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Abstract001

This paper studies how empirical dialogue-flow002
statistics can be incorporated into Next Dia-003
logue Act Prediction (NDAP). A KL regular-004
ization term is proposed that aligns predicted005
act distributions with corpus-derived transition006
patterns. Evaluated on a 60-class German coun-007
selling taxonomy using 5-fold cross-validation,008
this improves macro-F1 by 9–42% relative de-009
pending on encoder and substantially improves010
dialogue-flow alignment. Cross-dataset vali-011
dation on HOPE suggests that improvements012
transfer across languages and counselling do-013
mains. In systematic ablations across pre-014
trained encoders and architectures, the findings015
indicate that transition regularization provides016
consistent gains and disproportionately benefits017
weaker baseline models. The results suggest018
that lightweight discourse-flow priors comple-019
ment pretrained encoders, especially in fine-020
grained, data-sparse dialogue tasks.021

1 Introduction022

NDAP forecasts the communicative function of the023

upcoming utterance from the dialogue history. Al-024

though the task has a long tradition in dialogue re-025

search (Nagata and Morimoto, 1994; Stolcke et al.,026

2000; Reithinger et al., 1996), it has received less at-027

tention in the era of large language models (LLMs).028

Yet it offers a structured and interpretable mecha-029

nism for steering LLM behavior, complementing030

prompting (Brown et al., 2020), instruction tuning031

(Wei et al., 2022), and reward-based approaches032

(Ouyang et al., 2022). By anticipating the next di-033

alogue action, systems can condition prompts or034

constraints to encourage more stable, coherent, and035

goal-directed behavior (Chen et al., 2023).036

In counselling and other high-structure domains,037

next acts follow consistent pragmatic patterns:038

greetings typically precede problem statements, ex-039

ploration precedes intervention, and closing behav-040

iors follow resolution (Bickmore et al., 2013; Al-041
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Figure 1: Comparison of standard NDAP training (a)
vs. transition-matrix regularized training (b). Standard
cross-entropy penalizes all non-gold predictions equally,
even when multiple next acts are plausible. The pro-
posed regularizer aligns predictions with empirical tran-
sition patterns from the corpus.

thoff et al., 2016). Classical dialogue managers ex- 042

plicitly modeled these transitions through Markov 043

or CRF-based structures (Stolcke et al., 2000; Zim- 044

mermann, 2009). Modern neural systems, however, 045

largely abandon symbolic transition models and 046

instead rely on end-to-end architectures to infer 047

discourse structure implicitly (Ultes et al., 2017; 048

Ravuru et al., 2022). 049

This shift removes an inductive bias. Neural 050

models see only a single gold next-act label per in- 051

stance, providing limited signal when several next 052

acts are plausible—a common situation in coun- 053

selling (Wu et al., 2022b; Demasi et al., 2020). The 054

gold label in NDAP is inherently under-specified: it 055

represents one observed continuation among many 056

valid possibilities. Standard cross-entropy supervi- 057

sion thus penalizes the model for predicting other 058

plausible acts. Consequently, models may struggle 059

to capture the multi-modal distribution of plausible 060

next actions (Zhao et al., 2017). 061

This limitation is addressed by incorporating an 062
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empirical transition matrix directly into the loss.063

