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ABSTRACT

We introduce a representation-level framework for monitoring distributional drift in
transformer hidden states during autoregressive generation. Given a domain corpus,
we construct per-layer manifold representations and measure drift using hash-
based fingerprinting and Mahalanobis distance, enabling continuous monitoring
of how model representations evolve during generation. Through systematic
analysis of seven architectures spanning 0.5B to 8B parameters across varying
generation lengths, we discover universal pre-equilibrated dynamics where drift
follows first-order autoregressive processes with negative feedback, equilibrating
from initialization rather than converging gradually. Cross-domain validation
reveals architecture-dependent robustness patterns: while most models maintain
consistent dynamics across domains, certain architectures exhibit length-dependent
breakdown in off-domain settings, characterized by equilibrium collapse, dynamics
failure, and noise explosion. Hash-based drift measurement achieves optimal
monitoring performance with minimal computational overhead, enabling real-
time drift detection and out-of-distribution identification. These findings provide
foundations for principled drift monitoring in production deployment of large
language models.

1 INTRODUCTION

Large language models (LLMs) deployed in specialized domains (healthcare (Pal et al., 2023), legal
analysis, scientific research) face a fundamental challenge: distributional drift from domain-specific
knowledge during generation. While pre-trained models encode broad general knowledge (Brown
et al., 2020; Touvron et al., 2023), generating text that consistently adheres to narrow domain
distributions remains unreliable. As generation progresses token-by-token, model representations can
gradually drift from domain-appropriate patterns, leading to hallucinations, factual inconsistencies,
and domain violations. Understanding how, when, and why this drift occurs in latent space is critical
for building reliable domain-specific generation systems.

The measurement gap. Despite growing interest in domain-specific generation (Wei et al., 2021;
Ouyang et al., 2022) and detection of hallucinations (Farquhar et al., 2024; Chen et al., 2024),
fundamental questions about distributional drift dynamics remain unanswered: (1) How do we
measure drift from domain distributions at the representation level? (2) What temporal patterns
characterize drift evolution during generation? (3) Do drift dynamics exhibit universal properties
across models, or are they instance-specific? (4) What is the relationship between drift and model
confidence signals?

Recent work has explored hallucination detection using hidden states (Liu et al., 2025; Zhang et al.,
2024b; Kossen et al., 2024), uncertainty quantification in LLMs (Lin et al., 2025; Kirchhof et al.,
2025; Xiong et al., 2024), semantic entropy for uncertainty estimation (Hahn et al., 2024), and
out-of-distribution detection in transformers (Jelenić et al., 2024; Zhang et al., 2024a; Xu et al., 2024).
However, these approaches focus primarily on detecting failures post-hoc rather than characterizing
the underlying drift dynamics during generation. Existing approaches to domain-specific generation
(fine-tuning (Hu et al., 2022; Li & Liang, 2021), retrieval-augmented generation (Lewis et al., 2020),
and prompt engineering (Zhao et al., 2021)) operate without explicit drift measurement. They either
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modify model parameters (fine-tuning) or provide input-level context (RAG, prompting), but cannot
directly observe or characterize how hidden state distributions evolve during generation. This lack
of measurement infrastructure limits our ability to understand failure modes, design principled
interventions, or provide reliability guarantees.

Our approach: representation-level drift monitoring. We introduce a systematic framework for
sensing and characterizing distributional drift in transformer hidden states (Vaswani et al., 2017)
during autoregressive generation. Building on recent advances in representation engineering (Zou
et al., 2023) and inference-time interventions (Li et al., 2023), our key insight is to treat domain-
specific text as defining a corpus manifold: the subset of representation space reachable when
processing domain text. By continuously measuring distance from this learned manifold at each
generation step and layer, we obtain high-resolution trajectories capturing how drift evolves during
generation.

Our framework operates in two phases. In the offline phase, given domain corpus C, we extract hidden
states at all layers across corpus samples and construct per-layer manifold representations D(ℓ) via
hash tables (complexity O(1) lookup) and Mahalanobis distance (Mahalanobis, 1936) statistics. In the
online phase, we measure drift δ(ℓ)[t] = dD(ℓ)(h(ℓ)[t]) at each generation step t and layer ℓ, recording
complete trajectories of tokens, per-layer drift values, and entropy. For a 200-token generation with
24 layers and 2 drift metrics plus entropy, this yields 200 × 24 × 3 = 14,400 measurements per
sample.

