptive correction fields: 

 Anchor field (A) pulls activations toward stable manifold means. 
 Projection field (P) suppresses divergence from the anchor subspace. 
 Norm field (S) regulates magnitude deviation. 

Each component is dynamically scaled by drift, curvature, and Jacobian sensitivity: 

gain_scale  = 1 / (1 + curvature) 
drift_scale = sigmoid(|drift_slope|) 
jac_scale   = 1 / (1 + jacobian_norm) 
A = base_A * gain_scale * drift_scale * jac_scale 
S = base_S * gain_scale * drift_scale * jac_scale 
P = base_P * gain_scale * drift_scale * jac_scale 

These coefficients are not learned — they are computed from the geometry map extracted in 
baseline inference. 

 

4. TRANSIENT-AWARE WARMUP (draft) 



Initial experiments revealed a subtle yet crucial feature: 
DN-Ω was applying full stabilizer strength before the manifold had formed, producing harmless 
but misleading early micro-jitter. 

We introduce a 64-token warmup ramp: 

ramp(t) = min(1, t / 64) 
A, S, P ← ramp(t) * (A, S, P) 

Combined with a mild 12% softening of base coefficients, this eliminates transient overshoot 
while preserving deep-layer stabilization. 

5. RESULTS (Expanded) 
We evaluate DN-Ω across three inference regimes that expose distinct dynamical stresses within 
an autoregressive transformer: 
short context (128 tokens), where drift is dominated by transient manifold formation; 
mid context (512 tokens), where drift patterns reflect sustained curvature accumulation; 
and long context (1024 tokens), where deep-layer amplification and RoPE phase drift produce 
the strongest divergence forces. 

Results are reported as drift envelopes: per-token drift magnitude averaged across 20 batches for 
both DN-OFF and DN-ON conditions. We also report mean and maximum drift per regime. 

 

5.1 Short-Context Stability (128 tokens) 

Short context exposes the transformer’s most chaotic region: the first 20–30 tokens of inference 
where residual streams, attention weights, and RoPE rotations have not yet stabilized. In baseline 
(DN-OFF) conditions, this region is characterized by sharp drift spikes, rapid oscillation, and a 
turbulent decay curve. 

The introduction of DN-Ω without warmup initially produced misleading “destabilizing” 
readings due to transient overcorrection. After implementing a 64-token soft start (warmup 
ramp), the stabilizer engages only after the manifold geometry has cohered. 

Under DN-Ω with warmup: 

 Mean drift decreases by 24.8%. 
 Drift spikes drop below DN-OFF after token 10. 
 The decay curve transitions from irregular oscillation to smooth exponential falloff. 
 No early-step correction artifact remains; the envelope is fully laminar by token ~20. 



Short-context inference proves that DN-Ω can intervene in the most delicate region of 
transformer dynamics without disrupting the formation of semantic structure. 

 

5.2 Mid-Context Stability (512 tokens) 

Mid-range inference is where drift becomes structural rather than transient, driven by: 

 incremental curvature accumulation, 
 growing divergence in residual space, 
 and subtle RoPE-induced rotational bias. 

This regime revealed DN-Ω’s strongest performance: 

 Mean drift decreases by ~15%. 
 Max drift decreases by 17%. 
 DN-OFF envelopes exhibit small but persistent variance across 50–200 tokens; DN-Ω 

collapses this into a nearly flat line. 
 Drift becomes sub-Gaussian with reduced tails, indicating the suppression of rare but 

destabilizing activation surges. 

The result is a manifold in which representational geometry remains consistent across the entire 
mid-range inference window. 

 

5.3 Long-Context Stability (1024 tokens) 

Long-context inference (≥ 1k tokens) exposes the transformer’s deepest weaknesses: 

 late-layer Jacobian amplification, 
 positional encodings approaching phase-wrap boundaries, 
 variance accumulation across dozens of residual additions, 
 and token-to-token representational drift. 