The transition-matrix KL regularizer encourages064

the predicted next-act distribution to align with065

observed transition statistics, injecting pragmatic066

discourse-flow information as a soft, differentiable067

constraint (Figure 1). This preserves the flexibility068

of neural encoders while reinstating a structural069

prior reminiscent of classical systems.070

This idea is evaluated in German text-based071

counselling, where communicative actions are fine-072

grained and governed by psychosocial norms. The073

dataset uses a five-level taxonomy with 60 dialogue074

act categories (Albrecht et al., 2025). NDAP is per-075

formed across all speaker transitions. To exploit the076

taxonomy structure, category history augmented077

architectures are introduced.078

The results show that transition-based regular-079

ization provides consistent gains and disproportion-080

ately benefits weaker models. The regularizer is081

lightweight, model- and architecture-agnostic, and082

can be integrated as a drop-in objective without083

architectural modifications or sequence-level de-084

coding. Improvements span both predictive metrics085

(F1, Top-3) and structural measures of dialogue-086

flow alignment.087

These results show that domain-specific struc-088

tural priors can enhance NDAP and offer a mecha-089

nism for steering LLM-driven systems in special-090

ized domains (see Appendix A.2.1 for client-side-091

specific evaluation relevant to client simulation).092

The annotated counselling dataset is released to093

support further research on controllable and struc-094

tured dialogue modelling.095

2 Related Work096

Dialogue act (DA) prediction is a well-established097

task that assigns communicative functions to098

observed utterances. Classical systems model099

discourse structure using stochastic grammars,100

HMMs, or CRFs (Stolcke et al., 2000; Geertzen,101

2009), while recent neural approaches employ hier-102

archical encoders, contextual attention, and multi-103

modal cues (Colombo et al., 2020). These models104

capture local and long-range structure but operate105

entirely on observed utterances.106

In contrast, our work addresses the fundamen-107

tally harder task of NDAP: forecasting the commu-108

nicative function of the upcoming utterance without109

access to its surface form. Early statistical work110

showed that DA sequences exhibit strong struc-111

tural regularities, with n-gram models improving112

prediction through explicit transition constraints 113

(Reithinger et al., 1996; Geertzen, 2009). Neural 114

NDAP research remains limited. Prior work inte- 115

grates multi-turn history using hierarchical atten- 116

tion (Tanaka et al., 2019), incorporates multimodal 117

features, or employs semi-supervised consistency 118

objectives (He et al., 2022). Latent-variable ar- 119

chitectures (Ji et al., 2016) regularize discourse 120

trajectories, yet rely on implicitly learned transi- 121

tions. Recent studies in specialized domains (e.g., 122

talk-move prediction, counselling) forecast future 123

strategies or acts as auxiliary signals (Ganesh et al., 124

2021; Wu et al., 2022b), but do not incorporate 125

explicit transition-based priors. Overall, existing 126

NDAP approaches condition on DA history but do 127

not constrain predictions using empirical dialogue- 128

flow statistics. 129

Explicit modeling of DA transitions is well ex- 130

plored in sequence labeling, where the goal is to 131

assign a DA label to every utterance in a conversa- 132

tion. Classical systems encode transitions through 133

n-gram dialogue grammars or HMMs (Stolcke 134

et al., 2000), and neural architectures commonly 135

add CRF layers to impose label-transition structure 136

(Chen et al., 2018; Shang et al., 2020). These meth- 137

ods learn transition potentials or decode full DA 138

sequences with structural constraints. However, 139

they do not address NDAP, where only the next act 140

must be predicted and no sequence decoder is used. 141

Critically, none incorporate an empirical transition 142

matrix directly into the loss for distribution-level 143

regularization. 144

Distribution-level constraints have been intro- 145

duced through posterior regularization, which bi- 146

ases models toward constraint-satisfying priors us- 147

ing KL divergence (Ganchev et al., 2010). Such 148

techniques have improved dialogue understanding 149

and state tracking (Jin et al., 2018), and future- 150

aware constraints have been applied to generation 151

models (Feng et al., 2020). These works demon- 152

strate the utility of KL-based structural guidance, 153

but they do not incorporate DA-transition statistics 154

nor target NDAP. 155

Recent approaches increasingly rely on LLMs 156

for dialogue generation, typically steered via 157

prompting or instruction tuning. However, grow- 158

ing evidence suggests that LLMs do not reliably 159

acquire human-like discourse behavior, particularly 160

with respect to pragmatic sequencing and role con- 161

sistency (Shukuri et al., 2023; Wagner and Ultes, 162

2024; Rudolph et al., 2025). Fluent surface re- 163

alization therefore provides limited leverage for 164
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structured dialogue control, motivating the use of165

explicit structural priors.166

Our approach fills a gap between these re-167

search threads. Unlike NDAP models that rely168

on implicitly learned transitions, we introduce169

an explicit, data-derived transition-matrix regu-170

larizer that aligns the predicted next-act distribu-171

tion with empirical dialogue-flow patterns. Unlike172

CRF or HMM models, our method does not re-173

quire sequence decoding. And unlike posterior-174

regularization approaches, our structural prior is175

grounded directly in observed DA transitions. To176

our knowledge, this is the first instance of inte-177

grating empirical DA-transition constraints into the178

optimization objective for NDAP.179

3 Method180

3.1 Problem Formulation181

Given a conversation history consisting of182

n utterances {u1, u2, . . . , un}, the goal is to183

predict the category ct of the next utter-184

ance. All speaker transitions are consid-185

ered (Counselor→Counselor, Counselor→Client,186

Client→Client, Client→Counselor), performing187

NDAP based on the conversation history. Cate-188

gories belong to a five-level hierarchy with 60 leaf-189

level dialogue acts.190

The task assumes access to gold DA labels in191

conversation history, appropriate for post-hoc anal-192

ysis, training simulations, and constrained LLM193

generation.194

To ground the task in a concrete taxonomy, the195

full hierarchical structure is adopted from the On-196

CoCo dataset, which organizes 60 leaf-level cate-197

gories into progressively more abstract semantic198

groups (Albrecht et al., 2025). The hierarchy cap-199

tures both conversational function and pragmatic200

counseling flow: high-level groups distinguish201

phases such as greetings, problem exploration, mo-202

tivation building, and closing, while lower levels203

specify fine-grained communicative functions such204

as factual problem descriptions, emotional disclo-205

sures, resource activation, or evaluation of solution206

attempts.207

OnCoCo provides finer granularity (60 cate-208

gories vs. 3–15 in alternatives such as Anno-MI209

(Wu et al., 2022a), HOPE (Malhotra et al., 2022),210

or MITI (Moyers et al., 2016)) and integrates mul-211

tiple counselling paradigms rather than a single212

therapeutic approach, critical for controllable client213

simulation.214

Base (BERT)

Utterances
u1, . . . , un

BERT Encoder

Attention
Pooling

Linear Layer

Next DA: ĉt

History-Augmented

Utterances
u1, . . . , un

BERT Encoder

Multi-Head
Self-Attn

Cross-Utt.
Attn (8-head)

Context ct

History
ct−k:t−1

Embed + Pos

Hist. Attn
(8-head)

Text-Cat.
Cross-Attn

Linear Layer

Next DA: ĉt

Figure 2: Model architectures for NDAP: BERT + at-
tention pooling (left) and a history-augmented variant
that incorporates conversational context and previous
dialogue-act labels (right).

3.2 Architectures 215

The base model encodes utterances via a pretrained 216

BERT encoder and aggregates token representa- 217

tions through learned attention pooling. The pooled 218

representation is passed to a linear classifier for 219

NDAP. 220

The enhanced variant replaces attention pooling 221

with multi-head self-attention for utterance encod- 222

ing and adds 8-head cross-utterance attention to 223

model conversation flow. A sliding window of 224

the previous h categories is embedded with posi- 225

tional encodings and processed through 8-head self- 226

attention. A text-category cross-attention mech- 227

anism integrates the historical context with the 228

conversation representation, and a 4-head category 229

transition attention layer models dependencies be- 230

tween consecutive acts (Figure 2). 231

3.3 Training 232

Models combine cross-entropy loss with transition 233

matrix loss regularization: 234

Ltotal = LCE + λtmLTM. (1) 235

Cross-entropy provides the primary supervision 236

signal based on the single annotated next category, 237

while the transition-matrix loss introduces a soft 238

prior reflecting the empirical multi-modal distribu- 239

tion of plausible next acts. 240

3.4 Transition Matrix and Dialogue Flow 241

Regularization 242

A central component in our approach is the tran- 243

sition matrix loss, which encourages predictions 244
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Figure 3: Example 6x6 subset (Fold 0) of the empirical
transition matrix. C = Counselor, Cl = Client. High
probabilities show pragmatic patterns: closings trigger
closings, precise inquiry lead to agreement.

