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Abstract

This paper introduces a novel method for test-001
ing the components of theories of (dialogue)002
coherence through utterance substitution. The003
method is described and then applied to Infer-004
ence Anchoring Theory (IAT) in a large scale005
experimental study with 933 dialogue snippets006
and 87 annotators. IAT has been used for sub-007
stantial corpus annotation and practical applica-008
tions. To address the aim of finding out if and to009
what extent two aspects of IAT – illocutionary010
acts and propositional relations – contribute011
to dialogue coherence, we designed an exper-012
iment for systematically comparing the coher-013
ence ratings for several variants of short debate014
snippets. The comparison is between original015
human-human debate snippets, snippets gen-016
erated with an IAT-compliant algorithm and017
snippets produced with ablated versions of the018
algorithm. This allows us to systematically019
compare snippets that have identical underly-020
ing structures as well as IAT-deficient structures021
with each other. We found that propositional022
relations do impact on dialogue coherence (at023
a statistically highly significant level) whereas024
we found no such effect for illocutionary act ex-025
pression. This result suggests that fine-grained026
inferential relations impact on dialogue co-027
herence, complementing the higher-level co-028
herence structures of, for instance, Rhetorical029
Structure Theory.030

1 Introduction031

The proper modeling of argumentation in dialogue032

is a long-standing challenge, raising questions033

about how individual and collective reasoning and034

argumentation are connected (Yu et al., forthcom-035

ing; Ivanova and Gubelmann, 2025). In particular,036

a significant question is how coherence relations in037

debate are connected to the propositional relations038

of logical reasoning, that is conflict/oppose, and in-039

ference/support. An important proposal clarifying040

this relation is Inference Anchoring Theory (IAT)041

(Reed, 2011; Reed and Budzynska, 2011; Budzyn- 042

ska et al., 2014). This theory aims to account for 043

the coherence of debates and offers the tools for 044

argument corpus development (Budzynska et al., 045

2014), finetuning LLMs (Wu et al., 2024), and shed- 046

ding light on, for example, the role of questions in 047

debates (Hautli-Janisz et al., 2022). 048

Figure 1 shows a snippet of dialogue on the 049

Welfare state from the Moral Maze corpus (Janier, 050

2017) annotated with IAT. On the right-hand side, 051

we can see four locutions, labeled L1 to L4. As 052

the example shows, a locution consists of a speaker 053

designation (‘Neil’ or ‘Clifford’) and an utterance. 054

Each locution is anchored to a proposition (shown 055

in the four left-most blue boxes) via an Illocution- 056

ary Connection (IC) (in the middle yellow boxes). 057

In this case, the two first locutions’ Illocutionary 058

Connection, i.e. IC, is ‘Asserting’, the third is ‘As- 059

sertive Questioning’ and the last one is ‘Asserting’. 060

Propositions and ICs represent the propositional 061

content and Illocutionary force, i.e. the speaker’s 062

communicative intention, from Speech Act theory 063

(Searle, 1969). 064

The locutions are linked by a transition box sig- 065

nalling a locution is a response to its predecessor. 066

Each transition between locutions is anchored, via 067

an Illocutionary Connection for Transition (ICTA), 068

to a Propositional relation. In our example, one 069

transition is anchored via the ‘Arguing’ Illocution- 070

ary connection to the ‘Inference’ Propositional re- 071

lation and two transitions are anchored via the ‘Dis- 072

agreeing’ Illocutionary connection to the Conflict 073

Propositional relation. As the example shows, ‘In- 074

ference’ is used when one proposition provides a 075

reason to accept the other proposition. In contrast, 076

‘Conflict’ is used when one proposition provides a 077

reason to not accept the other proposition.1 078

1IAT singles out further propositional relations, for ex-
ample, Rephrase (when one proposition is more or less a
paraphrase of the other) but we ignore them for the purpose of
this paper.
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Figure 1: Example from Moral Maze Welfare State (Map6273, 2017). In this episode, Neil and Clifford are
respectively a Witness and a Panellist.