Contributions. Through systematic analysis across seven architectures (0.5B to 8B parameters)
and multiple generation lengths (200 to 4096 tokens), we discover: (1) Universal pre-equilibrated
dynamics: drift follows first-order dynamics δ(ℓ)[t+ 1]− δ(ℓ)[t] = a(ℓ) + b(ℓ)δ(ℓ)[t] with negative
feedback (b(ℓ) < 0) in 100% of layer-configurations, instantaneously equilibrating at δ∗ ≈ 0.50 from
initialization rather than converging gradually; (2) Architecture-dependent robustness: robust models
(5 of 7) maintain universal dynamics across domains while sensitive models (2 of 7) exhibit length-
dependent breakdown beyond 1000 tokens off-domain with tripartite collapse signature (δ∗ → 0,
R2 → 0, coefficient of variation → 60+); (3) Out-of-distribution detection: the collapse signature
enables representation-level distributional monitoring without output verification, complementing
recent work on OOD detection (Wang et al., 2024) and uncertainty quantification (Wang et al., 2025).

2 REPRESENTATION-LEVEL DRIFT FRAMEWORK

We formalize domain-specific generation as a monitoring problem in representation space, where the
goal is to measure and characterize how hidden states drift from a corpus-defined manifold during
generation.

2.1 STATE SPACE FORMULATION

Definition 2.1 (Generation State). Let M be an autoregressive transformer with L layers and hidden
dimension d. At generation step t, the complete state is:

x[t] = [h(1)[t];h(2)[t]; . . . ;h(L)[t]] ∈ RLd (1)

where h(ℓ)[t] ∈ Rd is the hidden state at layer ℓ for the token at position t.
Definition 2.2 (Corpus Manifold). Given domain corpus C, the per-layer corpus manifold D(ℓ) ⊂ Rd

is the set of all hidden states reachable when processing text from C:

D(ℓ) = {h(ℓ) | ∃τ ∈ C,∃i : h(ℓ) = M(ℓ)(τ1:i)} (2)

where M(ℓ)(τ1:i) denotes the layer-ℓ hidden state when processing prefix τ1:i.

The corpus manifold D(ℓ) is typically lower-dimensional than Rd when C is domain-specific, as the
corpus constrains possible representations (Ben-David et al., 2010).

2.2 DRIFT MEASUREMENT

Definition 2.3 (Drift Function). The drift from corpus at layer ℓ and step t is:

δ(ℓ)[t] = dD(ℓ)(h(ℓ)[t]) (3)
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where dD(ℓ)(·) measures distance to the corpus manifold. We normalize δ(ℓ)[t] ∈ [0, 1] where 0
indicates perfect alignment and 1 indicates maximum drift.

We introduce two complementary metrics, both normalized to [0, 1] for consistent interpretation.

Hash-Based Drift (Context-Aware Retrieval). We construct a hash table E(ℓ) ∈ RM×de mapping
n-gram contexts to average corpus hidden states (projected to dimension de ≪ d). Using learned key
and query projections K(ℓ), Q(ℓ) ∈ Rde×d, the similarity between current state and corpus is:

s(ℓ)[t] =
(K(ℓ)E

(ℓ)
H(context))

TQ(ℓ)h(ℓ)[t]

∥K(ℓ)E
(ℓ)
H(context)∥∥Q(ℓ)h(ℓ)[t]∥+ ϵ

(4)

where H is a hash function and ϵ = 10−8 ensures numerical stability. The drift is:

δ
(ℓ)
hash[t] = 1− σ(s(ℓ)[t]) (5)

where σ(x) = (1+e−x)−1 is the sigmoid function. This provides complexity O(1) drift computation
via hash lookup.

Manifold Drift (Statistical Distance). Let µ(ℓ),Σ(ℓ) be the mean and covariance of corpus hidden
states at layer ℓ. The Mahalanobis distance (Mahalanobis, 1936) is:

d
(ℓ)
Mahal[t] =

√
(h(ℓ)[t]− µ(ℓ))T (Σ(ℓ) + ϵI)−1(h(ℓ)[t]− µ(ℓ)) (6)

We normalize to [0, 1] using the expected value for corpus samples:

δ
(ℓ)
manifold[t] = min

(
d
(ℓ)
Mahal[t]

2
√
d

, 1

)
(7)

The factor 2
√
d corresponds to the 2σ threshold (95th percentile for Gaussian distributions).

Both metrics are computed per-layer and per-step, capturing complementary aspects: hash-based
drift measures context-dependent distributional fingerprints (complexity O(1), optimal for real-time
monitoring), while manifold drift captures statistical deviation from corpus distribution (complexity
O(d2), richer analytical signal). Both satisfy: (1) δ ∈ [0, 1] (bounded), (2) δ = 0 at perfect
corpus alignment, (3) monotonically increasing with distance from corpus, (4) consistent threshold
interpretation. In practice, hash-based drift requires approximately 0.2ms per measurement and
manifold drift approximately 2.3ms, both imposing less than 1% overhead relative to the model
forward pass, making them suitable for real-time production monitoring.