to respect observed category transition patterns in245

conversation. Although prior dialogue-act models246

have encoded transitions implicitly through sequen-247

tial architectures or explicitly through statistical248

models, to the authors’ knowledge no prior work249

incorporates an empirical transition matrix directly250

into the training objective of a neural NDAP model.251

3.4.1 Computing the Empirical Transition252

Matrix253

A transition matrix encodes the probability distribu-254

tion over next states given the current state—here,255

the likelihood of each dialogue act following an-256

other. From the training corpus, we compute a257

normalized empirical transition matrix T where258

Tij represents the probability of transitioning from259

category i to category j. Sparse transitions are260

smoothed with additive smoothing to avoid zero261

probabilities. In social counselling conversations,262

the transition matrix exhibits clear pragmatic pat-263

terns as can be seen in figure 3.264

3.4.2 Transition Matrix Loss265

The transition matrix loss uses KL divergence to266

measure alignment between model predictions and267

empirical category transitions. Given the previous268

category ct−1, the target transition distribution is:269

t(t) = T[ct−1] ∈ RC (2)270

The model’s predicted distribution is:271

p̂(t) = softmax(ŷfinal) (3)272

The transition matrix loss measures divergence:273

LTM = KL(p̂(t)∥t(t)) =
C∑

j=1

p̂
(t)
j log

p̂
(t)
j

t
(t)
j

(4) 274

KL divergence is asymmetric, penalizing impos- 275

sible transitions more heavily than missing low- 276

probability valid ones, making it well-suited for 277

enforcing dialogue structure. 278

Our transition-matrix regularizer differs from 279

label smoothing (Szegedy et al., 2015), which dis- 280

tributes probability mass uniformly across non- 281

target classes. In contrast, our approach distributes 282

mass according to empirically observed transition 283

patterns, providing domain-specific rather than uni- 284

form smoothing (Table 4; see Appendix A.2.2 for 285

additional comparisons on the client simulation 286

subset). 287

The weight λtm ∈ {0.0, 0.2, 0.5, 1.0, 1.5} is ex- 288

plored systematically (Section 4.4). 289

4 Experiments 290

4.1 Dataset 291

Models are evaluated on a corpus of German social 292

counselling dialogues consisting of 76 conversa- 293

tions with 5,457 utterances. The data originate 294

from structured counselling role-play sessions con- 295

ducted by social science students in a university 296

course on online text-based counselling. Partic- 297

ipants acted in predefined client and counsellor 298

roles, and no real clients or personal information 299

were involved. All conversations were anonymized 300

and collected with consent for research use. 301

Each utterance is annotated with a category from 302

the OnCoCo taxonomy (Albrecht et al., 2025), 303

which defines 60 leaf-level dialogue act categories 304

organized in a five-level hierarchy. While the tax- 305

onomy has been previously described, this work 306

contributes the first publicly available corpus of 307

complete counselling conversations annotated with 308

this scheme, enabling sequential modeling of dia- 309

logue flow. Annotations were produced by trained 310

social science students and subsequently reviewed 311

by a domain expert. This sequential review process 312

precludes formal inter-rater agreement but ensures 313

annotation quality through expert oversight. 314

The human-annotated conversational dataset, 315

along with metadata describing the annotation 316

schema, is released to support reproducibility and 317

further research on hierarchical dialogue-act pre- 318
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diction and counselling dialogue modeling.1319

For experimentation, NDAP is performed across320

all speaker transitions, yielding instances across 60321

categories. Evaluation uses 5-fold cross-validation322

with conversation-level partitioning to prevent data323

leakage. For each fold, training is conducted on324

80% of conversations with evaluation on the held-325

out 20%. Mean performance ± standard deviation326

across all five test folds is reported. Rather than327

selecting optimal hyperparameters on a separate328

validation set (which would further reduce already329

limited training data), results across the full hyper-330

parameter grid are reported (Section 4.4), allowing331

readers to assess performance at each regulariza-332

tion strength. The original class distribution ex-333

hibits substantial imbalance. LLM-based synthetic334

data augmentation was also explored to address335

this imbalance; however, it did not improve BERT-336

based models (see Appendix A.2.3 for details).337

4.2 Baselines and Models338

The history-augmented architecture is compared339

against several baseline approaches: (1) a340

transition-matrix baseline that uses only empiri-341

cal dialogue-flow patterns without learning, (2) a342

Simple RNN baseline, and (3) the architecture pro-343

posed by Tanaka et al. (2019), which uses hier-344

archical attention to integrate multi-turn dialogue345

history for NDAP.346

To validate the robustness of the findings across347

different pretrained language models, all neural348

baselines and history-aware models were tested us-349

ing 7 different German BERT variants: EuroBERT-350

210m, EuroBERT-610m, G-BERT-base, G-BERT-351

large, GELECTRa-base, Modern-G-BERT-134M,352

and Modern-G-BERT-1B. Additionally, context353

window size is varied (1, 4, 8, 12 utterances)354

and transition-matrix regularization is compared355

against label smoothing (ϵ ∈ {0.0, 0.1, 0.2})356

as an alternative regularization strategy (see Ap-357

pendix A.2.2). This systematic evaluation across358

300 configurations (7 encoders × 2 architectures359

× 5 TM weights × 4 context lengths, plus label360

smoothing variants), evaluated using 5-fold cross-361

validation, shows that architectural improvements362

hold consistently across language models ranging363

from 110M to 1B parameters. Table 1 summarizes364

the model architectures and their properties.365

Transition Matrix Baseline: The transition ma-366

trix baseline provides a competitive non-learning367

1Code and data available at https://anonymous.4open.
science/r/tm-reg-8E74

Model Attention History

Transition Matrix — —
GPT-5-mini (LLM) — ✓
gpt-oss-120b (LLM) — ✓
Simple RNN Pooling —
Tanaka (2019) Hier. Attn. ✓
BERT Pooling —
BERT+History Multi-head ✓

Table 1: Model architectures and properties.

baseline. This model predicts the most likely next 368

category given only the previous utterance’s cat- 369

egory, using the empirical transition matrix com- 370

puted from training data. It requires no neural train- 371

ing or context encoding and serves as a practical 372

reference point for the value of learned contextual 373

representations. 374

RNN Baselines: Two RNN-based baselines are 375

implemented: (1) Simple RNN, a basic recurrent 376

architecture over utterance embeddings, and (2) the 377

Tanaka et al. (2019) architecture, which uses hier- 378

archical attention mechanisms to model multi-turn 379

context for NDAP. All RNN baselines are trained 380

with the same transition-matrix regularization as 381

BERT models. Results are shown in Section 4.4.1. 382

LLM Baseline: To contextualize fine-tuned 383

BERT performance against state-of-the-art lan- 384

guage models, both proprietary (GPT-5-mini) and 385

open-source (gpt-oss-120b, a 120B-parameter Mix- 386

ture of Experts model) LLMs are evaluated in 387

a zero-shot setting. Each model receives con- 388

versation history (last 12 turns) and all 60 cate- 389

gory descriptions, returning top-3 predictions with 390

confidence scores. This baseline tests whether 391

large-scale pretraining alone captures dialogue- 392

flow patterns without explicit structural constraints. 393

The full prompt template is provided in Ap- 394

pendix A.2.7. 395

4.3 Evaluation Metrics 396

Models are evaluated on predictive correctness 397

and dialogue-flow alignment via three metric cate- 398

gories: 399

Predictive Correctness Macro-F1, weighted F1, 400

and Top-3 accuracy serve as the primary measures. 401

Top-3 accuracy acknowledges that multiple next 402

acts can be plausible. Note that these metrics as- 403

sume a single correct answer, which is a simplifi- 404

cation: in NDAP, multiple dialogue acts are often 405

genuinely valid continuations, so moderate abso- 406

lute scores are expected. 407
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Encoder Bestλ=0 Bestλ>0 λ ∆ %Gain

