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Abstract

Transformer language models exhibit emergent
reasoning capabilities that have largely resisted
mechanistic understanding. We introduce a sta-
tistical physics-inspired framework to describe
the continuous-time dynamics underlying chain-
of-thought reasoning in large transformer mod-
els. Specifically, we analyze sentence-level hid-
den state trajectories as realizations of a low-
dimensional stochastic dynamical system gov-
erned by drift-diffusion processes with latent
regime switching. Using empirical trajectories ex-
tracted from eight open-source transformer mod-
els evaluated on seven diverse reasoning bench-
marks, we identify a rank-40 drift manifold that
explains approximately 50% of variance in rea-
soning trajectories, along with four distinct latent
reasoning regimes. We then formulate and vali-
date a switching linear dynamical system model
capturing these empirical features. This frame-
work allows simulation of transformer reasoning
at significantly reduced computational cost, offer-
ing theoretical tools to study critical behavioral
transitions and failure modes in large language
models.

1. Introduction

Transformer language models (LMs), despite being trained
solely for next-token prediction, exhibit emergent reason-
ing capabilities resembling cognitive processes (Vaswani
et al., 2017; [Radford et al., 2019; [Brown et al., 2020; |Wei1
et al.,2022). Traditional mechanistic analyses, focusing on
discrete transformer components like attention heads and
residual streams, offer limited insights into longer-scale se-
mantic transitions arising during multi-step reasoning tasks
(Elhage et al.| 2021} |Olsson et al., 2022} |Allen-Zhu & Li,
2023} [Lopez-Otal et al.| [2024)).
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Motivated by statistical physics, we propose a continuous-
time stochastic dynamical system description of transformer
reasoning. In this mesoscopic framework, sentence-level
hidden states evolve via stochastic differential equations
(SDEs), decomposing semantic trajectories into determinis-
tic drift and stochastic fluctuations. Empirically, we show
that transformer reasoning trajectories reside predominantly
within a low-dimensional drift manifold, which we identify
via principal component analysis (PCA). Specifically, rank-
40 PCA projections of hidden states across our evaluation
suite capture approximately 50% of total variance, reveal-
ing structured semantic evolution punctuated by stochastic
jumps.

Following a Langevin analysis showing noise-driven bi-
furcation into metastable semantic basins (Appendix E),
we approximate each basin with a linear drift and encode
stochastic transitions between them via a Switching Linear
Dynamical System (SLDS). This approach provides a prin-
cipled justification for capturing the empirically observed
latent semantic regimes with minimal modeling assump-
tions.

Further analysis uncovers four latent semantic regimes char-
acterized by distinct drift directions and variances, sug-
gesting context-driven regime switching. To model these
phenomena, we introduce and validate a switching linear
dynamical system (SLDS) framework, accurately recon-
structing empirical reasoning trajectories with substantial
computational savings. This model provides an efficient
surrogate for analyzing critical transitions and robustness in
transformer-based reasoning processes.

2. Background and Motivation

Transformer hidden states evolve as high-dimensional se-
mantic trajectories, governed implicitly by learned next-
token predictions (Vaswani et al., |2017; Radford et al.|
2019). Despite detailed mechanistic studies of attention
patterns and residual stream activations (Elhage et al.| 2021}
Olsson et al.} 2022 |Li et al., 2023 |Nanda et al.| [2023)), cap-
turing long-scale reasoning dynamics—spanning multiple
sentences or complex cognitive steps—remains elusive.

Chain-of-thought (CoT) prompting reveals structured rea-
soning pathways (Wei et al., [2022; Wang et al., [2023)),
suggesting internal processes akin to stochastic dynami-
cal systems. Prior continuous-time frameworks for neural
dynamics, often inspired by statistical physics, offer princi-
pled tools for capturing complex emergent behavior (Chaud{
huri & Fietel, [2016; Schuecker et al., 2018 |Gardiner, [2004).
However, explicit mesoscopic modeling of transformers at
semantic timescales remains unexplored.

Here, motivated by these precedents, we pursue a meso-
scopic, SDE-based perspective on transformer reasoning.
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This approach, by decomposing transformer hidden-state dy-
namics into deterministic drifts and stochastic fluctuations,
provides both computational tractability and conceptual clar-
ity. Through empirical analyses of transformer trajectories,
we uncover structured semantic manifolds and regime tran-
sitions that inform our dynamical modeling strategy.

3. Preliminaries

We model the internal reasoning trajectory of transformer
language models as a continuous-time stochastic process
evolving over hidden-state representations. Formally, let
h; € RP denote the final-layer residual embedding ex-
tracted at discrete sentence boundaries indexed by ¢t =
0,1,2,.... To capture rich semantic dynamics across
reasoning steps, we consider these discrete embeddings
as observations of an underlying continuous-time process
he : R>o — RP, governed by stochastic differential equa-
tions (SDEs).

Definition 3.1 (Itd6 SDE). An Itd stochastic differential
equation defined on state space R” has the form

ho ~ po, (1

where 1 : RP — R denotes the deterministic drift, encod-
ing persistent directional dynamics, and B : RP? — RP*P l
specifies the diffusion matrix modulating instantaneous
stochastic fluctuations. Here, W, is a D’-dimensional
Wiener process (standard Brownian motion), and pg rep-
resents an initial distribution. Note that D’ < D represents
the dimension of the noise, which may be lower than the
state dimension.

dht = ,u(ht) de + B(ht) th,

Existence and uniqueness of solutions are ensured under
standard assumptions:

Theorem 3.1 (Well-Posedness (@ksendal, 2003)). Under
standard Lipschitz continuity and linear growth assumptions
(the Lipschitz Assumption) on p and B, the SDE

admits a unique strong solution for a standard D'-
dimensional Wiener process Wy (see Appendix A).

