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Abstract001

Test-time compute is central to large reasoning002
models, yet analysing their reasoning behaviour003
through generated text is increasingly imprac-004
tical and unreliable. Response length is often005
used as a brute proxy for reasoning effort, but006
this metric fails to capture the dynamics and007
effectiveness of the Chain of Thoughts (CoT)008
or the generated tokens. We propose Recur-009
rence Quantification Analysis (RQA) as a non-010
textual alternative for analysing model’s reason-011
ing chains at test time. By treating token gener-012
ation as a dynamical system, we extract hidden013
embeddings at each generation step and apply014
RQA to the resulting trajectories. RQA met-015
rics, including Determinism and Laminarity,016
quantify patterns of repetition and stalling in017
the model’s latent representations. Analysing018
3,600 generation traces from DeepSeek-R1-019
Distill, we show that RQA captures signals020
not reflected by response length, but also sub-021
stantially improves prediction of task complex-022
ity by 8%. These results help establish RQA023
as a principled tool for studying the latent to-024
ken generation dynamics of test-time scaling025
in reasoning models. The codes are available026
here: https://anonymous.4open.science/027
r/RQA-CoT-844C/README.md.028

1 Introduction029

The effectiveness of test-time compute through ex-030

tended "Chain-of-Thought" (CoT) sequences is031

central to the performance of Large Reasoning032

Models like Deepseek R1, or OpenAI’s o3. To033

understand this Chain of Thought process, current034

research focuses on the information flow across lay-035

ers (Yang et al., 2025b; Ton et al.) or utilises contin-036

uous generative frameworks like diffusion to model037

CoT trajectories (Ye et al.). Another approach is038

to textually analyse and characterise linguistic be-039

haviours of the Chain of Thought (Venhoff et al.,040

2025; Marjanovic et al., 2025). On a practical level,041

researchers often evaluate reasoning by mapping042

the "Curse of Complexity" against the model’s total 043

token output (Lin et al., 2025). These approaches 044

aim to ground the model’s linguistic output in ei- 045

ther its underlying computational structures or its 046

textual behaviours. 047

Challenges: However, treating CoT traces as 048

purely linguistic or static entities is increasingly 049

impractical. First, the sheer volume of tokens 050

generated during test-time scaling quickly exceeds 051

human audit capacity, creating a verification bot- 052

tleneck. Second, CoT traces are often prone to 053

"overthinking," unfaithfulness, or semantic drifting, 054

where the generated text does not strictly reflect the 055

model’s internal logic (Kambhampati et al., 2025; 056

Arcuschin et al.; Sun et al., 2025). Critically, exist- 057

ing mechanistic methods often treat the reasoning 058

process as a series of static snapshots or isolated 059

units of analysis. They fail to be effective in char- 060

acterising the temporal, path-dependent dynamics 061

of how representations evolve in the latent space, 062

leaving a gap in our understanding of the underly- 063

ing computation process of the Chain of Thought 064

process. 065

Contributions: In this work, we seek to reduce 066

the reliance on direct textual analysis of Chain-of- 067

Thought (CoT) while explicitly modelling CoT as a 068

temporal process. Our contributions are threefold: 069

• Dynamical framing of CoT: We model CoT 070

generation as a dynamical process unfolding in 071

representation space and introduce Recurrence 072

Quantification Analysis (RQA) as a mechanis- 073

tic interpretability framework. By treating the 074

autoregressive generation of tokens as a dynami- 075

cal system, we apply RQA to trajectories formed 076

by the last-layer embeddings of each generated 077

token. This maps high-dimensional latent trajec- 078

tories to 2D recurrence plots, enabling the quan- 079

tification of predictability (DET) and complexity 080

(ENTR). 081

• Empirical validation on reasoning traces: We 082
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The Challenges of Analysing Long-Chain Reasoning
1. Audit Bottleneck

Token 1...
Token 100...
Token 1000...

Token 10000...

Volume exceeds hu-
man verification capacity

2. Length ̸= Depth

Effective

Blurting

Compute duration does
not guarantee quality

3. Unreliable Text

"Step 5: Correct"

Hidden State

Faithfulness Gap

Textual CoT is often un-
faithful to latent logic

4. Static Analysis Bias

Current tools ignore tem-
poral dependencies

Solution: Recurrence Quantification Analysis (RQA)

Step 1: Extract Latent Trajectory

Recurrence

Treats hidden states as a continuous dy-
namical system.