GBERT-large .097 .102 0.5 +.005 +5.1%
GBERT-base .092 .098 0.5 +.005 +6.0%
ModernGBERT-1B .089 .096 0.2 +.007 +8.5%
EuroBERT-610M .087 .096 0.5 +.009 +10.5%
EuroBERT-210M .080 .095 0.5 +.014 +18.0%
ModernGBERT-134M .076 .086 0.5 +.009 +12.2%
GELECTRa-base .060 .070 1.0 +.009 +16.4%

Mean .083 .092 – +.008 +11.0%

Table 2: TM regularization effect by encoder (macro-
F1, 60 categories, 5-fold CV). Compares best result at
λtm=0 vs best at λtm>0. Sorted by best macro-F1.

Dialogue-Flow Alignment To assess how well408

model predictions adhere to the conversational409

structure observed in the training data, a group410

of metrics based on a first-order empirical transi-411

tion matrix T is employed: Cumulative Accuracy412

at 70% (Cum70) and Jensen-Shannon (JS) Diver-413

gence. Cum70 measures whether the predicted414

category falls within the set of most likely transi-415

tions that together account for 70% of the empirical416

probability mass—capturing whether predictions417

align with pragmatically plausible continuations.418

JS divergence measures the overall distributional419

alignment between predicted and empirical transi-420

tion distributions.421

Rationale for First-Order Metrics While dia-422

logue context is inherently rich and multi-turn, the423

dialogue-flow metrics deliberately rely on a first-424

order (last-act-to-next-act) transition matrix. This425

is a practical necessity. Constructing higher-order426

transition matrices (e.g., second-order, based on427

the last two acts) would be infeasible given the428

60 leaf categories, as it would lead to a combina-429

torial explosion of states (602 = 3600 potential430

source pairs) and result in an extremely sparse and431

unreliable matrix with this dataset size. The first-432

order matrix thus serves as a robust and computable433

proxy for measuring the model’s grasp of founda-434

tional, short-term dialogue coherence.435

Transition Matrix Computation The transition436

matrix is computed from training data within each437

CV fold, measuring whether the model internalized438

valid dialogue flows.439

4.4 Results440

4.4.1 TM Regularization Effect by Encoder441

Table 2 shows the effect of transition-matrix reg-442

ularization on the 60-category classification task,443

λtm Macro-F1 W-F1 Top-3 Cum70 JS

0.0 .309 ±.011 .495 ±.008 .789 ±.011 .913 ±.019 .299 ±.017
0.2 .314 ±.013 .496 ±.010 .783 ±.014 .915 ±.016 .258 ±.013
0.5 .319 ±.014 .499 ±.012 .781 ±.013 .916 ±.014 .225 ±.011
1.0 .315 ±.015 .499 ±.012 .777 ±.013 .918 ±.013 .205 ±.008
1.5 .317 ±.013 .501 ±.010 .773 ±.011 .916 ±.009 .201 ±.007

Table 3: Cross-dataset validation on HOPE (15 English
counselling dialogue act classes, 5-fold CV, mean ±
std).

comparing each encoder’s best result at λtm=0 ver- 444

sus its best result at λtm>0. 445

All encoders improve with transition-loss reg- 446

ularization (Table 2). Relative gains range from 447

+5.1% (GBERT-large) to +18.0% (EuroBERT- 448

210M), with a mean improvement of +11.0%. No- 449

tably, smaller encoders show larger relative gains, 450

suggesting TM regularization partially compen- 451

sates for limited model capacity. Optimal λtm val- 452

ues cluster around 0.5, with only GELECTRa-base 453

benefiting from higher regularization (λtm=1.0). 454

Architecture effects vary by encoder (Appendix 455

B Table 16). Figure 4 visualizes values averaged 456

across architectures and context sizes for each λtm 457

value; this averaging reveals larger relative im- 458

provements, ranging from 9% (GBERT-large) to 459

42% (GELECTRa-base), consistent with the ab- 460

stract. 461

4.4.2 Cross-Dataset Validation 462

To validate generalization beyond German coun- 463

selling, the transition-matrix regularizer is evalu- 464

ated on the HOPE dataset (Malhotra et al., 2022), 465

an English counselling corpus with 15 dialogue act 466

categories. Table 3 summarizes results using XLM- 467

RoBERTa-base and BERT-base encoders with both 468

BERT and History architectures. Additional evalu- 469

ation on Switchboard (SWDA), a non-counselling 470

benchmark with highly skewed transition distribu- 471

tions, is provided in Section A.2.4. 472

Results indicate generalization across languages 473

(German to English), counselling modalities (on- 474

line text-based to spoken), and category systems 475

(60-class OnCoCo taxonomy to 15-class HOPE 476

scheme). Macro-F1 improves from 0.309 to 0.319 477

(+3.2% relative) at λtm=0.5, and JS divergence 478

drops from 0.299 to 0.201 (33% reduction). 479

4.4.3 Label Smoothing Comparison 480

Table 4 compares transition-matrix regularization 481

against label smoothing (Szegedy et al., 2015) 482

across all seven encoders. TM regularization con- 483
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Figure 4: Effect of transition loss weight (λtm) on 60-category classification. Left four panels show how Macro-F1,
Top-3 Accuracy, Cum70, and JS Divergence change with increasing λtm across encoders. Right panel compares
relative macro-F1 gains from TM regularization by encoder.

Label Smoothing TM Reg.