The drift term p(h;) intuitively corresponds to persistent
semantic or cognitive tendencies, reflecting systematic pro-
gression of the model’s internal state. In contrast, the diffu-
sion term B(h;) represents instantaneous fluctuations aris-
ing from local uncertainties, token-level variations, or intrin-
sic model stochasticity.

Transformer embeddings admit multiple temporal resolu-
tions depending on the granularity of hidden-state extraction.
Specifically, we consider:

Definition 3.2 (Sentence-Stride Process). The sentence-
stride hidden-state process is the discrete sequence {ht }ren

obtained by extracting the final-layer transformer state im-
mediately after each detected sentence boundary.

This formulation emphasizes mesoscopic, semantic-level
dynamics as opposed to token-level variations.

To rigorously study these dynamics within a computation-
ally tractable space, we introduce a notion of projection-
based dimensionality reduction and associated approxima-
tion quality:

Definition 3.3 (Projection Leakage). Given an orthonormal
matrix V;, € RP*F (with VkT Vi, = I), the leakage of drift
u under orthogonal perturbations v L Im(Vy) is

(2 +v) = p(@)|
()]

Ly = sup
z€RP, |jv]|<e
v Vip=0

A small leakage ensures approximate invariance of the drift
within the chosen subspace:

Assumption 3.1 (Approximate Projection Closure). There
exists a rank k (e.g. kK = 40) and perturbation scale € > 0
such that L;, < 1, guaranteeing the approximation

p(he) = ViV u(hy)
up to an error on the order of O(Ly).

Lastly, we introduce a regime-switching framework to cap-
ture discontinuous semantic transitions suggested by empir-
ical observations of reasoning trajectories:

Definition 3.4 (Regime-Switching SDE). Consider a latent
continuous-time Markov chain Z; € {1,..., K'} governed
by transition rate matrix 7" € R¥>*X_ The corresponding
regime-switching 1t6 SDE takes the form

dht = Mz, (ht) dt + BZt (ht) th, Zt ~ Tija (3)
where each latent regime ¢ € {1,..., K} possesses dis-
tinct drift and diffusion functions p;, B;, enabling context-
dependent dynamic structures (Ghahramani & Hintonl,
2000).

These preliminary definitions and assumptions provide the
mathematical foundations necessary to rigorously character-
ize and analyze transformer reasoning dynamics within our
proposed framework.

4. Data & Empirical Decomposition

We build a corpus of sentence-aligned hidden-state tra-
jectories from transformer-generated reasoning chains
across a suite of models (Mistral-7B-Instruct, Phi-3-
Medium, DeepSeek-67B, Llama-2-70B, Gemma-2B-IT,
Qwenl.5-7B-Chat, Gemma-7B-IT, Llama-2-13B-Chat-HF)
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Figure 1. (a) CDF comparison of token and sentence jump norms.
Sentence increments capture semantic dynamics distinctly. (b)
Histograms of residual norm distributions: raw residuals || || (left)
and cleaned residuals ||(;|| (right). Residual norms before/after
drift demonstrate powerful multimodality.

and datasets (StrategyQA, GSM-8K (Cobbe et al.| [2021),
TruthfulQA, BoolQ, OpenBookQA, HellaSwag, PiQA,
CommonsenseQA), yielding roughly 9,800 distinct trajec-
tories spanning ~40,000 sentence-to-sentence transitions.
Sentence boundaries are identified via explicit textual mark-
ers (e.g., enumeration or punctuation), ensuring a consistent
semantic granularity.

We first verify that sentence-level increments meaningfully
isolate semantic evolution. Figure [2| contrasts jump-norm
distributions at token and sentence strides. Token-level
increments exhibit a noisy distribution heavily skewed to-
ward small values, reflecting syntactic variation. In contrast,
sentence-level increments are orders of magnitude larger,
clearly capturing semantic shifts and justifying our sentence-
stride approach. To further mitigate residual “jitter,” we dis-
card transitions below a minimal threshold (||Ah.|| < 10 in
normalized embedding units), resulting in cleaner semantic
trajectories.

To reveal underlying manifold structure, we apply principal
component analysis (PCA) (Jolliffel 2002) to sentence-stride
embeddings. To probe the predictive structure of semantic
drift, we perform global ridge regression (Hoerl & Kennard)
1970) fitting subsequent sentence embeddings from previous

states:
hip1 = Ahy + ¢, 4)
_ : A 2 2
(A,c) —argrg}gzt:HAht (A= Dhi = ¢l + A A] .

&)

With a modest regularization A = 1.0, the regression attains
an R? ~ 0.51, signifying substantial linear predictability
in sentence-to-sentence reasoning transitions. However, ex-
amining residuals & = Ah; — [(A — I)h; + ] reveals
persistent multimodal structure even after removing linear
drift (Figure|[T).