Step 2: Map Dynamics

Quantifies consistency (DET) vs. stalling
(LAM).

Step 3: Temporal Signals

Slope

Extracts DFA and trends to predict com-
plexity/accuracy.

1. Dynamical Framing:
Introduces RQA as a mechanistic tool for moni-
toring the dynamics of token generation.

2. Complexity Resolution:
Temporal signals outperform length by 8% in
predicting task complexity.

3. Structural Indicators:
Identifies variability DET features and stalling
acceleration LAM features as keys to the char-
acterisation of the dynamics.

Figure 1: Problems with CoT Analysis - Top (The Challenges): (1) Massive token counts prevent human audit;
(2) Total length is a poor proxy for reasoning quality; (3) Textual output often masks internal logic failures; (4)
Static interpretability fails to see time-dependent patterns. Bottom (RQA: the proposed solution): We propose
RQA to transform discrete tokens into a measurable latent trajectory, decoding the dynamics of reasoning. We
demonstrate that these temporal signals significantly outperform response length in resolving task complexity and
identifying structural signals of the dynamics.

validate the proposed framework using founda-083

tional RQA measures—Determinism (DET),084

capturing representational consistency, and Lam-085

inarity (LAM), reflecting periods of seman-086

tic stalling—on 3,600 reasoning traces from087

DeepSeek-Distill-7B-Qwen evaluated on the Ze-088

braLogic benchmark. Temporal RQA features089

significantly outperform length-based baselines090

for task complexity classification, achieving an091

8% improvement (36.9% vs. 29.0%).092

• Identification of structural difficulty indica-093

tors: We show that the variability of semantic094

repetition and the acceleration of stalling (Lami-095

narity slope) are strong indicators of combinato-096

rial difficulty.097

By doing so, we establish RQA as structure-098

sensitive framework for monitoring reasoning mod-099

els, offering a new perspective in analysing the100

dynamics of Chain of Thought process.101

2 Related Work102

Alternatives to Textual Analysis: Recent re-103

search has explored non-textual metrics to quan-104

tify reasoning. Information-theoretic approaches 105

utilise entropy and bottleneck measures to map in- 106

formation flow across layers (Yang et al., 2025b; 107

Ton et al.). Others model CoT trajectories using 108

continuous generative frameworks, such as diffu- 109

sion or flow matching, to enable self-correcting 110

computation (Ye et al.; Yang et al., 2025a). While 111

principled, these methods often require architec- 112

tural modifications; RQA, by contrast, operates on 113

the existing residual stream of any LRM. 114

Mechanistic Interpretability of Chain-of- 115

Thought: There have been some Mechanistic 116

works on analysing Chain of Thoughts (Tang 117

et al., 2025; Bogdan et al., 2025; Dutta et al., 118

2024). Tang et al. (Tang et al., 2025) identify 119

reasoning-critical neurons in feed-forward layers 120

by contrasting activation patterns on high- and 121

low-quality reasoning traces. Chen et al (Chen 122

et al., 2025) extract latent feature directions from 123

hidden states to study CoT faithfulness by using 124

sparse autoencoders on the final-token activations 125

with and without CoT. Bogdan et al. (Bogdan 126

et al., 2025) took into account of the temporal 127

2



nature of the CoT when analysing it. They used the128

sentence-level attribution methods for the analysis129

based on sentence as the grounding unit of analysis.130

While insightful, these methods largely either131

target individual neurons, features at particular132

layers or time steps, rather than analysing the133

temporal structure of a reasoning chain, or use134

textual sentence as the fundamental unit of analysis135

without addressing the potential issue of lack136

of semantics in LLM’s CoTs (Kambhampati137

et al., 2025). As a result, this leaves unaddressed138

the question of how internal representations139

evolve over time during the CoT process. This140

leaves a critical gap at the level of token-wise141

latent dynamics, where reasoning unfolds as a142

path-dependent process in representation space.143

LLMs as Dynamical Systems: Another perspec-144

tive is to view autoregressive generation through145