Encoder ϵ=0.0 ϵ=0.1 ϵ=0.2 Best ∆

GBERT-large .079 .074 .069 .102 +.023
GBERT-base .073 .081 .071 .098 +.017
ModernGBERT-1B .059 .074 .065 .096 +.022
EuroBERT-610M .085 .078 .077 .096 +.010
EuroBERT-210M .075 .066 .067 .095 +.019
ModernGBERT-134M .049 .050 .047 .086 +.035
GELECTRa-base .033 .033 .031 .070 +.036

Mean .065 .065 .061 .092 +.023

Table 4: Label smoothing vs. TM regularization (macro-
F1, 60 categories, 5-fold CV). ∆ = TM best − best LS.

sistently outperforms label smoothing on all en-484

coders, with a mean improvement of +0.023 macro-485

F1 over the best label smoothing configuration.486

The relative gains are largest for weaker models487

(GELECTRa-base: +0.036, ModernGBERT-134M:488

+0.035), confirming that transition-based priors pro-489

vide the strongest benefits when baseline perfor-490

mance is low.491

4.4.4 Model Comparison and Effect of492

Regularization Strength493

Figure 4 visualizes the effect of transition loss494

weight (λtm) across architectures and metrics.495

Dialogue-flow metrics (Cum70, JS divergence) im-496

prove monotonically with increasing λtm, while497

predictive metrics (Macro-F1, Top-3) peak around498

λtm=1.0–1.5. The right panel shows that TM regu-499

larization provides larger effect sizes than architec-500

ture changes (BERT→History).501

Table 5 compares performance across seven Ger-502

man BERT variants (110M–1B parameters), two503

LLMs, and baselines. A transition matrix base-504

line that predicts using only empirical P (next|prev)505

from training data achieves macro-F1 of 0.056,506

outperforming RNN models (0.003–0.008) but507

Model λtm Cfg Macro-F1 W-F1 Top-3 Cum70 JS

LLM Baselines (zero-shot, 5-fold CV)
GPT-5-mini – – .091 ±.011 .132 ±.014 .254 ±.014 .550 ±.035 –
gpt-oss-120b – – .072 ±.006 .108 ±.007 .174 ±.010 .400 ±.021 –

RNN Baselines (5-fold CV)
Simple RNN 0.5 – .003 ±.000 .014 ±.002 .208 ±.012 .751 ±.037 .198 ±.006
Tanaka (2019) 1.5 – .008 ±.002 .031 ±.008 .235 ±.017 .802 ±.035 .209 ±.015

Transition Matrix Baseline (5-fold CV)
TM Only – – .056 ±.003 .115 ±.011 .315 1.00 –

Fine-tuned Encoders (best config, 5-fold CV)
GB-large 0.5 H4 .102 ±.007 .171 ±.012 .342 ±.023 .894 ±.013 .175 ±.004
GB-base 0.5 B8 .098 ±.010 .158 ±.015 .354 ±.024 .933 ±.008 .143 ±.006
MGB-1B 0.2 H8 .097 ±.011 .159 ±.021 .314 ±.026 .821 ±.022 .235 ±.015
EB-610M 0.5 H4 .097 ±.012 .160 ±.019 .334 ±.024 .939 ±.007 .109 ±.007
EB-210M 0.5 H12 .095 ±.015 .158 ±.020 .331 ±.027 .937 ±.011 .125 ±.004
MGB-134M 0.5 H4 .086 ±.007 .147 ±.009 .358 ±.021 .942 ±.005 .122 ±.001
GELECTRa 1.0 H4 .070 ±.007 .128 ±.011 .335 ±.015 .933 ±.019 .121 ±.003

Table 5: Results by model (60 categories, 5-fold CV).
Cfg = best architecture (B=BERT, H=History) + context
length.

falling well short of fine-tuned encoders (0.070– 508

0.102). Among fine-tuned encoders, GBERT- 509

large achieves the highest macro-F1 (0.102), while 510

smaller models like ModernGBERT-134M achieve 511

competitive performance with TM regularization. 512

The Cfg column indicates the best architecture 513

(B=BERT, H=History) and context length for each 514

encoder. History-augmented models dominate, 515

with optimal context lengths of 4–12 utterances. 516

LLMs (GPT-5-mini, gpt-oss-120b) achieve lower 517

dialogue-flow alignment (Cum70: 0.40–0.55) de- 518

spite competitive macro-F1, indicating that pre- 519

training alone does not capture transition patterns. 520

Significance Testing. Paired bootstrap tests with 521

Benjamini-Hochberg correction confirm that TM 522

regularization yields robust but configuration- 523

dependent improvements, with mid-sized encoders 524

showing the most consistent gains (Table 14). 525

History-based architectures provide benefits only 526

for specific encoders and do not consistently outper- 527

form standard BERT (see Appendix B for encoder- 528

specific results). 529
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5 Discussion530