To better understand these multimodal residual structures,
we consider a minimal one-dimensional theoretical model.
A Langevin-type stochastic differential equation (SDE) with
drift u(z) = —U’(z) and constant diffusion D = kA yields
a stationary probability distribution pg (z) oc e~V (®)/(x4),
If the potential U (x) exhibits a double-well structure, the
stationary density becomes bimodal below a critical noise
level, defining two metastable basins (see Appendix E). By
analogy, we interpret our empirically observed multimodal
residual clusters as distinct latent regimes corresponding to
these metastable basins.

This observation strongly motivates introducing latent
regime structure to fully characterize these richer nonlinear
dynamics, as explored next.

5. Linear Drift and Residual Dynamics

Having established the presence of a low-dimensional se-
mantic manifold governing sentence-stride trajectories, we
now seek a rigorous characterization of its underlying dy-
namics. Initially, we consider the simplest candidate: a glob-
ally linear drift structure augmented by stochastic residuals,
analogous to classical drift-diffusion models in cognitive
science (Ratcliff & McKoon, [2008)).

Formally, we posit that hidden-state increments approxi-
mately follow a discrete-time linear model:

hix1=Aht +c+ &, & ~pe(), (6)

where A € RP*P is a linear operator capturing the domi-
nant semantic drift, ¢ € RP is an offset, and &; denotes the
residual stochastic component.

To robustly identify parameters A and ¢, we employ reg-
ularized linear regression (Ridge) on the observed corpus
of sentence-aligned hidden-state transitions. Precisely, we
solve:

. 2 2
r;}}gzt: [Ahy — (A = Dhy —cll + M A%,

where Ah; = h;11 — hy, and A controls regularization
strength. Empirically, this linear fit explains roughly half of
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Figure 2. Latent regimes uncovered by GMM in low-rank residual
space. (a) Residuals in PCA(2), colored by GMM component. (b)
Histogram of ||(¢|| colored by regime.

the observed variance (R? = 0.51), confirming a substantial
deterministic component.

However, despite this linear structure, careful analysis of
residual norms ||§; || reveals persistent multimodality. To
quantify residual structure, we project residuals onto the
principal subspace Vj, (Assumption 3.1):

G=Vi &, & =Ah—[(A=IDhy+d.

The resulting projected residuals exhibit non-Gaussian, clus-
tered distributions (Figure[I). This suggests additional latent
structure unaccounted for by linear drift alone, necessitating
discrete latent reasoning regimes.

6. Regime-Switching Dynamics

While a single linear drift captures the dominant seman-
tic flow, the multimodal residuals reflect abrupt shifts in
reasoning behavior. To formalize these shifts, we project
residuals &; into the low-rank subspace via (; = V| &; and
fit a K component Gaussian mixture, building on classical
regime-switching frameworks (Hamilton) |1989):

K
p(G) =Y miN (G | s Ta),s
i=1

with selection criteria (BIC/AIC) indicating K = 4 regimes.
While the true multimodality exhibits considerably richer
structure across dimensions (see Fig. [l Appendix A),
this parsimonious four-regime model efficiently captures
misalignment behaviors while maintaining computational
tractability.

Denote the posterior regime assignment by 2, =
arg max; m; N'(¢; | pi, ;). We interpret these four modes
as distinct reasoning phases—such as systematic decompo-
sition, answer synthesis, exploratory variance, and failure
loops—each with characteristic drift perturbations and noise
profiles.
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Figure 3. Failure of single-mode noise laws for residuals &;, show-
ing mismatches between empirical distributions and both Gaussian
and Laplace fits.

Embedding this structure into a unified update yields a
discrete-time Switching Linear Dynamical System (SLDS):

Zt ~ Cat(w), P(Zt+1 :] | Zt = Z) = Tija

it th—FVk(MZt(VkTht)—szt) + &, &t NN(O,ZZt).
(N

Here, M; € R¥** and b; € RF parameterize regime-
specific drift in the semantic subspace, while 3; captures
regime-dependent fluctuation scales. Transition matrix 7'
encodes typical mode persistence and switching probabil-
ities. This SLDS framework integrates continuous drift,
structured noise, and discrete regime changes.

7. Structured Switching Dynamics

The multimodal residual structure (Fig. [3) invalidates any
single-mode SDE. We therefore adopt a regime-switching
formulation in continuous time:

Let Z; € {1,..., K} be a latent Markov process with rate
matrix 7. The continuous-time switching SDE is

dhi = pz,(hy) dt + Bz, (hy) AW, (8)

where each regime ¢ has distinct drift ;; and diffusion B;.
Discretizing at sentence boundaries yields the SLDS surro-
gate:

Zy~ T,
ht+1 = ht+Vk<MZt (V]jht) —&—bzt) + &4, (9)
er ~N(0,22,).
Here V}, € RP** projects into the drift subspace, M; €
R*** b, ¢ R* parameterize regime-specific drift, and ¥;
the associated noise covariances. Transition rates in 7" en-

code inferred persistence and switching behavior between
semantic reasoning modes.

8. Experiments & Validation

We empirically validate the proposed SLDS framework
(@) by quantitatively assessing its fidelity in capturing
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Figure 4. GMM clustering (K = 4) of low-rank residuals (;, visu-
alized via PCA(2). Distinct cluster centers justify regime decom-
position.

sentence-stride reasoning trajectories. The SLDS parame-
ters (My, b, X, T) are fitted to best describe the corpus
of ~40,000 sentence-to-sentence hidden state transitions.
These transitions are extracted as the underlying transformer
models (e.g., Llama-2-70B, Mistral-7B) generate reason-
ing chains while solving problems from the diverse bench-
marks detailed in Section[4] (e.g., GSM-8K, StrategyQA).
The fitting, performed via Expectation-Maximization (EM;
Appendix B), thus aims to learn a model of the general dy-
namics of sentence-level semantic evolution across a wide
range of reasoning contexts. The SLDS is trained on these
hidden state trajectories, not to predict the final answers of
the tasks themselves, but to model the process by which the
language models arrive at those answers.