2.3 LAYER-WISE CORRELATION ANALYSIS

To characterize spatial organization of drift regulation across architectures, we compute per-layer
Spearman rank correlations:

ρ(ℓ)m = Spearman({1, 2, . . . , T}, {δ(ℓ)m,1, δ
(ℓ)
m,2, . . . , δ

(ℓ)
m,T }) (8)

where δ
(ℓ)
m,t is metric m at layer ℓ and generation step t, aggregated across samples. The dominance

score |ρ(ℓ)m | measures monotonicity strength: |ρ| ≈ 1 indicates strong monotonic temporal trends
(layer consistently converges or diverges), while |ρ| ≈ 0 indicates weak or non-monotonic behavior.

Phase transitions occur when adjacent layers exhibit opposite correlation signs: sign(ρ(ℓ)) ̸=
sign(ρ(ℓ+1)). When ρ(ℓ) > 0 (diverging from corpus) and ρ(ℓ+1) < 0 (converging toward corpus),
this indicates compensatory dynamics where one layer drifts out-of-distribution while the next
attempts correction. The phase transition rate measures the fraction of adjacent layer pairs exhibiting
sign flips.

We note that drift metrics partition into local metrics (drift hash, drift manifold), computed indepen-
dently per layer with genuine layer-wise variation in ρ(ℓ), and global metrics (entropy), computed
once from final-layer logits and thus layer-invariant by construction.
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3 EXPERIMENTS AND RESULTS

3.1 EXPERIMENTAL SETUP

We evaluate on seven open-weight instruction-tuned models (Wei et al., 2021; Ouyang et al., 2022)
spanning 0.5B to 8B parameters with varying depth (14 to 32 layers): Gemma-3-1b-it (26 layers,
d = 1536), Llama-3.1-8b (32 layers, d = 4096), Llama-3.2-1b (16 layers, d = 2048), Llama-
3.2-3b (28 layers, d = 3072), Ministral-3b (14 layers, d = 2560), Qwen2.5-0.5B-Instruct (24
layers, d = 896), and Qwen2.5-1.5B-Instruct (28 layers, d = 1536). These models provide diverse
architectural patterns while remaining computationally accessible. The domain corpus is a biomedical
research article on Chikungunya virus (CHIKV) (Jin et al., 2019). We evaluate under two conditions:
(1) on-domain: models generate detailed essays on CHIKV using structured prompts requesting
comprehensive biomedical discussion, (2) off-domain: models generate essays on topically unrelated
subjects (e.g., the history and cultural significance of Pizza) using structurally matched prompts of
comparable length and essay format. Each condition comprises approximately 30–50 independent
generation trajectories per model, with prompts designed to elicit extended expository prose so that
structural differences between on-domain and off-domain outputs remain minimal. For each model,
we collect generation trajectories at multiple token lengths (T ∈ {200, 500, 1000, 2000, 4096}),
yielding 66 experimental configurations (33 on-domain + 33 off-domain). We measure drift using
hash-based (complexity O(1) context-aware retrieval) and manifold (Mahalanobis distance) metrics,
both normalized to [0, 1]. Hash-based drift offers superior reliability (coefficient of variation < 4%)
with minimal overhead (< 1% forward pass), equilibrating at δ∗ ≈ 0.50. Measurements are collected
at six layers spanning network depth.

3.2 EMPIRICAL DYNAMICS DISCOVERY AND CROSS-ARCHITECTURE ANALYSIS

We characterize drift evolution through systematic dynamics identification across three generation
length regimes (T ∈ {200, 500, 1000} tokens) using Qwen2.5-0.5B, analyzing n ≈ 50 independent
trajectories across 24 layers. The drift evolution at each layer follows a first-order autoregressive
process (Åström & Murray, 2021):

δ(ℓ)[t+ 1]− δ(ℓ)[t] = a(ℓ) + b(ℓ)δ(ℓ)[t] (9)

where a(ℓ) represents the baseline drift rate and b(ℓ) < 0 is the feedback coefficient. Remarkably,
we observe b(ℓ) < 0 with 100% consistency across all trajectories and metrics, indicating universal
self-regulation. This negative feedback implies drift converges to an equilibrium state δ∗ = −a/b
rather than diverging unboundedly. The dominance of linear dynamics is evidenced by model
selection: for δhash, 100% of trajectories select the linear model as best-fit across all token lengths,
suggesting a fundamental architectural constraint in how transformers process sequential context
under distributional shift.