The results highlight several insights:531

1. Transition regularization provides consis-532

tent benefits: The transition-matrix regularizer im-533

proves all metrics across configurations (Table 4).534

This dual improvement in predictive accuracy and535

dialogue-flow alignment reflects the multi-modal536

nature of NDAP: cross-entropy treats all non-gold537

predictions as equally wrong, while TM regulariza-538

tion provides distributional supervision encoding539

plausible next acts. Moreover, the proposed regular-540

izer is genuinely model- and architecture-agnostic:541

it yields consistent gains across all seven encoder542

variants (110M–1B parameters) and both attention-543

pooling and history-augmented architectures, and544

can be integrated as a drop-in objective without any545

architectural changes or sequence-level decoding.546

2. Structural priors matter more than model547

scale: Across a 10× size range (110M–1B pa-548

rameters), TM regularization provides larger gains549

than encoder choice (Table 5). ModernGBERT-550

1B achieves best macro-F1 at λtm=0.2 but exhibits551

lower dialogue-flow alignment (Cum70=.822,552

JS=.236) than smaller models with higher λtm—553

larger models may require less aggressive regular-554

ization but still benefit from structural priors.555

3. Differential benefits across encoders556

and architectures: Encoder-level analysis (Ap-557

pendix B) reveals a clear separation. TM regu-558

larization acts as a general-purpose inductive bias559

that disproportionately benefits weaker encoders560

(GELECTRa-base: +0.036, ModernGBERT-134M:561

+0.035 macro-F1), whereas explicit history mod-562

eling provides selective gains that do not general-563

ize across encoder families (GELECTRa: +1.93564

points; GBERT-base: −0.16 points). Across all565

encoders, domain-specific transition priors consis-566

tently outperform uniform label smoothing (Ta-567

ble 4).568

4. LLM comparison validates transition regu-569

larization: GPT-5-mini achieves lower macro-F1570

than the best fine-tuned model Table (5) and sub-571

stantially lower dialogue-flow alignment (Cum70:572

0.550 vs 0.894). The open-source gpt-oss-120b per-573

forms worse (macro-F1: 0.072) due to unreliable574

schema adherence in structured outputs, resulting575

in a 17% parse error rate. The low Cum70 for both576

LLMs confirms that even state-of-the-art LLMs do577

not naturally acquire dialogue-flow transition pat-578

terns from pretraining alone, validating the need579

for explicit structural priors.580

5. Client simulation subset shows strong ben- 581

efits: On a 28-category client-side subset (Ap- 582

pendix A.2.1), TM regularization yields +18% 583

weighted F1 improvement (0.225→0.265) confirm- 584

ing that the approach is effective for the client sim- 585

ulation use case. 586

5.1 Effect of Regularization Strength 587

Response pattern: All metrics improve with 588

transition-loss weight, with dialogue-flow metrics 589

(cumulative coverage, JS divergence) continuing to 590

improve at higher λtm values while predictive met- 591

rics peak around λtm=1.0–1.5. The increasing trend 592

suggests the regularizer provides a stable optimiza- 593

tion signal without creating competing objectives. 594

Implicit regularization effect: The transition- 595

matrix regularizer also acts as an implicit regular- 596

izer against overfitting. Without it (λtm=0.0), 83% 597

of runs show overfitting magnitude >0.5. Positive 598

λtm reduces this: at λtm=1.5, overfitting magnitude 599

falls to 0.20 with no runs exceeding 0.5. 600

Practical recommendation: For practitioners, 601

a λtm ∈ [0.5, 1.0] as a default is recommended. 602

Across all configurations, λtm=0.5 most frequently 603

achieves optimal macro-F1, while λtm=1.0 per- 604

forms within 5% of optimal in over 70% of config- 605

urations, making it a robust choice when extensive 606

tuning is not feasible. This pattern also holds for 607

HOPE. 608

6 Conclusion 609

This paper proposed a transition-matrix KL regular- 610

izer for NDAP that incorporates empirical dialogue- 611

flow structure into the training objective. Across 612

experiments on a fine-grained German counselling 613

taxonomy and cross-dataset transfer to other di- 614

alogue corpora, the regularizer consistently im- 615

proves both predictive performance and alignment 616

with observed dialogue-flow dynamics. Addition- 617

ally, we presented history-augmented architectures 618

that leverage broader dialogue context through 619

multi-head attention. 620

A natural next step is integrating NDAP with 621

LLM control, using predicted categories to condi- 622

tion prompts or guide sampling strategies for client 623

simulation. Additionally, fine-tuning decoder-only 624

architectures on NDAP could leverage their autore- 625

gressive nature to better model dialogue sequences 626

while potentially benefiting from transition-matrix 627

regularization. 628
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Limitations629

The primary dataset consists of 76 conversations630

with approximately 5,500 utterances—a relatively631

small corpus for training neural models. While632

cross-validation and cross-dataset experiments pro-633

vide evidence of robustness, the limited size re-634

stricts conclusions about generalization to larger-635

scale deployments or substantially different coun-636

selling contexts.637

The conversations are role-play sessions con-638

ducted by social science students, not recordings639

of real clinical counselling. While participants fol-640

lowed structured scenarios designed to reflect au-641

thentic counselling dynamics, student role-plays642

may lack the pragmatic complexity, emotional643

depth, and unpredictability of genuine therapeu-644

tic interactions. Models trained on this data may645

not fully capture the nuances present in real-world646

counselling.647

Annotations were produced by trained students648

and subsequently reviewed by a domain expert in649

a sequential process. This workflow precludes for-650

mal inter-rater agreement metrics, which are stan-651

dard for validating annotation reliability. Although652

expert review ensures quality control, the absence653

of quantified agreement limits assessment of anno-654

tation consistency and may affect reproducibility655

of the label assignments.656

The transition matrix loss assumes transitions657

are stable across the corpus; in applications with658

significant domain shift or concept drift, alterna-659

tive regularization approaches may be needed. Our660

evaluation uses gold dialogue act labels for the con-661

versation history; although this is common practice662

in NDAP, these markings would have to be pre-663

dicted in fully autonomous operations, which could664

potentially lead to chain errors. End-to-end evalua-665

tion combining NDAP with LLM-based response666

generation remains unexplored.667

Ethical considerations668

The counselling dialogue data used in this study669

were collected from structured role-play sessions670

conducted by social science students in a univer-671

sity course setting. Participants acted in predefined672

client and counsellor roles; no real clients, patients,673

or personal therapeutic information were involved.674

All participants provided informed consent for re-675

search use of the data, and all conversations were676

anonymized prior to analysis. The dialogues were677

annotated by paid social science students with prior678

training in counselling concepts. Annotation in- 679

cluded both dialogue act labeling and anonymiza- 680

tion of the conversations. All annotations were 681

subsequently reviewed by a domain expert to en- 682

sure consistency and quality. 683

We acknowledge that dialogue act prediction 684

technology for counselling contexts could poten- 685

tially be misused. However, the intended applica- 686

tion, controllable client simulation for counselor 687

training, serves an educational purpose that may 688

improve the quality of counseling services. The 689

data set released contains only simulated conversa- 690

tions and poses minimal privacy risk. 691
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A.1 Hyperparameter Settings 928

A.2 Ablation Study 929

Ablation studies are conducted to validate the de- 930

sign choices: (1) evaluating on a client simulation 931

subset, (2) comparing transition-matrix regulariza- 932

tion against label smoothing, (3) evaluating the 933

effect of synthetic data augmentation, (4) exploring 934

alternative KL formulations, and (5) investigating 935

hierarchical label embeddings. 936

A.2.1 Client Simulation Subset 937

For client simulation applications, predicting 938

client-side dialogue acts is the primary goal. 939

TM regularization is evaluated on a subset con- 940

taining only client-side categories, filtering for 941

counselor→client and client→client transitions. 942

Dataset. The client simulation subset contains 943
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conversation-level partitioning is used. The fol- 946

lowing ablation studies (Sections A.2.2–A.2.3) are 947

conducted on this subset to provide additional in- 948

sights into design choices. 949
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Hyperparameter Value

Training Configuration
Epochs 10
Batch size 64
Learning rate scheduler Cosine
Gradient clipping 1.0
Mixed precision (AMP) Enabled

Early Stopping
Patience 3 epochs
Min delta 0.001
Monitor metric Validation macro-F1

Model Architecture
Context utterances {1, 4, 8, 12}
History length 10 categories
Attention heads 8
Transformer dropout 0.2

Regularization Grid
λtm {0.0, 0.2, 0.5, 1.0, 1.5}
Label smoothing ϵ {0.0, 0.1, 0.2}

Cross-Validation
Number of folds 5
Split strategy Conversation-level
Random seed 42

Table 6: Hyperparameter settings. Context utterances
and regularization weights were varied in grid search;
other values were fixed across all experiments.