The structure that IAT assigns to naturally-079

occurring dialogues is proposed in the tradition080

of theories that ‘aim to account for dialogue coher-081

ence’ (Budzynska et al., 2014, page 917), extend-082

ing such works by using locutions as anchors for un-083

derlying propositional relations. The current paper084

proposes a novel way to test if and to what extent085

two aspects of IAT – illocutionary acts and propo-086

sitional relations – contribute to dialogue coher-087

ence. We have developed an algorithm, Dialogue088

Propositional Content Replacement (DPCR), that089

can generate dialogue snippet variants whose struc-090

tures are entirely or partially IAT-compliant. For091

this purpose, the algorithm replaces locutions in an092

IAT structure with content from an argument map093

(capturing inference/support and conflict/oppose 094

relations between propositions on a given topic), 095

but in such a way that the IAT-structure constraints 096

(on propositional and illocutionary relations) are 097

either satisfied, partially satisfied or not satisfied 098

at all. For instance, replacing L1 and L2 in Figure 099

1 with (L1) ‘Neil: I think that all humans should 100

be vegan’ and (L2) ‘Neil: In the sense that a world 101

of veganism would be a more ethical word: its 102

morals would bring benefits to human society’, us- 103

ing claims from a Kialo map on Veganism, results 104

in a new dialogue snippet that satisfies the same un- 105

derlying propositional and illocutionary relations 106

as the original dialogue. The full example, includ- 107

ing (L3) and (L4) and further example are provided 108
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in Appendix G. Also, the Supplementary materials109