the lens of dynamical systems. Recent work has146

conceptualised Transformer inference as a discrete147

stochastic dynamical process evolving over to-148

ken steps (Bhargava et al., 2023; Carson and Rei-149

sizadeh, 2025). When extended reasoning traces150

are generated, this process induces effective recur-151

rence through repeated context reuse, functionally152

resembling recurrent computation (Zhang et al.,153

2024). From this perspective, the sequence of hid-154

den states associated with each generated token155

forms a high-dimensional time-series, allowing the156

application of RQA.157

Recurrence Quantification Analysis: Recur-158

rence is a fundamental property of dynamical sys-159

tems, occurring when trajectories revisit regions of160

phase space (Eckmann et al., 1995). RQA provides161

statistical measures to quantify the predictability162

and complexity of these dynamics without assum-163

ing linearity or stationarity (Webber and Marwan,164

2015). Recently, RP-based methods have transi-165

tioned from descriptive tools in physics to compo-166

nents of machine learning pipelines, where time-167

series are analysed via geometric structure (Mar-168

wan and Kraemer, 2023). RQA has successfully169

detected regime shifts in neuroscience (Lopes et al.,170

2021) and finance (Ünal, 2022), but has not yet171

been applied to the internal representations of large172

language models.173

3 Methodology 174

3.1 LLM Token Generation as Temporal 175

Recurrent Systems 176

While Transformers are architecturally feed- 177

forward, inference during Chain-of-Thought (CoT) 178

generation induces temporal dependence through 179

autoregressive context reuse (Fig 2, Block A). At 180

each step t, the model generates a token, which is 181

appended to the input sequence and re-embedded 182

at step t+1. For each generated token, we extract 183

the corresponding final-layer hidden state ht ∈ Rd 184

(Block B). The ordered sequence 185

T = {h1, h2, . . . , hN} 186

defines a latent trajectory whose evolution is 187

shaped by repeated reuse of prior outputs. Al- 188

though no explicit recurrent state is maintained 189

(Zhang et al., 2024), this autoregressive loop effec- 190

tively approximates recurrent dynamics, inducing 191

structured temporal dependencies in the latent rep- 192

resentation space. 193

3.2 Recurrence Rate 194

By treating intermediate token generation as a 195

time-ordered, high-dimensional trajectory T = 196

{h1,h2, . . . ,hN}, we analyse reasoning dynam- 197

ics through Recurrence Quantification Analysis 198

(RQA). The core object of RQA is the recurrence 199

matrix, which encodes pairwise revisitations of the 200

latent state space. 201

Given a distance norm d(·, ·) on Rd and a re- 202

currence threshold ε, the recurrence matrix R ∈ 203

{0, 1}N×N is defined element-wise as 204

Ri,j = Θ(ε− d(hi,hj)) , (1) 205

where Θ(·) denotes the Heaviside step function. 206

In our experiments, d(·, ·) is instantiated as cosine 207

distance. 208

This construction can be viewed as the applica- 209

tion of a non-linear operator Gε that maps a high- 210

dimensional trajectory to a binary recurrence struc- 211

ture (Block C): 212

R = Gε(T ). 213

The resulting Recurrence Plot is the graphical 214

visualisation of R, where a point is plotted at co- 215

ordinates (i, j) if and only if Ri,j = 1. This trans- 216

formation projects the latent trajectory into a two- 217

dimensional representation that preserves the se- 218

mantic structure of the underlying dynamics. 219
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A. Generation
Reasoning Model

(DeepSeek-
Distilled

7b Qwen)

Tokens o1 . . . oN
(Chain-of-Thought)

B. Extraction
Hidden State

Trajectory

H = {h1 . . . hN}
ht ∈ Rd

C. Recurrence
Distance Matrix

& Plotting

Ri,j = Θ(ϵ− di,j)
(Cosine Dist.)

D. Dynamics
Sliding Window
Quantification

Windowed series:
DETt, LAMt,

ENTRt

E. Analysis
Complexity &

Accuracy
Predictors

Figure 2: The proposed RQA interpretability pipeline. (A) Tokens are generated autoregressively. (B) Latent
states form a high-dimensional trajectory. (C) Self-similarity is mapped to a recurrence matrix. (D) Non-stationary
dynamics are quantified via sliding windows. (E) Temporal features (slopes, DFA) serve as inputs for downstream
classification.