Hash-based drift exhibits remarkably consistent instantaneous equilibration at δ∗ ≈ 0.50 with
machine precision (σδ∗ < 3 × 10−4) across all token lengths and architectures. Single-sample
analysis reveals δ[0] ≈ δ∗ ± 0.0005, indicating drift regulation is pre-calibrated from initialization
rather than emerging through convergence. The feedback strength b ≈ −0.96 to −1.05 maintains
equilibrium through strong negative feedback, though typical trajectories exhibit |δ[t]− δ∗| < 0.001
throughout generation. This metric achieves the highest reliability (coefficient of variation < 4%,
R2 ≈ 0.45 to 0.50), making it optimal for monitoring. In contrast, entropy converges to substantially
higher equilibrium δ∗ ≈ 1.7 to 2.0 with moderate variance and weaker feedback (b ≈ −0.80 to
−0.85), exhibiting greater inter-trajectory variability.

Model quality improves systematically with generation length: for δhash, coefficient of variation
decreases from 7.4% (200 tokens) to 3.6% (1000 tokens), and quality scores increase from 0.794 to
0.915, suggesting longer generations provide cleaner signal. Even at 200 tokens, R2 ≈ 0.48 indicates
the linear model explains approximately 50% of variance. Polynomial models rarely improve fit
significantly, confirming linear dynamics are fundamental. Layer-wise analysis reveals 95 to 100% of
individual layers exhibit stable dynamics, suggesting drift self-regulation occurs at the layer level.
Equilibrium structures remain consistent across generation lengths (see Appendix), demonstrating
these are fundamental architectural properties.
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3.3 CROSS-ARCHITECTURE ANALYSIS: SPATIAL ORGANIZATION

While Section 3.2 established universal negative feedback (b(ℓ) < 0), spatial organization varies
across architectures. Llama exhibits laminar flow (all layers converge uniformly, enabling reliable
drift monitoring), Qwen-0.5B shows turbulent flow (61% adjacent-layer sign flips with entropy
accumulation), while Gemma and Qwen-1.5B display transitional regimes (see Appendix for detailed
spatial analysis).

3.4 CROSS-DOMAIN VALIDATION: ON-DOMAIN VS OFF-DOMAIN ROBUSTNESS

Cross-domain validation across all seven architectures reveals that all models maintain universal
dynamics on-domain with remarkable consistency: equilibrium δ∗ = 0.5000 ± 0.0003, negative
feedback b = −0.96 ± 0.17, dynamics quality R2 = 0.47 ± 0.07, and low variability (coefficient
of variation < 0.23%) across 780 layer-configurations, confirming universal negative feedback as a
fundamental architectural property.

Cross-domain testing reveals two distinct architectural classes with fundamentally different robustness
profiles (Table 1). Five models (Gemma-3-1b, Llama-3.1-8b, Llama-3.2-1b, Qwen2.5-0.5B, Qwen2.5-
1.5B) maintain universal dynamics regardless of domain, with negligible off-domain equilibrium
shifts (|∆δ∗| < 0.0002), stable dynamics quality (R2 ≈ 0.47), and preserved measurement reliability
(coefficient of variation < 0.25). These robust models exhibit domain-invariant drift regulation
where homeostatic mechanisms generalize beyond the training distribution (Ben-David et al., 2010),
suggesting pre-equilibrated states represent fundamental architectural constraints rather than learned
domain-specific calibration.

Table 1: Cross-domain robustness classification

Model On δ∗ Off δ∗ Off R2 Off CV Class

Gemma-3-1b 0.5003 0.5004 0.47 0.12 Robust
Llama-3.1-8b 0.4999 0.4999 0.49 0.08 Robust
Llama-3.2-1b 0.5003 0.5002 0.46 0.17 Robust
Qwen2.5-0.5B 0.4995 0.4994 0.47 0.23 Robust
Qwen2.5-1.5B 0.4997 0.4996 0.47 0.15 Robust

Llama-3.2-3b 0.5001 0.2496 0.25 23.2 Sensitive
Ministral-3b 0.4999 0.4001 0.34 35.2 Sensitive

In contrast, two models (Llama-3.2-3b and Ministral-3b), both at 3B parameter scale, exhibit off-
domain vulnerability. While maintaining perfect dynamics on-domain, they show partial equilibrium
collapse off-domain: δ∗ shifts from 0.50 to 0.25 to 0.40, dynamics quality degrades (R2 drops to 0.25
to 0.34), and noise increases (coefficient of variation rises to 23 to 35). Critically, this vulnerability is
length-dependent, as detailed in Section 3.5.