We first evaluate the model’s predictive performance on one-
step-ahead state prediction. Given an observed hidden state
h; and latent regime distribution, we compute the model’s
predicted mean state ﬁt+1:

K
hegr =he+ Vi | D7 (M (Vi he) +b5) |, (10)

j=1

where ; ; = P(Z; = j | h¢) denotes posterior regime prob-
abilities obtained via forward-backward inference (Rabiner,
1989).

The SLDS yields a predictive R? ~ 0.68, significantly out-
performing the single-regime linear baseline (R? ~ 0.51).
Additionally, simulated trajectories from the fitted SLDS
faithfully replicate key statistical properties of empirical
traces, including jump norms, autocorrelations, and regime
occupancy frequencies. This demonstrates the ability of the
SLDS formulation to not only describe but also synthesize
coherent reasoning trajectories.

The regime posterior probabilities further provide inter-
pretability, associating textual behaviors such as stable rea-
soning, decomposition, or error correction with specific
latent modes. These experimental findings substantiate the
proposed framework as both a descriptive and generative

model of reasoning dynamics in transformer language mod-
els, providing a foundation for subsequent theoretical explo-
ration and practical application.

8.1. Generalization and Transferability of SLDS
Dynamics

To assess the extent to which the learned SLDS captures gen-
eralizable features of reasoning dynamics, we investigate its
ability to transfer across different large language models and
reasoning tasks. An SLDS is trained on hidden state trajec-
tories from a specific source (a particular LLM performing
a particular task or set of tasks) and then evaluated on its
ability to describe trajectories from a farget (potentially a
different LLM and/or task). We evaluate transfer perfor-
mance using one-step-ahead prediction R? for the projected
hidden states and the Negative Log-Likelihood (NLL) of the
target trajectories under the source-trained SLDS. Lower
NLL and higher R? indicate better generalization.

Table [I] presents illustrative results. For these experiments,
an SLDS is first trained on trajectories generated by the
“Train Model’ while it performs a designated ‘Train Task’
(e.g., Llama-2-70B on GSM-8K). This single trained SLDS
is then evaluated on trajectories from the ‘Test Model” per-
forming the specified ‘Test Task’.

Table 1. SLDS transferability across models and tasks. Each SLDS
is trained on trajectories from the specified ‘Train Model’ on a
primary task (GSM-8K for Llama-2, StrategyQA for Mistral).
Performance (R2 for next hidden state prediction, NLL of test
trajectories) is then evaluated on various ‘Test Model’ / “Test Task’
combinations.

TRAIN MODEL TEST MODEL TEST TASK R?> NLL

(SOURCE TASK)

LLAaMA-2-70B LLAMA-2-70B GSM-8K 0.73 80

(ON GSM-8K) LLAMA-2-70B  STRATEGYQA 0.65 115
MISTRAL-7B GSM-8K 0.48 240
MISTRAL-7B STRATEGYQA  0.37 310

MISTRAL-7B MISTRAL-7B STRATEGYQA  0.71 88

(ON STRATQA)  MISTRAL-7B GSM-8K 0.63 135
LLAMA-2-70B  STRATEGYQA  0.42 270
GEMMA-7B-IT BooLQ 0.35 380
PHI-3-MED TRUTHFULQA  0.30 420

The results suggest that while the SLDS performs best when
the training and testing conditions align (e.g., Llama-2-70B
on GSM-8K to itself), it retains partial descriptive power
when transferred. Generalization is more successful when
the underlying LLM architecture remains the same, even
across different tasks (e.g., Llama-2-70B on GSM-8K to
Llama-2-70B on StrategyQA shows a modest drop in R?
from 0.73 to 0.65). Transfer across different LLM families
(e.g., Llama-2-70B to Mistral-7B) is more challenging, re-
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flected in lower R? values and higher NLLs, though still
often outperforming a naive baseline (e.g., a simple lin-
ear dynamical system without regime switching, data not
shown). This indicates that while some learned dynamical
features are model-specific, the SLDS framework can cap-
ture some common underlying structures in reasoning tra-
jectories. Further work could explore techniques to enhance
SLDS transferability, potentially by learning model-agnostic
representations of reasoning dynamics.

8.2. Ablation Study

To understand the relative importance of each component
in the SLDS framework, we compared the full model
(Section ??, Eq. [0) against three simpler variants: a
single-regime model (NR), a full-dimensional switching
model without projection (NP), and a model without state-
dependent drift (NSD). Table E] summarizes the results.

Table 2. Ablation study results comparing the full SLDS against
simplified variants: NR (single-regime projected model), NP (full-
dimensional switching), NSD (no state-dependent drift).