Effect of Transition Regularization. Table 7950

shows the effect of varying λtm on the client simu-951

lation subset.952

λtm W-F1 Top-3 Trans. Cum70

0.0 .225 .451 .599 .801
0.2 .255 .495 .743 .894
0.5 .265 .505 .799 .925
1.0 .251 .497 .838 .955
1.5 .253 .494 .875 .961

Table 7: Effect of λtm on client simulation subset (28 cat-
egories). Trans.=transition validity. Cum70=cumulative
accuracy at 70%.

TM regularization yields +18% weighted F1953

improvement (0.225→0.265 at λtm=0.5), stronger954

than the +17% improvement on the full 60-category955

task. Transition validity improves by +46%956

(0.599→0.875 at λtm=1.5).957

Encoder Comparison. Table 8 compares en-958

coder performance on the client simulation subset.959

Best weighted F1 (0.292) is achieved with960

GBERT-large at λtm=0.2. Notably, the absolute961

F1 scores on the 28-category subset are substan-962

tially higher than on the 60-category task (0.292963

vs 0.164), reflecting the reduced complexity of the964

classification problem. However, the relative im-965

Encoder W-F1 Top-3 Params

GBERT-large .292 .506 336M
ModernGBERT-1B .287 .507 1B
GBERT-base .282 .518 110M
EuroBERT-610M .281 .492 610M
EuroBERT-210M .274 .513 210M
ModernGBERT-134M .271 .538 134M
GELECTRa-base .252 .517 110M

Table 8: Encoder comparison on client simulation sub-
set (28 categories, best λtm per encoder). Model size
(110M–1B) shows no consistent correlation with perfor-
mance.

provement from TM regularization remains con- 966

sistent, confirming that dialogue-flow priors are 967

valuable across task granularities. 968

A.2.2 Transition-Matrix vs. Label Smoothing 969

Table 9 compares our transition-matrix regulariza- 970

tion against label smoothing (Szegedy et al., 2015) 971

with ϵ ∈ {0.0, 0.1, 0.2} on the client simulation 972

subset. While label smoothing provides modest 973

gains for some architectures, transition-matrix reg- 974

ularization consistently outperforms across most 975

encoder variants. 976

Label Smoothing TM Reg.

Encoder ϵ=0.0 ϵ=0.1 ϵ=0.2 Best ∆

GBERT-large .244 .268 .255 .292 +.024
GBERT-base .253 .263 .260 .282 +.019
ModernGBERT-134M .256 .251 .277 .271 –.006
GELECTRa-base .206 .197 .208 .253 +.044
EuroBERT-210M .243 .223 .252 .275 +.023
EuroBERT-610M .229 .225 .241 .281 +.041

Mean .239 .238 .249 .276 +.024

Table 9: Label smoothing vs. TM regularization
(weighted F1). TM outperforms on 5 of 6 encoders.

The mean improvement of TM regularization 977

over the best label smoothing configuration (ϵ=0.2) 978

is +0.024 F1 points. Notably, the gains are largest 979

for architectures with lower baseline performance 980

(GElectra-base: +4.4%, EuroBERT-610M: +4.1%), 981

suggesting that domain-specific structural priors 982

are particularly valuable when model capacity is 983

limited. Table 4 in the main paper shows that this 984

pattern holds even more strongly on the full 60- 985

category task. 986

A.2.3 Synthetic Data Augmentation 987

Given the substantial class imbalance in the client 988

simulation subset (Gini coefficient 0.51), LLM- 989

based synthetic data augmentation was explored. 990

12



A two-phase strategy was employed: (1) prompt-991

based augmentation using GPT-5-mini to balance992

minority classes up to 100 examples each, and (2)993

persona-based generation using expert-designed994

client profiles to introduce lexical and stylistic di-995

versity. The augmented training set contains 8,487996

instances (81% synthetic), reducing the Gini coeffi-997

cient from 0.51 to 0.06.998

Table 10 compares BERT-based models trained999

on real data only versus real+synthetic data on the1000

client simulation subset.1001

Encoder Real +Synth. ∆

GBERT-large .292 .281 –.011
GBERT-base .282 .264 –.018
ModernGBERT-134M .271 .283 +.011
GELECTRa-base .253 .257 +.004
EuroBERT-210M .275 .283 +.008
EuroBERT-610M .281 .276 –.006

Mean .276 .274 –.002

Table 10: Real vs. real+synthetic training (weighted F1).
Synthetic augmentation provides no consistent benefit
for BERT-based models.

Results are mixed: synthetic data slightly im-1002

proves smaller models (ModernGBERT-134M,1003

EuroBERT-210M) but degrades larger models1004

(GBERT-large, GBERT-base). The overall mean1005

shows no significant difference (p > 0.17, indepen-1006

dent t-test), suggesting that pretrained transformers1007

are sufficiently data-efficient for this task.1008

In contrast, RNN baselines benefited substan-1009

tially from synthetic augmentation: Simple RNN1010

achieved F1=0.234 vs 0.097 on real data only.1011

This suggests that pretrained transformers are suf-1012

ficiently data-efficient for fine-grained dialogue1013

act prediction, while RNNs require substantially1014

more examples to converge. For this task, domain-1015

specific structural priors (like transition matrices)1016

appear more valuable than quantity-based augmen-1017

tation when using pretrained encoders.1018

A.2.4 Cross-Dataset Validation on SWDA and1019

Alternative KL Formulations1020

To test generalization beyond counselling and1021

investigate the effect of skewed transition dis-1022

tributions, we evaluated TM regularization on1023

the Switchboard Dialogue Act Corpus (SWDA;1024

Shriberg et al., 1998; Stolcke et al., 2000), a bench-1025

mark of English telephone conversations filtered1026

to 37 classes (excluding rare categories with fewer1027

than 50 occurrences). Table 11 shows results using1028

XLM-RoBERTa.1029

λtm F1 Top-3 Cum70 JS

0.0 .169 .765 .901 .150
0.5 .162 .767 .929 .073
1.5 .144 .771 .986 .023

Table 11: SWDA 37-class results. Dialogue-flow met-
rics (Cum70, JS) improve substantially but macro-F1
decreases with TM regularization.