3.5 LENGTH-DEPENDENT BREAKDOWN AND OUT-OF-DISTRIBUTION DETECTION

The observed off-domain vulnerability in sensitive models manifests as length-dependent break-
down, where drift dynamics progressively degrade as generation length increases. At short lengths
(200 to 500 tokens), Llama-3.2-3b and Ministral-3b maintain universal dynamics even off-domain,
indistinguishable from robust models. However, at longer lengths (1000+ tokens off-domain), these
models exhibit catastrophic dynamics collapse characterized by a tripartite signature:

(1) Equilibrium collapse: δ∗ transitions from 0.50 (universal equilibrium) toward zero, indicating
complete loss of corpus alignment. For Llama-3.2-3b at 1000 tokens, δ∗ = −0.002 (effectively zero);
at 2000 tokens, δ∗ = 0.001. Ministral-3b exhibits similar collapse at 2000 tokens (δ∗ = 0.000). This
catastrophic equilibrium shift signals fundamental breakdown in drift regulation mechanisms.

(2) Dynamics failure: R2 collapses from approximately 0.50 (stable linear dynamics) to approxi-
mately 0.00, indicating the first-order model no longer captures drift evolution. The loss of predictable
dynamics suggests the underlying regulatory feedback has failed, replaced by chaotic or non-stationary
behavior.
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(3) Noise explosion: Coefficient of variation explodes from less than 1% (on-domain) to 60+ (off-
domain breakdown), increasing by two orders of magnitude. For Llama-3.2-3b at 2000 tokens,
coefficient of variation reaches 65.7; for Ministral-3b at 2000 tokens, coefficient of variation reaches
139.5. This dramatic increase in relative noise indicates measurement instability and loss of consistent
drift patterns.

Importantly, breakdown onset exhibits model-specific characteristics. Llama-3.2-3b shows gradual
transition beginning around step 505 of 721 at 1000 tokens, while Ministral-3b maintains stability at
1000 tokens but fails abruptly at step 665 of 2000 at 2000 tokens. This suggests different architectural
mechanisms underlying robustness. The length-dependent nature of breakdown indicates that these
models possess finite capacity for off-domain drift compensation: homeostatic mechanisms can
maintain regulation for short bursts but eventually exhaust their corrective range during extended
off-domain generation.

Out-of-distribution detection via tripartite collapse. The consistent co-occurrence of all three
collapse signatures enables principled out-of-distribution detection at the representation level. We
define the OOD detection criterion:

OODdetected = (R2 < τR) ∨ (CV > τC) ∨ (|δ∗ − 0.5| > τδ) (10)

where thresholds are: τR = 0.1 (dynamics quality), τC = 10 (relative noise), τδ = 0.2 (equilibrium
deviation). Based on empirical distributions, robust models maintain R2 > 0.40, coefficient of
variation < 0.30, and |δ∗ − 0.5| < 0.01 across all conditions. Sensitive models during breakdown
exhibit R2 < 0.01, coefficient of variation > 20, and |δ∗ − 0.5| > 0.25. The proposed thresholds
create clear separation between in-distribution and out-of-distribution regimes.

We validate detection accuracy across all experimental configurations, with results shown in Table 2.
The tripartite thresholds achieve 100% accuracy: no false positives (robust models never trigger),
no false negatives (all breakdown cases detected). All four triggered cases correspond to actual
distributional violations (Llama-3.2-3b at 1000 and 2000 tokens, Ministral-3b at 2000 tokens off-
domain), with all three metrics exceeding thresholds simultaneously.

Table 2: Out-of-distribution detection validation results

Condition Configs Triggered Accuracy Interpretation

Robust models:
On-domain 25 0/25 100% True negative
Off-domain 25 0/25 100% True negative

Sensitive models:
On-domain 8 0/8 100% True negative
Short off-domain (≤500) 4 0/4 100% True negative
Long off-domain (≥1000) 4 4/4 100% True positive

Overall: 66 4/66 100% Perfect separation

Figure 1 aggregates drift trajectories across multiple generation samples, showing mean drift evolution
with statistical confidence bands. The tight confidence intervals (confidence interval width approxi-
mately 0.021) demonstrate measurement consistency across diverse queries. Across 18,600 generation
steps analyzed, drift remains bounded within expected ranges, providing empirical evidence for the
discovered instantaneous equilibration properties.

The universal equilibrium δ∗ ≈ 0.50 across architectures suggests a fundamental constraint, yet
oscillation characteristics reveal model-specific regulation strategies (see Appendix). Single-sample
analysis reveals instantaneous equilibration from the first step (δ[0] ≈ δ∗), with subsequent dynamics
representing small-amplitude oscillations around equilibrium. These ensemble statistics validate uni-
versal negative feedback (b < 0), instantaneous equilibration, and consistent equilibrium maintenance
across diverse generation contexts.
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Figure 1: Ensemble trajectory statistics (Qwen2.5-0.5B, n = 31 samples). Solid lines show mean
drift; shaded regions show 95% confidence intervals and ±1 standard deviation bands. Trajectories
demonstrate consistent evolution patterns, with rapid approach to equilibrium within initial generation
steps.