Figure 3: Hidden-state trajectory visualisation. Cosine similarity and recurrence plot (ϵ = 0.1) illustrating DET and LAM
structures.

Figure 3 illustrates the result of the process,220

showing the cosine-similarity matrix, its binari-221

sation using a 10th percentile threshold, and the222

resulting recurrence structures.223

3.3 Quantification Metrics224

Figure 2 demonstrates the extraction process, ai-225

mining to characterise the dynamics of the rep-226

resentation token generation process. Following227

the binarisation, we apply RQA to extract struc-228

tural signatures (Block D). Unlike textual analy-229

sis, RQA measures the geometry of the computa-230

tion: Here, in accordance with common practices231

(Webber and Marwan, 2015), we exclude the main232

diagonal (i = j) from all calculations to avoid233

inflationary signal.234

Determinism (DET): DET measures the propor-235

tion of recurrence points that form diagonal lines236

of at least length lmin = 3: 237

DET =

∑N
l=lmin

l P (l)∑N
i,j ̸=iRi,j

, (2) 238

where P (l) denotes the histogram of diagonal line 239

lengths. Geometrically, diagonal lines correspond 240

to parallel trajectories in phase space, indicating 241

predictability and structural consistency (Mar- 242

wan and Kraemer, 2023). In our context, high 243

DET serves as an index of semantic repetition, 244

reflecting the execution of stable and predictable 245

representations. 246

Laminarity (LAM): LAM quantifies the propor- 247

tion of recurrence points forming vertical or hori- 248

zontal lines of minimum length vmin = 3: 249

LAM =

∑N
v=vmin

v P (v)∑N
i,j ̸=iRi,j

, (3) 250

where P (v) is the histogram of vertical line lengths. 251

LAM captures laminar regimes in which the sys- 252
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tem remains confined to a localised region of state253

space (Webber and Marwan, 2015). We interpret254

high LAM as semantic stalling, indicating that255

the model stays in a static semantic configuration256

(e.g., repeatedly re-evaluating constraints) without257

substantive representation progression.258

Recurrence Entropy (ENTR): ENTR is defined259

as the Shannon entropy of the probability distribu-260

tion of diagonal line lengths p(l):261

ENTR = −
N∑

l=lmin

p(l) ln p(l). (4)262

ENTR measures the diversity of the determinis-263

tic structure (Webber and Marwan, 2015). High264

ENTR reflects a heterogeneous repertoire of rea-265

soning routines, characteristic of deep, multi-stage266

search processes, whereas low ENTR indicates ei-267

ther repetitive loops (stalling) or a single dominant268

reasoning trajectory.269

Temporal Dynamics: As LLM reasoning dy-270

namics are inherently non-stationary (Marwan271

and Kraemer, 2023), we compute RQA metrics272

over successive sliding windows (W = 150, step273

size = 15). From each resulting metric time series274

(e.g., DETt), we extract the detrended fluctua-275

tion analysis (DFA) (Peng et al., 1994) scaling276

exponent and the linear trend slope. These tempo-277

ral descriptors capture transitions of model latent278

representations throughout the token generation279

process.280

4 Experiment281

4.1 Dataset and Task: ZebraLogic282

When evaluating model’s performance, we seek to283

examine its logical capability without being bias by284

its knowledge, and a structured dataset that allows285

use to examine model’s behaviours across increas-286

ing levels of difficulty. To this end, we use the287

ZebraLogic benchmark (Lin et al., 2025), an eval-288

uation suite designed to assess the logical reason-289

ing capabilities of Large Language Models (LLMs)290

through synthetic logic-grid puzzles. Each instance291

is formulated as a Constraint Satisfaction Prob-292

lem (CSP) consisting of N houses and M features293

per house. Each feature takes exactly N possible294

values, and the model must infer a unique assign-295

ment for every feature–house pair based on a set of296

linguistic clues.297

Task difficulty is grounded in the factorial298

growth of the underlying combinatorial search299

space. For an N ×M puzzle, the number of possi- 300

ble assignments prior to applying any constraints 301

is: 302

Search Space Size = (N !)M (5) 303

This factorial dependence induces a rapid combina- 304

torial explosion as grid dimensions increase, pro- 305

viding a rigorous, language-independent measure 306

of task complexity. 307

4.2 Data Collection and Preliminary 308

Performance 309

Difficulty Incorrect Correct Total Mean Acc.