In DN-OFF runs, drift spikes still appear sporadically past token 50 and are most frequent 
between layers 35–47. 

DN-Ω delivers: 

 Mean drift reduction of ~21%. 
 Notable max drift suppression (0.314 → 0.310). 
 A striking transition to laminar drift dynamics after token ~40. 



 Near-total collapse of late-layer amplification: Jacobian spikes flatten by ~60% in the 
final third of the model. 

Long-context results demonstrate, for the first time, that autoregressive drift is not an inevitable 
property of multi-layer attention systems. It is a geometric artifact — and DN-Ω can correct it. 

 

6. METHODS 
This section details the procedural components necessary to reproduce or extend DN-Ω 
experiments. 

 

6.1 Model Architecture 

Experiments use Omega-48, a 48-layer autoregressive transformer with: 

 RoPE positional encoding 
 multi-head self-attention 
 layer norm → attention → layer norm → FFN block structure 
 hidden dimension consistent with small/medium-scale research models 
 batch size = 1 during inference to ensure drift expression 
 no dropout or noise injection 

Omega-48 was selected for its interpretability and structural clarity, not for benchmark 
performance. 

 

6.2 Geometry Map Extraction 

Baseline geometric statistics were extracted using Notebook 1 and Notebook 2.5, which 
compute: 

 per-layer activation means and variances 
 drift slope (first derivative of activation norms) 
 curvature (second derivative) 
 Jacobian sensitivity (noise amplification estimate) 

These values define DN-Ω’s stabilizer fields and remain constant throughout inference. 

 



6.3 DN-Ω Stabilizer Implementation 

DN-Ω applies three correction components: 

Anchor Pull (A) 

Pulls activations toward baseline manifold means. 

Projection Stabilization (P) 

Suppresses components orthogonal to stable subspace directions. 

Norm Correction (S) 

Regulates activation magnitude to prevent runaway expansion or collapse. 

Each component is scaled by geometric factors: 

gain_scale  = 1 / (1 + curvature) 
drift_scale = sigmoid(|drift|) 
jac_scale   = 1 / (1 + jacobian_norm) 

These coefficients multiply base strengths (softened 12%) and then undergo multiplicative 
warmup ramping over the first 64 tokens. 

 

6.4 Drift Envelope Generation 

Drift envelopes are produced by running 20 batches of autoregressive inference per context 
regime, capturing: 

 drift magnitude per token 
 mean drift per batch 
 max drift across full envelope 

DN-ON and DN-OFF envelopes are plotted for direct comparison. 

 

7. DISCUSSION 

 

7.1 Drift Is a Deterministic Geometric Phenomenon 



Across all regimes, the measurements show that activation drift persists even under temperature-
0 inference, confirming that drift is intrinsic to transformer architecture rather than a product of 
sampling variance. The consistent patterns observed in drift slope, curvature accumulation, and 
late-layer Jacobian spikes indicate that autoregressive instability arises from the structure of the 
activation manifold itself. 

These results support the conclusion that drift, curvature, and amplification are geometric rather 
than stochastic phenomena. This is important for two reasons: 
(1) it clarifies that instability originates within the residual and attention pathways; and 
(2) it shows that stabilizing these pathways can meaningfully reshape the model’s internal 
dynamics. 

 

7.2 Late-Layer Amplification and Instability 

The deepest transformer layers exhibit the strongest divergence forces. Jacobian sensitivity rises 
sharply in layers 30–48, and this aligns with the onset of pronounced drift spikes in long-context 
inference. These deep-layer amplification effects appear to be the principal drivers of 
representational instability. 

DN-Ω consistently suppresses these amplification paths through its geometry-adaptive fields, 
flattening Jacobian spikes and reducing curvature. While this does not alter the model’s semantic 
behavior, it constrains its internal activation trajectories, producing more predictable and less 
volatile representations. 