4 DISCUSSION

4.1 UNIVERSAL SELF-REGULATION AND ARCHITECTURAL CONSTRAINTS

The discovery of universal negative feedback dynamics (b(ℓ) < 0 in 100% of trajectories) suggests
fundamental architectural constraints on distributional shift in transformers (Vaswani et al., 2017).
If drift accumulated without bound (b ≥ 0), long generations would inevitably collapse to degen-
erate distributions. The universal negative feedback represents an implicit regularization: as drift
increases, attention and feedforward computations counteract further drift, maintaining bounded
distributional shift. This may arise from softmax normalization in attention, residual connections, or
layer normalization. Understanding the mechanistic origins remains an important open question.

Drift instantaneously equilibrates at stable values (δ∗ ≈ 0.50 for hash-based drift) from the first
generation step, indicating pre-calibrated regulation rather than emergent convergence. This suggests
monitoring strategies should focus on equilibrium monitoring (detecting deviations from expected
equilibria) rather than trajectory tracking. The discovered dynamics provide mathematical guidance:
set detection thresholds at equilibria (δ∗ ≈ 0.50), exploit the pre-calibrated regulation for reliable
anomaly detection. The observation that 95 to 100% of individual layers exhibit stable dynamics
(not just layer-averaged statistics) indicates drift self-regulation occurs at the layer level. This has
implications for monitoring design: layer-specific measurements provide more granular drift detection
than network-level aggregates.

Our cross-architecture analysis (Section 3.3) reveals that while negative feedback (b(ℓ) < 0) is univer-
sal, spatial organization is architecturally determined. Llama’s laminar flow (0% phase transitions,
uniform ρ < 0) produces coherent drift patterns with 64 to 83% variance explained by temporal
dynamics. Qwen-0.5B’s turbulent flow (61% alternations) creates compensatory dynamics where
adjacent layers counter-rotate, producing complex measurement patterns despite identical b < 0
dynamics. Sparse critical layers (Qwen-1.5B: L14, 15, 18, 19 at 52 to 70% depth) enable efficient
targeted monitoring, while diffuse patterns (Gemma: scattered across 4 to 44% depth) require broader
monitoring coverage across depth. Larger Qwen-1.5B shows improved dominance (|ρ| ∈ [0.69, 0.76])
and deeper localization versus Qwen-0.5B (|ρ| ∈ [0.51, 0.57]), suggesting model capacity affects
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drift organization. However, depth alone does not determine spatial organization (Gemma 26L ̸=
Llama 16L), indicating architectural design (attention patterns, normalization structure, residual
connections) plays a critical role.

The discovered equilibrium structure (δ∗ ≈ 0.50) and feedback coefficients (b ≈ −0.96 to −0.98)
remain remarkably consistent across 200 to 1000 tokens, with systematic improvements in measure-
ment reliability (coefficient of variation decreases from 7% to 3.5%). This demonstrates that drift
dynamics are fundamental properties of the architecture-domain interaction, not artifacts of sequence
length or transient initialization effects. This motivates architecture-aware monitoring strategies:
Llama’s laminar flow enables simple drift tracking with minimal noise. Qwen-1.5B’s sparse critical
layers enable efficient monitoring by focusing on four key layers. Gemma requires broader spatial
coverage. Qwen-0.5B’s turbulent dynamics with entropy accumulation create noisier measurements,
suggesting architecture selection affects monitoring complexity for domain-specific deployment.

4.2 DEPLOYMENT AND LIMITATIONS

Hash-based drift measurement achieves optimal efficiency (approximately 0.2ms per measurement,
less than 1% overhead) enabling real-time monitoring, out-of-distribution detection via tripartite
collapse signature, and architecture-aware deployment strategies. Instantaneous equilibration permits
sparse temporal sampling (every 10 to 50 steps), further reducing overhead to less than 0.1% while
maintaining detection capability. Our validation across seven architectures (0.5B to 8B parameters)
and five token lengths (200 to 4096) under on-domain and off-domain conditions establishes temporal
universality and architecture-dependent robustness patterns.

5 CONCLUSION

We introduced a systematic framework for measuring and characterizing distributional drift in
transformer hidden states during domain-specific generation. Through analysis of 66 experimental
configurations (seven architectures, five token lengths, on-domain and off-domain conditions), we
discovered three fundamental properties: universal pre-equilibrated dynamics with negative feed-
back (b(ℓ) < 0 in 100% of 780 layer-configurations) and instantaneous equilibration (δ∗ ≈ 0.50,
σ < 3× 10−4) from initialization; architecture-dependent robustness classes where 5 of 7 models
maintain universal dynamics across domains while 2 of 7 exhibit length-dependent breakdown beyond
1000 tokens off-domain; and signal independence between drift and confidence (r = −0.004), en-
abling representation-level out-of-distribution detection without output verification. Hash-based drift
emerges as optimal for monitoring with minimal overhead (less than 1%), providing evidence-based
guidance for deployment.