MODEL R?> NLL
FuLL SLDS 0.74 78

NoO REGIME (NR) 0.58 155
NoO PROJECTION (NP) 0.60 210

NoO STATE-DEP. DRIFT (NSD) 0.35 290
Global Linear (ref.) 0.51 180

Each ablation notably reduced performance, emphasizing
that all three elements—regime-switching, low-rank projec-
tions, and state-dependent drift—are jointly essential for
capturing the nuanced dynamics of transformer reasoning.
The simplest linear baseline (NR) performs notably worse,
highlighting the importance of capturing regime transitions.
Removing the projection (NP) also substantially reduces
model effectiveness, suggesting overfitting and noise mod-
eling when learning high-dimensional drifts directly. Fi-
nally, eliminating the state-dependent drift (NSD) caused
the largest degradation, underscoring that the drift’s depen-
dence on the current hidden state is crucial. These results
validate our modeling choices while illustrating the com-
plexity inherent to transformer reasoning dynamics.

8.3. Modeling Adversarially Induced Belief Shifts with
SLDS

To evaluate the effectiveness of our switching linear dynam-
ical system (SLDS) approach, we applied it to a challenging
setting: tracking shifts in a large language model’s inter-
nal representation induced by subtle adversarial prompts
embedded within chain-of-thought (CoT) dialogues. The
motivation here is clear: can our structured dynamical frame-
work capture nuanced changes in model “beliefs,” especially
when such changes result from carefully placed misinforma-

,,,,,,,,,,,,,,,,,

Figure 5. SLDS model validation via adversarial belief manipula-
tion. Each row shows a distinct topic. Empirical belief trajectories
where blue and red follow the clean and posioned belief trajecto-
ries, respectively (left). SLDS simulations where green and orange
follow the projected clean and poisoned belief trajectories, respec-
tively (right). Gold lines mark poison steps. The model captures
timing of belief shifts, saturation levels, and final distributions.

tion? (detailed in Appendix C)

We tested two widely-used autoregressive language models,
Llama-2-70B and Gemma-7B-IT, across a broad spectrum
of misinformation domains including public health miscon-
ceptions, historical revisionism, and conspiratorial narra-
tives. We collected approximately 3,000 trajectories in total,
each consisting of roughly 50 consecutive reasoning steps.
At each step, we measured two quantities: first, the model’s
final-layer residual embedding projected onto the leading
40 principal components (capturing about 87% of variance),
and second, a scalar “belief score” obtained by prompting
the model with a diagnostic binary query corresponding
directly to the misinformation narrative. The probability of
the tokens "True" and "False" are computed, and the belief
score is captured as P(True)/(P(True) + P(False)) Given
the clear bimodal structure of the observed belief distri-
butions—trajectories either stayed reliably close to factual
reasoning (belief score near zero) or transitioned sharply to-
ward misinformation (belief score near one)—we modeled
these trajectories using an SLDS with three latent regimes.
The first regime corresponds to stable factual reasoning
(belief score below 0.2), the second represents transitional
states, and the third captures stable misinformation adoption
(belief score above 0.8).

Fitting this model via expectation-maximization resulted
in high predictive accuracy, substantially outperforming
simpler baselines. On one-step-ahead prediction of the pro-
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jected hidden states, the SLDS achieved R? values of ap-
proximately 0.72 for Llama-2 and 0.69 for Gemma, signifi-
cantly above single-regime linear models (about 0.45) and
standard recurrent neural networks (about 0.57). Similarly,
predicting the final belief outcome—whether the model ulti-
mately accepted the misinformation—also showed notable
improvement: the SLDS reached final belief accuracies of
around 0.88 and 0.85, compared to baseline methods achiev-
ing around 0.65-0.78.

Table 3. Comparative performance on modeling adversarially in-
duced belief shifts. R?(h}, ) denotes one-step-ahead prediction
accuracy for projected hidden states. Final Belief Acc. is the accu-
racy in predicting whether the final belief score b7 > 0.5 after 50
reasoning steps.

MODEL METHOD R? BELIEF AcCC.

LLAMA-2-70B  LINEAR 0.45 0.65
GRU-256 0.58 0.78
SLDS (K=3) 0.72 0.88

GEMMA-7B LINEAR 0.43 0.62
GRU-256 0.56 0.75
SLDS (K=3) 0.69 0.85

The dynamics identified by the SLDS clearly reflect the ef-
fect of adversarial prompts. Inspection of learned transition
probabilities showed that the introduction of subtle misin-
formation prompts dramatically increased the likelihood of
transitions into the misinformation-adopting regime. Once
the model entered this regime, its internal dynamics exhib-
ited a strong directional pull towards states corresponding
to very high misinformation adherence scores. Conversely,
in the stable factual regime, the model’s hidden state was
strongly constrained near regions consistent with rejection
of false narratives.

Figure [5] illustrates the alignment between empirical and
simulated belief trajectories. The fitted model closely re-
produces the characteristic timing and shape of empirically
observed belief shifts, including rapid increases immedi-
ately following misinformation prompts and eventual satu-
ration at high misinformation adherence levels. Addition-
ally, it replicates subtler phenomena such as delayed regime
transitions—situations in which the model initially resists
misinformation before abruptly shifting its stance. Quantita-
tive comparisons confirm that simulated belief trajectories
statistically match their empirical counterparts in timing,
magnitude, and stochastic variability.

Overall, this case study robustly demonstrates the utility
and precision of the SLDS framework. The approach effec-
tively captures and predicts complex belief shifts arising in
nuanced adversarial scenarios. More fundamentally, these
findings highlight that structured, regime-switching dynami-
cal modeling provides a meaningful, interpretable way of

understanding the inner cognitive processes of modern lan-
guage models—revealing them not as static function ap-
proximators, but as dynamical agents capable of rapid and
substantial shifts in semantic representation under subtle
contextual influences.