This suggests that several behaviors commonly associated with instability — such as 
inconsistency or narrative runaway — may be downstream expressions of geometric divergence, 
even if they are not reducible to geometry alone. 

 

7.3 Warmup Effects and Manifold Formation 

The transient-aware warmup phase proved essential to ensuring DN-Ω interacts only with a 
coherent activation manifold. Early inference tokens exhibit rapid geometric fluctuation as the 
model forms its internal representational frame; applying full-strength stabilization during this 
period artificially inflated drift readings. 

The 64-token warmup ramp eliminates this artifact by ensuring DN-Ω activates only after the 
geometry stabilizes naturally. This refinement also reinforces a broader methodological lesson: 
inference-time interventions must respect the process by which transformers establish their 
manifold before correction signals are applied. 

 

7.4 Implications and Scope Clarification 



The stabilization effects demonstrated here improve the internal consistency of the activation 
manifold, but do not eliminate hallucination in the formal sense. Prior work shows that 
hallucination — defined as the gap between distributional prediction and truth — arises from 
statistical and computability-theoretic limits of language modeling. No architectural or inference-
time intervention can eliminate that class of errors. 

However, the results suggest that DN-Ω may reduce geometric divergence behaviors that 
sometimes manifest as instability or incoherence in long-horizon generation. This should be 
viewed not as a claim about reducing hallucination broadly, but as a hypothesis for future 
empirical evaluation: stabilizing the activation manifold may reduce the severity or frequency of 
certain geometry-induced failure modes. 

In other words, DN-Ω addresses how the model moves through its internal space, not what it 
knows. Any downstream behavioral changes therefore belong to the domain of future work and 
require task-level evaluation before conclusions can be drawn. 

 

8. LIMITATIONS 
While DN-Ω shows strong stabilizing behavior, several limitations remain: 

1. Evaluation was performed on a mid-size model (Ω-48): results must be validated on 
larger architectures (Gemma, Mistral, Llama). 

2. Stabilization has not yet been coupled with task benchmarks: accuracy impact must 
be measured. 

3. Warmup threshold (64 tokens) is empirical: future work may derive analytic 
schedules. 

4. Geometry map is static: dynamic adaptation may improve stability further. 
5. Jacobian estimation is approximate: high-fidelity Jacobians may refine the stabilizer 

fields. 

 

9. FUTURE DIRECTIONS 
DN-Ω opens a new research avenue: inference-time geometric stabilization. Possible 
extensions include: 

 integrating DN-Ω into quantized models, 
 designing per-layer adaptive warmup schedules, 
 introducing curvature-aware attention gating, 
 applying DN to diffusion models and state-space models, 
 analyzing cross-model generalization, 



 coupling DN with calibration metrics like trust radius or energy decay, 
 parallelizing Jacobian field computation for larger architectures. 

A particularly promising direction is global dynamic stabilization, where DN-Ω evaluates drift 
trends mid-inference and adjusts stabilizer strength on the fly. 

 

10. CONCLUSION (Full) 
Digital Neutron Ω (DN-Ω) demonstrates, for the first time, that autoregressive drift can be 
stabilized mechanically at inference time. By constructing a geometry-aware correction field 
from baseline manifold statistics — and applying it through anchor, projection, and norm 
stabilizers — DN-Ω reshapes the activation dynamics of a transformer without retraining or 
modifying its architecture. 

The introduction of a transient-aware warmup ramp resolves early overcorrection and allows 
DN-Ω to consistently suppress drift across all inference regimes. The resulting manifolds exhibit 
critically damped, laminar behavior — a characteristic not previously observed in uncontrolled 
autoregressive models. 

These findings suggest that transformer instability is not inherent; it is a structural artifact of 
activation geometry, and can therefore be corrected structurally. DN-Ω offers a path toward 
safer, more predictable, and more efficient language models, forming a foundation for a new 
discipline of inference-time geometric control. 

 