These findings establish representation-level measurement as essential for reliable domain-specific
deployment. The universal pre-equilibrated dynamics reveal transformers maintain intrinsic drift
regulation from initialization, while architecture-dependent robustness enables evidence-based model
selection. Several directions remain for future work. First, our domain evaluation is currently
limited to biomedical text (on-domain) and a single off-domain topic; extending validation to broader
domains such as legal, code, mathematical, and conversational settings (Bai et al., 2023; Reddy et al.,
2019) and to larger model scales (13B+) (Touvron et al., 2023) is necessary to determine whether
the discovered equilibrium structures and robustness patterns generalize. Second, establishing the
empirical relationship between representation-level drift and downstream generation quality, including
hallucination rates, factual consistency, and domain adherence, would strengthen the practical
motivation for drift monitoring. Third, while this work focuses on detection, developing concrete
adaptation and recovery mechanisms informed by drift signals is a natural next step; preliminary
experiments with drift-informed interventions (achieving 92–94% versus 44% baseline domain
adherence) suggest this is a promising direction. Fourth, understanding the mechanistic origins
of universal negative feedback through interpretability analysis (Zou et al., 2023; Li et al., 2023)
and developing theoretical foundations for the observed stochastic dynamics (Khalil, 2002) would
deepen our understanding of why transformers self-regulate. Finally, investigating the implications of
drift monitoring for fairness auditing and governance in deployed systems, as well as validating the
framework on real-world production traffic beyond controlled experimental settings, remain important
open problems. By establishing measurement infrastructure and characterizing fundamental dynamics,
this work provides foundations for principled monitoring in domain-specialized language systems.
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A SUPPLEMENTARY MATERIAL

A.1 MATHEMATICAL ANALYSIS OF EQUILIBRATION

The linear dynamics (Equation 9) admit closed-form solution:

δ(ℓ)[t] = δ∗(ℓ) + (δ(ℓ)[0]− δ∗(ℓ))(1 + b(ℓ))t (11)

where δ(ℓ)[0] is initial drift and δ∗(ℓ) = −a(ℓ)/b(ℓ) is the equilibrium. Single-sample analysis reveals
δ(ℓ)[0] ≈ δ∗(ℓ) with |δ(ℓ)[0] − δ∗(ℓ)| < 5 × 10−4 for hash-based drift, indicating instantaneous
equilibration: transformers are pre-calibrated to their equilibrium state from initialization.

For stable systems (b(ℓ) < 0), the feedback mechanism maintains equilibrium against perturbations.
With b ≈ −0.97 to −1.05, the restoration rate is |1 + b| = 0.03 to 0.05, meaning deviations decay
within 1 to 2 steps. However, since δ[0] ≈ δ∗, typical trajectories exhibit |δ[t] − δ∗| < 0.001
throughout generation.

The previously observed ”3 to 8 step convergence” in aggregated multi-sample data was an artifact
of inter-sample variance: averaging trajectories with slightly different equilibria (δ∗i ∈ [0.48, 0.52])
creates apparent convergence to their mean. Single-sample dynamics reveal immediate equilibration
maintained by strong negative feedback.

A.2 TOKEN-LENGTH INVARIANCE

Table 3: Token-length stability of drift dynamics

Model Length δ∗ b CV(%) Quality

Qwen-0.5B
200 0.502 −0.96 7.4 0.794
500 0.500 −0.98 4.8 0.857
1000 0.500 −0.97 3.6 0.915

Equilibrium structures and feedback coefficients remain consistent across generation lengths, with
systematic improvements in measurement reliability (coefficient of variation decreases from 7% to
3.6%). This demonstrates drift dynamics are fundamental architectural properties, not artifacts of
sequence length.

A.3 SPATIAL ORGANIZATION PATTERNS

Table 4: Dominant layers per architecture

Model Top Layer(s) Depth % |ρ| Range

Qwen-1.5B L14, 15, 18, 19 52 to 70% 0.69 to 0.76
Qwen-0.5B L12, 13 52 to 56% 0.51 to 0.57
Llama L8 50% 0.74
Gemma L1, 11, 20 4 to 44% 0.62 to 0.68

Table 5: Phase transition rates across architectures

Model Alternation Max ∆ρ Regime Dominance

Llama-3.2-1b 0% 0.44 Laminar 64 to 83%
Gemma-3-1b 44% 1.49 Transitional 44 to 52%
Qwen-1.5B 41% 0.89 Transitional 48 to 58%
Qwen-0.5B 61% 0.73 Turbulent 26 to 32%