8.4. Summary of Findings

The results demonstrate clearly that a simple three-regime,
low-rank SLDS captures adversarial belief dynamics across
a broad spectrum of misinformation themes and reliably re-
produces complex temporal behaviors observed empirically.
Such models offer computationally tractable yet powerful
insights into internal reasoning dynamics within large lan-
guage models, emphasizing the importance of latent regime
shifts triggered by subtle adversarial prompting.

9. Impact Statement

Our framework can help audit and compress transformer
reasoning, reducing compute costs for research and safety
analysis. At the same time, the SLDS surrogate allows large-
scale simulation of failure modes and could be weaponised
to search for jailbreak prompts or belief-manipulation strate-
gies. Because our method exposes regime-switching pa-
rameters that correlate with toxic or biased behaviour, we
release only aggregate statistics, withhold trained SLDS
weights, and provide a red-team evaluation protocol. Future
work should measure environmental impact of large-scale
trajectory extraction and explore privacy-preserving vari-
ants.

The SLDS framework demonstrated a robust ability to
model and replicate the dynamics of adversarially induced
belief shifts, as illustrated in Figure E}
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A. Mathematical Foundations and Manifold
Justification

These standard hypotheses guarantee, by classical results
(@Pksendal, 2003, Thm. 5.2.1), the existence and uniqueness
of a strong solution. The proof employs a standard Picard
iteration scheme, defining a sequence (Y(k))kzo recursively
by

t t
Yt(’“H) - Z+/ b(s, YM) ds+/ o(s, Y\ aw,, Yt(o) =Z.
0 0

Standard arguments leveraging It6 isometry and Gronwall’s
lemma establish convergence of this sequence to a unique
strong solution X;.
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We next address the bound on projection leakage Ly, intro-
duced in the main text. By definition,

(2 +v) — p(@)|

b= @)l

sup
mG]RD, v V=0,
llvll<e

Using the Lipschitz continuity assumption of the drift p, it
immediately follows that for perturbations ||v|| < e:

lu(z +v) = p(@)|| < Le,

where L denotes the Lipschitz constant. Assuming that the
magnitude of the drift does not vanish on the domain of
interest (justified empirically in our experiments), we set

min ‘= inf .
ft Inf flu(z)] >0

Combining these observations yields the elementary bound:

Li(e) < Le.

Hmin

However, we sharpen this bound by decomposing p(x) ex-
plicitly into projected and residual components:

p(x) = ViV p(@) +re(@), (@) = (1= ViV ().

Introducing the ratio

TrE\X
e — sup @
22b Tt

we obtain a refined bound via the triangle inequality:

Le
Ly < pr + .

min

Practically, we enforce the leakage constraint Ly < 1 by
selecting k large enough to reduce py, while restricting
perturbations to small €.

Lastly, we provide a brief justification for selecting a rank-
40 drift manifold. Empirical PCA analysis on observed drift
increments reveals that the first 40 principal components cap-
ture approximately 50% of the drift variance, with negligible
additional variance explained by subsequent components.
Formally, given empirical drift increments summarized by
a data matrix H, and its SVD H = UXVT, the relative
residual norm after truncation at rank k is given by:

o — |H - UU{Hlp |2k 07
IH||p 207

Evaluation at k¥ = 40 yields pso ~ 0.50. Perturbation
theory, specifically the Davis—Kahan sine-theta theorem,
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Figure 6. Violin plot of residual Ah values across the 40 princi-
pal component dimensions. Each violin shows the distribution
of residuals for a specific dimension, revealing rich multimodal
structure that motivates our regime-switching approach. While the
underlying multimodality is complex, our four-regime model pro-
vides an efficient approximation for capturing key misalignment
behaviors.

further ensures subspace stability. Given the observed spec-
tral gap at the 40th eigenvalue and the large sample size, the
empirical drift manifold is provably stable, undergoing only
small perturbation-induced rotations. Finally, computational
considerations favor rank 40 as higher ranks substantially
increase inference complexity with minimal improvement
in variance captured.

B. EM Algorithm for SLDS Parameter
Estimation

This appendix provides technical details for fitting the pa-
rameters of the Switching Linear Dynamical System (SLDS)
introduced in Eq. (7)-(9) of the main text. To estimate model
parameters, we employ an Expectation-Maximization (EM)
algorithm. Here we present explicit derivations and practi-
cal considerations that were summarized briefly in the main
text.

Consider the following SLDS dynamics:
Z; ~ Categorical (),
P(Zyr = jl 2 = i) =Ty,
his1 = he + Vi(Mz,(V, he) + bz,) + €,

where the residual noise is ¢, ~ N (0,2 7,), parameters
0 = (m, T,{Mj,b;, 2} ) are to be estimated, and V is
a fixed orthonormal PCA projection basis.

The log-likelihood given observed data H = (hy, ..., hr)
is obtained by marginalizing over latent regimes Z =
(Zoy -y Zr-1):

P(H|0) =Y P(H,Z|0).

Direct maximization of this likelihood is intractable, mo-
tivating the EM approach. At iteration m, EM alternates

fort =1,
fort > 1,
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between expectation (E-step) and maximization (M-step):

E-step We compute expected sufficient statistics under
current parameters (™). Define forward and backward
variables, a(j) and (;(j), by standard recursion:

P(ho, ... hig1, Zy = 5 0™),
= P(hyyo, ... hp | Ze = j, ho, ...,

a(j)

B8:(j) hig1,0™).