for this paper include all experimental materials.110

We obtain coherence ratings from human read-111

ers for these DPCR-generated dialogue snippets as112

well as for the original naturally occurring dialogue113

snippets and snippets generated with ablated ver-114

sions of DPCR. This provides us with insight into:115

(1) the level of coherence of DPCR-generated dia-116

logues in relation to the original dialogue (when the117

topic has been changed but the structure retained)118

and (2) the effect on coherence ratings as a result119

of the presence/absence of the two key aspects of120

the DPCR algorithm investigated here, i.e. propo-121

sitional and illocutionary relations. Note that for122

this second comparison between DPCR and ablated123

versions, the topic is constant but the generative al-124

gorithm varies (so we are not comparing coherence125

across dialogue topics).126

Our work makes two contributions to the study127

of (dialogue) coherence. Firstly, it introduces a128

novel method for empirically testing theories of co-129

herence through a method of utterance substitution.130

Secondly, by applying our method in a large-scale131

empirical investigation of IAT, we show the via-132

bility of both the method, as well as the potential133

of certain aspects of IAT for a possible model of134

dialogue coherence. The method and study are of-135

fered as exemplars for further work contributing to136

a long-term research programme into the factors137

underlying coherence in discourse. As such, the138

current work sits firmly within Computational Lin-139

guistics, as it uses an empirical study – enabled by140

computational means, i.e. an algorithm for generat-141

ing dialogue snippet variants – to validate certain142

aspects of IAT, a linguistic theory within the remit143

of discourse analysis and pragmatics. Identifying144

such aspects could lead to a possible synthesis of145

existing theories, as described further in the related146

work section.147

In the next section, we describe related work.148

The remainder of the paper follows the standard149

American Psychological Association (APA) format150

for reporting experimental research.151

2 Related work152

It is notoriously difficult to evaluate discourse anal-153

ysis theories and annotation schemes, such as IAT154

– however, we agree with the assessment of Knott155

(2007, Page 594), who proposes that evaluation of156

a theory of coherence is ‘considerably more com-157

pelling as empirical support’ when done by means158

of an application of the theory for text generation 159

that can then be assessed against judgements from 160

‘actual readers’. Knott (2007) argues against the 161

evaluation of theory-based annotations directly and 162

instead suggests that ‘the theory must be assessed 163

in relation to its predictions about independently 164

observable phenomena in discourse’, a point also 165

made by Zaenen (2006). Knott (2007) commends 166

Wolf and Gibson (2006) for their work on evaluat- 167

ing graph-based against tree-based theories by com- 168

paring the quality of summarised texts achieved by 169

these different underlying representations. Such 170

empirical theory evaluation seems to have, how- 171

ever, had little uptake and, unfortunately, may even 172

have less chance in future where most effort goes to 173

experimentation with large language models. The 174

method proposed in the current paper adds an im- 175

portant twist to Knott and Zaenen’s recommenda- 176

tions, by going beyond between-theory comparison, 177

enabling (via ablation) a better understanding of 178

individual aspects of a theory of coherence that 179

account for coherence judgements. 180

Head-to-head comparison of theories of coher- 181

ence, such as RST (Mann and Thompson, 1988), 182

SDRT (Asher and Lascarides, 2003), or QUD 183

(Ginzburg, 2012), may be challenging and even 184

unnecessary. For instance, RST could be evalu- 185

ated along the lines of our evaluation of IAT, using 186

as a substitution-based approach. To our knowl- 187

edge, the only existing work in this space, using a 188

substitution-based approach grounded in RST, was 189

trialled in Piwek and Stoyanchev (2011), but for 190

monologue-to-dialogue generation rather than the- 191

ory testing. A substitution-based experiment along 192

the lines described in the current paper, but with 193

RST, would not aim to determine whether RST is 194

the better theory, but could be used to shed light 195

on the elements of RST that matter. This in turn 196

could lead to an integration of the key effective ele- 197

ments of RST and IAT, a possibility considered by 198

Budzynska et al. (2014). In our view, RST and IAT 199

are complementary in that RST has a much wider 200

range of relations that are needed to account for a 201

much wider range of discourse genres beyond de- 202

bate, whereas IAT provides the means for dealing 203

with fine-grained inferential relations found mostly, 204

but not exclusively, in debate and that are beyond 205

the scope of RST. Showing that these fine-grained 206

relations affect judgements of coherence does not 207

falsify RST - rather we propose that this is evidence 208

of a complementary level of structure that affects 209

coherence. 210
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The current research only considers short, up211

to four-turn, dialogue snippets, given that longer212

snippets typically do not have a fully connected213

IAT structure underpinning them. IAT works well214

where relations between locutions can be mapped215

to underlying propositional relations. Where these216

are absent, other factors will influence dialogue217

coherence that are better accounted for by theories218

such as RST. Thus we return to our earlier point that219

to fully account for dialogue coherence, in the long220

run, a synthesis of theories based on a thorough221

understanding of what makes each effective, seems222

the best route to success. Our experimental method223

and the results of its application to IAT are intended224

to contribute to this long-term programme.225

3 Method226

3.1 Materials227

Coherence Rating Scale For our experiment, we228

developed, based on pilot studies and previous229

work on coherence annotation such as Cervone and230

Riccardi (2020), a scale from 1 to 7 for rating the231

coherence of argumentative dialogue snippets (with232

1 = incoherent and 7 = coherent).2 Annotaters are233

asked to rate a dialogue snippet as coherent if the234

following apply: (a) all sentences in the dialogue235

make sense by themselves and are clear (at the236

point in dialogue where they occur), and (b) all237

sentences in the dialogue link together well with238

each other so that the dialogue is clear and sensible.239

Dialogue Snippet Variants To address our aim240

of validating IAT, the participants in the current241

study rated the coherence of dialogue snippets be-242

longing to one of the following categories:243

1. original naturally-occurring argumentative di-244

alogue snippets (MORAL MAZEoriginal) from245

the Moral Maze corpus,246

2. original naturally-occurring argumentative di-247

alogue snippets, but after contextual enhance-248

ment: i.e., where there is anaphora or el-249

lipsis, we manually expand these to make250

the dialogue more self-contained (MORAL251

MAZE+context
original ), since this could affect coher-252

ence ratings,253

3. argumentative dialogue snippets generated by254

means of the Dialogue Propositional Content255

2The guidelines used in the experiment can be found in
Appendix F on Page 19. Further detail can be found in the
Data Supplementary Materials folder.