2×3 25 375 400 0.9375
2×4 85 315 400 0.7875
2×5 147 253 400 0.6325
3×2 57 343 400 0.8575
3×3 179 221 400 0.5525
3×4 276 124 400 0.3100
4×3 310 90 400 0.2250
4×4 391 9 400 0.0225
5×2 316 84 400 0.2100

Totals 1786 1814 3600 0.5039

Table 1: Final accuracy distribution across the 3,600
samples generated for RQA analysis, categorised by
puzzle configuration.

Figure 5: Preliminary evaluation showing the in-
verse correlation between combinatorial complexity and
puzzle-level accuracy across DeepSeek distilled models.

We generated a corpus of reasoning trajectories 310

using DeepSeek-R1-Distill-Qwen-7B, selected for 311

its ability to produce explicit Chain-of-Thought 312

(CoT) reasoning tokens. Following the developer’s 313

recommendations for eliciting robust reasoning be- 314

havior, we employed stochastic decoding with a 315

temperature of 0.6. 316

Preliminary Analysis: Prior to conducting Re- 317

currence Quantification Analysis (RQA), we ob- 318

served an negative correlation with complexity: 319

in line with the “Curse of Complexity” (Lin et al., 320
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2025), model accuracy decreases sharply as the321

combinatorial search space grows (Figure 5).322

Data Selection and Class Balancing: To obtain323

a balanced distribution of correct and incorrect rea-324

soning traces, we selected nine grid configurations:325

2×3, 2 × 4, 2 × 5, 3 × 2, 3 × 3, 3 × 4, 4 ×
3, 4× 4, 5× 2.