These quantities are computed efficiently via standard
forward-backward recursions as in Rabiner (1989). From
these, we extract posterior regime probabilities:

a(5)Be(4)

0= S o iy
&G, i) = Oét(j)Tj(;'z) N (hito |1y t41, 2 v )5t+1( ")
t\J» -
Zflzl at(i)Tz(l N (g | by, 2 ™) Bra (1)

where 15+ = hy + Vi (M;(V,] hy) + b;).

M-step Given the sufficient statistics, the model param-
eters are updated to maximize the expected complete data
log-likelihood:

— Initial state probabilities:

T =0(j)-

— Transition probabilities:

3T T2
> im0 ()

— Regime-specific dynamics: The updates for {M;,b;, %}

involve weighted regression. Letting Ahy = hyq — ht
and x; = VkTht, define augmented regressors X; =
[z, 1]T and parameters M; = [M;, b;]. Then, pa-

rameters are updated as:

M; =V (Z% ) Ah X, )(z_:%(j))(
=0

& _ Dimo 1(0) (Ahy — ViM; ) (A

-1
@) ,

ViM; X)) T

J T—1_ .

Y=o Ye(d)

These solutions arise naturally from setting gradients
of the expected log-likelihood to zero, analogous to
weighted multivariate regression.

Practically, we implement scaling to prevent numerical un-
derflow in forward-backward recursions. At each timestep ¢,
a(j) and B¢(j) are scaled by constants c¢;, whose logs sum
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to yield the total log-likelihood. For multiple independent
sequences, sufficient statistics accumulate across sequences
before parameter updates.

We declare EM convergence when parameter changes or
increments in log-likelihood fall below preset thresholds,
or after reaching a maximum iteration count. Standard
convergence properties of EM (monotone log-likelihood
increase) guarantee stable training behavior in practice.

C. Adversarial Chain-of-Thought Belief
Manipulation

This appendix describes the experimental details necessary
for reproducing the adversarial belief-manipulation results
of Section The descriptions closely follow common
ICML practice.

C.1. Experimental Design

We studied two autoregressive language models (Llama-2-
70B and Gemma-7B-IT) under adversarial prompting across
diverse misinformation themes. The experimental dataset
included twelve distinct narrative families spanning public
health misinformation, sociopolitical conspiracies, financial
myths, Al-related existential fears, historical revisionism,
pseudoscientific claims, and others.

For each misinformation theme and model, we generated
paired chains-of-thought (CoT): clean trajectories elicited
neutral reasoning by providing a straightforward question
(e.g., “Summarize arguments for and against vaccination”),
while poisoned trajectories interspersed carefully crafted
adversarial prompts at predetermined reasoning steps. Each
CoT comprised approximately fifty sentence-level reasoning
steps, with adversarial prompts subtly guiding the model
toward affirming harmful beliefs. Across all themes and
conditions, we collected roughly one hundred trajectories
per combination, yielding approximately three thousand
trajectories.

At each reasoning step ¢, we captured the model’s internal
state—the final-layer residual embedding—and separately
computed a scalar “belief score” by prompting the model
with a fixed diagnostic query related to the misinformation
narrative. The belief score was computed as the softmax
probability of the model affirming the false claim (0: rejec-

‘tion, 1: strong affirmation).

C.2. Data Preprocessing

To manage dimensionality and noise, raw hidden-state vec-
tors were standardized across the entire dataset (mean-
subtracted and variance-normalized per dimension), then
projected onto their first 40 principal components (PCA,
explaining ~ 87% variance). PCA was implemented using
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standard numerical packages (scikit-learn 1.2.1,
SVD solver, whitening enabled).

C.3. Switching Linear Dynamical System (SLDS)

We modeled these PCA-projected states with a switching
linear dynamical system (SLDS) containing three latent
regimes, chosen by comparing models with different regime
counts (2—4) using the Bayesian Information Criterion (BIC)
on held-out validation data. Each regime modeled hidden-
state transitions with linear dynamics plus Gaussian noise:

h£+1 = sz,h’;+czt+€t7 €t ~ N(Oa EZt)?

Regime assignments, transition matrices (7"), drift parame-
ters (M, c), and covariance matrices () were learned via
Expectation-Maximization initialized from K-means clus-
tering. To incorporate the impact of adversarial prompts
explicitly, at each adversarial step we temporarily replaced
the standard regime-transition probabilities with modified
transitions strongly favoring a move toward an “adverse”
belief state.

C.4. Belief-Score Prediction

Because the SLDS models dynamics in the latent PCA space
rather than directly in belief-score space, we trained a small
two-layer MLP regressor (32 ReLU units per layer, Adam
optimizer, early stopping on validation set) to map PCA-
projected states to belief scores. This provided a direct
pathway from simulated hidden states back to belief scores
for validation purposes.

C.5. Simulation Protocol and Validation

We simulated trajectories by initializing from empirical
hidden-state distributions in the “safe” (low-belief) regime.
For clean conditions, simulations followed standard tran-
sitions; for poisoned conditions, at randomly preselected
intervals we introduced adversarial perturbations modeled as
small fixed displacements (estimated empirically from poi-
soned trajectories). Simulated trajectories matched empiri-
cal trajectories closely along key metrics: timing and magni-
tude of belief shifts, variance across trajectories, and distri-
butional characteristics (Kolmogorov—Smirnov test p > 0.3
for empirical-simulated distributions of final belief scores).