Unlike counselling datasets (OnCoCo, HOPE), 1030

TM regularization on SWDA improves dialogue- 1031

flow alignment (JS: 0.150→0.023, Cum70: 1032

0.901→0.986) but decreases macro-F1. This di- 1033

vergence reflects SWDA’s highly skewed transition 1034

distribution: analysis of the empirical transition 1035

matrix reveals that 69% of source classes have a 1036

single dominant successor—the “Statement-non- 1037

opinion” (sd) category, which accounts for 34% of 1038

all transitions. The regularizer thus pushes predic- 1039

tions toward this dominant class, improving flow 1040

alignment but suppressing minority class predic- 1041

tions. 1042

To address this skewness, alternative formula- 1043

tions of the transition-matrix loss were explored: 1044

(1) reverse KL divergence, which is more permis- 1045

sive for confident predictions, and (2) entropy- 1046

weighted KL, which down-weights samples from 1047

high-entropy source categories where multiple suc- 1048

cessors are plausible. Neither variant improved 1049

over standard forward KL (Table 12), suggesting 1050

that the macro-F1 degradation on SWDA stems 1051

from the dataset’s inherent transition structure 1052

rather than the KL formulation. 1053

KL Variant Accuracy Macro-F1

Forward KL (baseline) 0.502 0.150
Reverse KL 0.500 0.149
Entropy-weighted 0.496 0.146
Entropy + Reverse 0.495 0.146

Table 12: Alternative KL formulations on SWDA 37-
class (λtm=0.5). Forward KL performs best.

This finding suggests that TM regularization is 1054

most effective when transition patterns are more 1055

balanced, as in counselling domains where dia- 1056

logue follows structured phases (problem explo- 1057

ration → intervention → resolution) rather than 1058

converging on a single dominant act type. 1059

A.2.5 Context Window Size 1060

The number of preceding utterances used as context 1061

is varied (1, 4, 8, 12). Table 13 shows macro-F1 1062
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across context lengths and TM weights. Perfor-1063

mance peaks at 4 utterances with λ ≥ 0.5 (macro-1064

F1=0.080). Longer context windows provide di-1065

minishing returns, suggesting that recent dialogue1066

history is most informative for NDAP.1067

TM Weight (λtm)

Ctx 0.0 0.2 0.5 1.0 1.5

1 .065 ±.012 .069 ±.012 .072 ±.010 .071 ±.011 .073 ±.009
4 .070 ±.019 .073 ±.020 .080 ±.013 .080 ±.014 .080 ±.011
8 .066 ±.018 .076 ±.015 .074 ±.020 .079 ±.013 .079 ±.010
12 .065 ±.013 .070 ±.019 .075 ±.018 .077 ±.014 .077 ±.012

Table 13: Macro-F1 by context window size and TM
weight (mean ± std, 5-fold CV). Best at 4 utterances
with λ ≥ 0.5.

A.2.6 Hierarchical Label Embeddings1068

The OnCoCo taxonomy organizes 60 leaf cate-1069

gories into a five-level hierarchy. Experiments1070

explored whether explicitly encoding this struc-1071

ture could improve predictions by embedding each1072

hierarchy level (K1–K5) independently and inte-1073

grating them with the conversation context via1074

cross-attention. This approach is inspired by hi-1075

erarchical text classification methods (Kowsari1076

et al., 2017). However, experiments showed only1077

marginal improvements over the base architec-1078

ture (+0.5% weighted F1), insufficient to jus-1079

tify the additional complexity. The hypothesis is1080

that the pretrained encoder already captures suf-1081

ficient semantic structure, and that the transition-1082

matrix regularizer—which implicitly encodes la-1083

bel relationships through observed co-occurrence1084

patterns—provides a more effective inductive bias1085

than explicit hierarchy embeddings.1086

A.2.7 LLM Baseline Prompt Template1087

The following prompt template is used for GPT-5-1088

mini zero-shot evaluation. Category descriptions1089

and conversation history are inserted at the indi-1090

cated placeholders.1091

You are an expert in dialogue act classification1092
for German online counseling.1093

1094
## Task1095
Predict the dialogue act category of the NEXT1096
utterance in this counseling conversation.1097

1098
## Categories (60 total)1099
[CATEGORY_CODE]: [DESCRIPTION]1100
... (all 60 categories with descriptions)1101

1102
## Conversation History (last 12 turns)1103
[SPEAKER] ([CATEGORY_CODE] | [DESCRIPTION]): [TEXT]1104
... (conversation turns with speaker, category, text)1105

1106

## Output Format (JSON) 1107
Return your top 3 predictions: 1108
{ 1109

"predictions": [ 1110
{"category": "CODE", "confidence": 0.6}, 1111
{"category": "CODE", "confidence": 0.25}, 1112
{"category": "CODE", "confidence": 0.15} 1113

] 1114
} 1115

B Significance Tests by Encoder 1116

We report paired bootstrap significance tests 1117

(10,000 iterations) with Benjamini-Hochberg FDR 1118

correction for multiple comparisons. Table 14 1119

summarizes results across regularization strengths, 1120

demonstrating consistent positive effects at all λtm 1121

values tested. Tables 15 and 16 show encoder- 1122

specific results. 1123

λtm Tests Pos. %Pos. Sig. %Sig. Mean ∆ Med. ∆

0.2 42 36 86% 9 21% +0.0061 +0.0050
0.5 44 37 84% 25 57% +0.0069 +0.0063
1.0 45 40 89% 22 49% +0.0089 +0.0091
1.5 42 33 79% 19 45% +0.0075 +0.0070

Table 14: Summary of TM regularization significance
tests by λtm value. Tests: paired comparisons (encoder
× architecture × context). Pos.: positive effect over
λtm=0. Sig.: significant after FDR correction (α=0.05).

Encoder ∆ Macro-F1 Sig. (FDR<0.05)

ModernGBERT-134M +0.93% 5/8 (62%)
EuroBERT-610M +0.80% 4/5 (80%)
ModernGBERT-1B +0.72% 3/7 (43%)
GBERT-base +0.70% 5/6 (83%)
GELECTRa-base +0.68% 4/8 (50%)
GBERT-large +0.47% 3/7 (43%)
EuroBERT-210M +0.38% 1/3 (33%)

Overall +0.69% 25/44 (57%)

Table 15: TM effect (λtm=0 vs 0.5) by encoder. Mid-
sized encoders show highest significance rates.

Encoder ∆ Macro-F1 Sig. (FDR<0.05)

GELECTRa-base +1.93% 4/4 (100%)
ModernGBERT-134M +0.93% 2/4 (50%)
EuroBERT-210M +0.75% 2/3 (67%)
EuroBERT-610M +0.64% 2/4 (50%)
ModernGBERT-1B +0.50% 1/4 (25%)
GBERT-large −0.08% 1/3 (33%)
GBERT-base −0.16% 1/4 (25%)

Overall +0.67% 13/26 (50%)

Table 16: Architecture effect (BERT→History, λtm=0.5)
by encoder. Benefits weaker encoders only.
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