These configurations were chosen for the follow-326

ing reasons:327

• Class balancing for correctness: In larger con-328

figurations (e.g., 6 × 6), the model’s accuracy329

approaches zero. Including such extreme cases330

would create a “floor effect,” making binary clas-331

sification of correctness statistically unreliable.332

The nine selected sizes provide a near-perfect333

global balance of 1,814 correct versus 1,786 in-334

correct traces (Table 1).335

• Representativeness: The selected configura-336

tions span the complexity spectrum—from 2× 3337

(low search space, high accuracy) to 4 × 4 and338

5 × 2 (high search space, low accuracy). This339

allows us to capture the effects of the “Curse of340

Complexity” without introducing data sparsity is-341

sues associated with the most extreme grid sizes.342

For each configuration, we sampled 40 distinct343

puzzles and generated 10 independent reasoning344

traces per puzzle, yielding a total of 3,600 traces.345

4.3 Feature Extraction: Recurrence346

Quantification Analysis347

To characterise the internal dynamics of the348

model’s reasoning process, we extracted hidden-349

state trajectories from the final transformer layer350

for each reasoning trace. From these trajectories,351

we derived three class of features for comparisa-352

tion:353

1. Response Length: The total number of tokens354

in the generated CoT response.355

2. Global RQA: Full-trace averages of Deter-356

minism (DET), Laminarity (LAM), and Recurrence357

Entropy (ENTR), capturing the overall recurrence358

structure of the hidden-state dynamics.359

3. Temporal RQA: To model non-stationary rea-360

soning dynamics, we applied a sliding window of361

150 tokens with a 10% step size across each trace.362

For each RQA metric, we computed the mean, stan-363

dard deviation, linear trend (slope), and the De-364

trended Fluctuation Analysis (DFA) exponent of365

the resulting time series.366

RQA Hyperparameters: To ensure consistency 367

across varying trace lengths and to avoid spuri- 368

ous recurrences, we fixed the following parameters 369

throughout all experiments: 370

• Recurrence threshold (ϵ): Set to the top 10th 371

percentile of pairwise cosine distances between 372

hidden states. 373

• Minimum line lengths (lmin, vmin): Fixed at 3 374

for diagonal and vertical lines. 375

• Sequence cap: Reasoning traces were truncated 376

at 32,000 tokens. 377

4.4 Classification Experiment Design 378

We evaluate whether recurrence-based features pro- 379

vide predictive signals for two classification tasks: 380

• Problem complexity: A 9-way classification 381

task predicting the grid configuration (N ×M ). 382

• Answer correctness: A binary classification task 383

distinguishing correct from incorrect solutions. 384

We employ two classifier families: Logistic Re- 385

gression (LR) to assess linear separability, and 386

Random Forests (RF) to capture non-linear inter- 387

actions among RQA features. Specifically, we used 388

100 n-estimators for the Random Forests Classifier. 389

Evaluation Protocol: To prevent leakage of 390

puzzle-specific information, we use stratified 8-fold 391

group cross-validation, where the Puzzle ID serves 392

as the grouping variable. This ensures that rea- 393

soning traces derived from the same puzzle never 394

appear in both training and test splits, enforcing 395

strict generalisation. 396

5 Results and Discussion 397

Our evaluation reveals a clear functional separation 398

between the predictive power of response length 399

and RQA-based methods. 400

Complexity: Structural Dynamics Beyond To- 401

ken Length. As shown in Table 2, the Tempo- 402

ral RQA (RF) model substantially outperforms 403

the length-based baseline by 8% for complexity 404

classification (36.94% vs. 28.97%). McNemar’s 405

test confirms that this 8% absolute improvement 406

is statistically significant (p < 0.05) in 7 out of 407

8 validation folds (average p < 0.005). While 408

response length reflects the duration of test-time 409

scaling, it remains blind to the structural quality 410

of the underlying search process. In contrast, the 411

superior performance of Temporal RQA demon- 412

strates that combinatorial difficulty is encoded in 413
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Figure 6: Confusion matrices for complexity classification. (a) Response-length baseline, which performs well on
extreme complexity levels but struggles in intermediate regimes. (b) Temporal RQA, which exhibits more uniform
performance across complexity levels.

Features Model Complexity (%) Accuracy (%)

Baseline (Length) RF / LR 28.97± 3.1 85.58± 1.5
Global RQA RF 16.81± 2.2 55.03± 3.4
Temporal RQA LR 29.50± 3.8 81.19± 2.0
Temp. RQA RF 36.94± 3.3 85.00± 1.2

Table 2: Classification results using 8-fold group cross-validation. Temporal RQA captures task complexity where
length fails, while length remains a dominant proxy for binary failure.

the geometric shape of the reasoning trajectory.414

The effectiveness of the RF classifier further sug-415

gests that task complexity emerges as a non-linear416

interaction between structural stability (DET) and417

semantic stalling (LAM), rather than as a mono-418

tonic function of token count.419

Accuracy: Overlapping Signals for Binary Fail-420

ure. For binary accuracy prediction, response421

length remains a remarkably strong predictor422

(85.58%), consistent with prior observations that423

failure often manifests as uncontrolled trace ex-424

pansion—a regime termed the Curse of Complex-425

ity (Lin et al., 2025). Temporal RQA achieves426

comparable performance (85.00%), with no sta-427

tistically significant difference in the majority of428

folds (p > 0.05). This indicates that while length429

and RQA capture distinct aspects of the dynam-430

ics, they encode partially overlapping signals for431

coarse-grained failure detection. In particular, ex-432

treme breakdowns in reasoning dynamics are often433

accompanied by both prolonged generation and434

increased recurrence.435

Resolution and Non-Stationarity. The poor per- 436

formance of Global RQA (16.81%) highlights the 437

fundamentally non-stationary nature of LLM rea- 438

soning. Averaging dynamics over the entire trace 439

obscures critical transitions between problem pars- 440

ing, active logical inference, and final decoding. 441

Predictive signal resides almost entirely in the tem- 442

poral evolution of the trajectory. Consistent with 443

this interpretation, Figure 6 shows that the length 444

baseline performs well only at the extremes of 445

task difficulty, whereas Temporal RQA maintains 446

discriminative power across the full complexity 447

spectrum—resolving intermediate combinatorial 448

regimes that length alone fails to separate. 449
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6 Ablation Study450

Figure 7: Here, det stands for determinism, entr is en-
tropy, and lam is laminarity. The plot shows different
contributions of each factor to the predictive power of
Temporal RQA model.