Llama’s laminar flow (0% phase transitions) produces coherent drift patterns. Qwen-0.5B’s turbulent
flow (61% alternations) creates compensatory dynamics where adjacent layers counter-rotate. Domi-
nant layer localization varies: sparse critical layers (Qwen-1.5B) enable efficient targeted monitoring,
while diffuse patterns (Gemma) require broader coverage.
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Table 6: Statistical signatures of drift manifold

Model Mean ρ Std ρ Range Signature

Qwen-0.5B +0.454 0.128 [+0.16,+0.68] Uniform divergence
Llama −0.370 0.316 [−0.91,+0.16] Systematic convergence
Qwen-1.5B +0.200 0.305 [−0.39,+0.80] Right-skewed
Gemma +0.089 0.472 [−0.74,+0.86] Most heterogeneous

A.4 ON-DOMAIN DYNAMICS VALIDATION

Table 7: On-domain drift dynamics validation (averaged across token lengths)

Model Layers δ∗ b R2 CV (%)

Gemma-3-1b 26 0.5003± 0.0001 −0.95± 0.09 0.48± 0.04 0.11
Llama-3.1-8b 32 0.4999± 0.0001 −1.01± 0.06 0.50± 0.02 0.09
Llama-3.2-1b 16 0.5003± 0.0002 −0.97± 0.27 0.48± 0.12 0.19
Llama-3.2-3b 28 0.5001± 0.0001 −0.88± 0.04 0.44± 0.01 0.11
Ministral-3b 14 0.4999± 0.0002 −1.01± 0.22 0.50± 0.12 0.13
Qwen2.5-0.5B 24 0.4995± 0.0001 −0.94± 0.07 0.47± 0.04 0.23
Qwen2.5-1.5B 28 0.4997± 0.0001 −0.95± 0.16 0.46± 0.08 0.15

Overall mean: 0.5000± 0.0003 −0.96± 0.17 0.47± 0.07 0.14

All seven architectures maintain universal dynamics on-domain: equilibrium universality (δ∗ ≈ 0.50
with σ < 3 × 10−4), universal negative feedback (b < 0 in 100% of 780 layer-configurations),
consistent dynamics quality (R2 ≈ 0.47), and token-length invariance (stable from 200 to 4096
tokens).

A.5 LENGTH-DEPENDENT BREAKDOWN DYNAMICS

Table 8: Length-dependent breakdown in sensitive models (off-domain)

Llama-3.2-3b Ministral-3b

Length Domain δ∗ R2 CV Onset δ∗ R2 CV

200 tok On 0.500 0.54 0.11 – 0.500 0.52 0.11
500 tok On 0.500 0.49 0.10 – 0.500 0.64 0.12
1000 tok Off -0.002 0.00 62.4 505/721 0.500 0.49 0.14
2000 tok Off 0.001 0.00 65.7 605/889 0.000 0.00 139.5

Onset = breakdown step / total steps generated
Llama-3.2-3b: Layer L0, gradual transition (approximately 50 steps)
Ministral-3b: Stable at 1000 tok, L0 fails at step 665 of 2000 at 2000 tok

Tripartite collapse signature: (1) Equilibrium collapse (δ∗: 0.50 → 0.00), (2) Dynamics failure (R2:
0.50 → 0.00), (3) Noise explosion (coefficient of variation: 0.10 → 60+).

A.6 BREAKDOWN DYNAMICS VISUALIZATION

A.7 ADDITIONAL SUPPORTING FIGURES
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Figure 2: Breakdown dynamics for Llama-3.2-3b at 1000 tokens (off-domain). Three-panel
visualization showing tripartite collapse signature. Top: Stable equilibrium (blue) collapses from
δ∗ ≈ 0.50 to δ∗ ≈ 0.00 at step 505. Middle: Dynamics quality (purple) drops from R2 ≈ 0.50 to
R2 ≈ 0.00, indicating loss of linear dynamics. Bottom: Coefficient of variation (orange) explodes
from coefficient of variation < 10 to coefficient of variation > 200, showing noise explosion. Vertical
dashed line marks failure threshold at 70% through generation.
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Figure 3: Universal negative feedback. Heatmap showing feedback coefficient b(ℓ) across seven
models and all layers, demonstrating 100% consistency of negative feedback (b(ℓ) < 0). All values
are negative (blue shades), confirming universal self-regulation across architectures. White regions
indicate layers with insufficient data for robust dynamics fitting.
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Figure 4: Token-length trajectory comparison for Gemma-3-1b. Four-panel comparison showing
drift trajectories at Layer 13 across token lengths (200, 500, 1000, 2000). All conditions maintain
universal equilibrium δ∗ ≈ 0.50 (horizontal dashed line) while exhibiting architecture-specific
oscillation patterns. Demonstrates token-length invariance of equilibrium structure and architecture-
dependent oscillation amplitudes.
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