An ablation removing adversarial perturbations confirmed
their necessity, significantly reducing the simulated model’s
ability to replicate observed rapid belief shifts and final
belief levels.

C.6. Computational Details

Experiments utilized NVIDIA A100 GPUs for state ex-
traction and PCA computations. Hidden-state extraction

2 €4{1,2,3}.
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for the complete dataset required roughly three hours per
model; PCA and SLDS parameter estimation were com-
pleted within two CPU hours using standard multicore hard-
ware (Intel Xeon Gold CPUs). All code relied exclusively
on PyTorch 2.0.1, NumPy 1.25, and scikit-learn 1.2.1.

C.7. Summary of Findings

The results demonstrate clearly that a simple three-regime,
low-rank SLDS captures adversarial belief dynamics across
a broad spectrum of misinformation themes and reliably re-
produces complex temporal behaviors observed empirically.
Such models offer computationally tractable yet powerful
insights into internal reasoning dynamics within large lan-
guage models, emphasizing the importance of latent regime
shifts triggered by subtle adversarial prompting.

D. Extended Generalization Study Results

This appendix provides a more comprehensive set of results
for the SLDS transferability experiments discussed in Sec-
tion Table 4| details the performance (R? for one-step-
ahead hidden state prediction and Negative Log-Likelihood
(NLL) of test trajectories) when an SLDS trained on a spe-
cific source (Train Model and its primary Train Task) is
evaluated on various target combinations (Test Model and
Test Task).

The SLDS hyperparameters (number of regimes K = 4,
projection rank k = 40) were kept consistent across all
training and evaluation scenarios presented here. The train-
ing data for each "Source SLDS" consisted of all available
trajectories for the specified Train Model on its designated
Train Task from our main corpus (Section ). Similarly,
evaluation was performed on all available trajectories for
the Test Model on the Test Task.

The extended results further corroborate the observations
from the main text. SLDS models demonstrate the highest
fidelity when applied to the same model and task distribu-
tion they were trained on. Transferability is reasonably good
within the same model family or to similar tasks, but perfor-
mance degrades more significantly when transferring across
substantially different model architectures or highly distinct
reasoning task types. These patterns suggest that while the
SLDS framework can capture fundamental aspects of rea-
soning dynamics, model-specific architectural nuances and
task-specific semantic structures also play a significant role.
Future research could explore methods for learning more
invariant representations of reasoning dynamics to improve
cross-model and cross-task generalization.
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Table 4. Extended SLDS transferability results. Each SLDS is trained on trajectories from the ‘Train Model’ on its indicated ‘Source

Task’. Performance is evaluated on various ‘Test Model’ / ‘Test Task’ combinations.

TRAIN MODEL (SOURCE TASK) TEST MODEL TEST TASK R? NLL
LLAMA-2-70B (ON GSM-8K)
LLAMA-2-70B GSM-8K 0.73 80
LLAMA-2-70B STRATEGYQA 0.65 115
LLAMA-2-70B COMMONSENSEQA  0.62 128
MISTRAL-7B GSM-8K 0.48 240
MISTRAL-7B STRATEGYQA 0.37 310
GEMMA-7B-IT GSM-8K 0.40 275
PHI-3-MED PIQA 0.28 430
MISTRAL-7B (ON STRATEGYQA)
MISTRAL-7B STRATEGYQA 0.71 88
MISTRAL-7B GSM-8K 0.63 135
MISTRAL-7B OPENBOOKQA 0.60 145
LLAMA-2-70B STRATEGYQA 0.42 270
LLAMA-2-70B GSM-8K 0.35 320
GEMMA-7B-IT BooLQ 0.35 380
QWEN1.5-7B HELLASWAG 0.31 405
GEMMA-7B-IT (ON BOOLQ)
GEMMA-7B-IT  BooLQ 0.69 95
GEMMA-7B-IT TRUTHFULQA 0.62 140
GEMMA-2B-IT  BooLQ 0.55 190
LLAMA-2-13B BooLQ 0.33 350
MISTRAL-7B COMMONSENSEQA  0.29 415
DEEPSEEK-67B (ON COMMONSENSEQA)
DEEPSEEK-67B  COMMONSENSEQA 0.74 75
DEEPSEEK-67B  GSM-8K 0.66 110
LLAMA-2-70B COMMONSENSEQA  0.45 255
MISTRAL-7B STRATEGYQA 0.36 330
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E. Noise-induced Criticality and Latent Modes

We briefly derive how noise-induced criticality gives rise to
distinct latent modes in a simple one-dimensional Langevin
system. Consider an SDE:

dxt = —Ul(fl?t) dt+ V2D dI/Vvt7

with double-well potential U(z) = ¢2* — 222, a,b > 0.
The stationary density solves the Fokker—Planck equation:

0=~ [uapu(e)) + D LU

yielding explicitly

pst(7) = %exp (_ Ug>> .

For low noise (D < %), pst(z) becomes bimodal, con-
centrating probability around two metastable wells at x ~
i\/bTa. Thus, at sufficiently low noise, trajectories cluster
around these metastable basins separated by a barrier at
x = 0. Rare fluctuations allow transitions between wells
at rates proportional to exp(—AU/D), where AU is the
barrier height.

Our empirically observed multimodal residual structure is
thus interpreted analogously: each cluster corresponds to
a distinct metastable basin, motivating our discrete latent
regime assignment within the SLDS framework.
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