To identify the drivers of complexity prediction,451

we used the Permutation Importance (Mean De-452

crease in Balanced Accuracy) averaged across 8-453

fold GroupKFold validation to help us analyse the454

model. As shown in Figure 7, the results reveal a455

distinct hierarchy of dynamical signals:456

• Fluctuation of Consistency: Most important457

feature is det_std (variability of semantic repeti-458

tion). Complexity is captured not by the stability459

of the amount of repetition, but by its fluctuation.460

Complex puzzles induce a dynamics alternating461

between structured semantic repetition and its462

lack thereof.463

• Long-range Stalling Dynamics: High-ranking464

features lam_dfa (fractal memory of stalling)465

and lam_slope (acceleration of stalling) validate466

Temporal RQA. The DFA exponent shows rea-467

soning difficulty involves long-range correlations,468

where the model’s current “stalling” behaviour469

depends on representations of hundreds of steps470

prior.471

• Mean States: lam_mean is less important472

than fluctuation and memory features (det_std,473

lam_dfa). While average stalling correlates474

with puzzle length, RQA’s discriminative power475

comes from higher-order temporal rhythms rather476

than simple averages.477

7 Conclusion478

We introduced Recurrence Quantification Anal-479

ysis (RQA) as a complementary framework for480

analysing chain of thought embedding layers’ ob- 481

ject. By analysing hidden-state trajectories as dy- 482

namical systems, RQA provides a non-linguistic, 483

structure-sensitive view of reasoning that operates 484

alongside textual explanations and scalar proxies 485

such as response length. Our results show that 486

task complexity is encoded in the temporal evolu- 487

tion of latent dynamics rather than in token volume 488

alone, while binary failure remains well captured 489

by length variable. Our ablation study reveals an 490

interesting dynamics between Laminarity and de- 491

terminism variables in the complexity metrics that 492

warrants further investigations into fully elaborat- 493

ing their relationships. As a non-textual tool, RQA 494

potentially enables automated monitoring during 495

inference. In particular, reasoning models could 496

implement early-exit or backtracking triggers, en- 497

suring better performance and efficiency. Together, 498

these findings position RQA as a principled tool for 499

probing the geometry of reasoning processes and 500

highlight the value of dynamical analyses for under- 501

standing, monitoring, and controlling large-scale 502

inference. 503

Limitations 504

While Recurrence Quantification Analysis (RQA) 505

offers a high-resolution, structure-sensitive view 506

of latent reasoning dynamics, it incurs higher com- 507

putational cost than surface-level proxies such as 508

response length. Computing recurrence matrices 509

and temporal RQA features scales quadratically 510

with sequence length and requires access to hidden- 511

state activations, which may limit applicability in 512

latency- or resource-constrained settings. 513

Our methodology currently relies on heuristic 514

choices for key RQA hyperparameters, including 515

the recurrence threshold (set to 10%) and sliding 516

window size. Although these parameters are held 517

constant across experiments, dynamical systems 518

analyses can be sensitive to such choices. Future 519

work should explore different but robust, automated 520

parameter selection strategies to improve stability 521

and consistency across tasks and models. 522

The scope of our empirical evaluation is also lim- 523

ited. We focus on a single family of reasoning mod- 524

els (DeepSeek-R1-Distill) and a controlled sym- 525

bolic reasoning benchmark (ZebraLogic), which 526

provides a clear measure of combinatorial com- 527

plexity but represents a narrow task distribution. 528

Establishing the generality of recurrence-based sig- 529

natures will require extending this analysis to a 530
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broader range of architectures (e.g., LLaMA 3,531

Claude) and domains, including mathematical rea-532

soning, code generation, and open-ended language533

tasks.534

Finally, our analysis is restricted to hidden-state535

trajectories from the final transformer layer. While536

this choice offers a consistent and interpretable537

starting point, recurrence structure may vary across538

layers. Extending RQA to multi-layer or cross-539

layer dynamics, as well as systematically analysing540

sensitivity to architectural depth, remains an impor-541

tant direction for future research.542
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