Replacement (DPCR) algorithm described be- 256

low, 257

4. argumentative dialogue snippets generated 258

by the ‘No sentence templates’ algorithm 259

(DPCR−templ). This algorithm generates 260

new argumentative dialogues according to the 261

same algorithm as DPCR but without apply- 262

ing sentence templates. 263

5. argumentative dialogue snippets generated by 264

the ‘Random propositional relations’ algo- 265

rithm (DPCR−rel). This algorithm applies 266

sentence templates corresponding with Illocu- 267

tionary Connections (ICs) in locution patterns 268

(LPs), but selects a random propositional rela- 269

tion rather than the relation selected according 270

to IAT, and 271

6. argumentative dialogue snippets generated by 272

the ‘No sentence templates and random propo- 273

sitional relations’ algorithm (DPCR−rel
−templ). 274

This algorithm selects a random proposition 275

and does not apply the sentence templates to 276

generate locutions. 277

Note that for our study we use four algorithms 278

for snippet generation: the full DPCR algorithm 279

as well as three ablated versions of this algo- 280

rithm. We also have human-generated argumen- 281

tative dialogues snippets (MORAL MAZEoriginal 282

and MORAL MAZE+context
original ). As shown in Table 1 283

these algorithms generated 883 dialogue snippets. 284

Additionally, there are 50 dialogues from MORAL 285

MAZEoriginal and MORAL MAZE+context
original adding 286

up to total of 933 snippets. The Data part of the 287

Supplementary Materials for this paper includes 288

the full set of dialogue snippets. Additionally, for 289

representative examples, see Appendix G on Page 290

20. 291

Once generated, the argumentative dialogue snip- 292

pets were split into batches of 13. In each batch, 293

two snippets were repeated twice each, to be used 294

for annotator quality control. The two repeated 295

snippets that were presented twice at random places 296

in the batch allowed us to assess the annotator’s 297

self-consistency. Overall, we have 71 batches of 298

15 dialogues (13 plus 2 repetitions) and 1 batch of 299

12 dialogues (10 plus 2 repetitions). 300

Method for Dialogue Propositional Content 301

Replacement (DPCR) For the current work, 302

we made use of an enhanced version of the 303

Moral Maze MM2012c dataset (Janier, 2017): the 304
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Algorithm Brexit Veganism Vaccination Total
DPCR 72 75 72 219
DPCR−templ 72 75 72 219
DPCR−rel 74 72 75 221
DPCR−rel

−templ 75 74 75 224
Total 293 296 294 883

Table 1: Number of argumentative dialogue snippets generated per topic and per algorithm for Brexit, Veganism
and Vaccination.

QTMM2012c+ dataset (Amidei et al., 2021). The305

latter includes the following additional information:306

(a) each speaker is labelled with their role (one of307

Chair, Panellist or Witness), (b) speakers are as-308

sociated with a stance towards the claim or thesis309

under discussion (neutral, pro and con) and (c) in-310

formation on the locutions chronological order is311

made explicit.312

The second main resource that the current work313

draws on are argument maps. An argument map314

is a tree-like structure that starts with a thesis (top315

claim, blue box). The thesis can be supported or316

attacked by pro (green dashed boxes) and con (red317

boxes) arguments. In turn, both pro-arguments and318

con-arguments can branch into subsequent argu-319

ments that support or attack them. For an example320

of an argument map’s structure see Figure 2 in the321

Appendix. Argument maps and related structures322

such as argument graphs have been used previously323

to drive persuasive chatbots, see Chalaguine and324

Hunter (2020). The DPCR algorithm is not tied to a325

specific dataset of argument maps, but for our study326

we will be using maps with claims from Kialo.com.327

In a nutshell, with DPCR we take an existing328

snippet of an argumentative dialogue from an argu-329

mentative dialogue corpus and replace its locutions330

with claims lifted from an argument map on a dif-331

ferent topic whilst retaining the IAT dialogue struc-332

ture, including propositional relations between the333

locutions’ contents. Formally, given an argumenta-334

tive dialogue snippet D consisting of the sequence335

of locutions l1, . . . , ln on topic T with:336

• locutions as the set of possible locutions;337

• type : locutions −→ dialogue_act_type; 3338

• speaker_role : locutions −→ roles; 4339

3For more detail on the dialogue act types used in this
paper, we refer to Table 5 in Appendix B.

4For this paper we use the roles chair, panellist and wit-
ness.

• content : locutions −→ propositions; 5 340

• prop_rel : propositions × propositions 341

−→ propositional_relation. 6 342

Argumentative Dialogue Propositional Content Re- 343

placement (DPCR) is defined as obtaining a dia- 344

logue snippet D′ = l′1, . . . , l
′
n on topic T ′ from a 345

dialogue snippet D = l1, . . . , ln on topic T such 346

that: 347

• for all 1 ≤ x ≤ n : type(lx) = type(l′x) 348

• for all 1 ≤ x ≤ n : speaker_role(lx) = 349

speaker_role(l′x) 350

• for all 1 ≤ x, y ≤ n : 351

prop_rel(content(lx), content(ly)) = 352

prop_rel(content(l′x), content(l
′
y)) 353

This definition stipulates what counts as DPCR, 354

i.e. replacing propositional content on topic T with 355

content on topic T ′ applied to argumentative dia- 356

logue snippet D on topic T , resulting in snippet D′: 357

as we replace locutions on one topic for those on 358

another, (a) the dialogue act types and speaker roles 359

belonging with the replaced for locutions should re- 360

main the same and (b) where there are propositional 361

relations between the contents of the original locu- 362

tions, these should also hold between the contents 363

of the replacement locutions (taken from argument 364

map). Thus we obtain a new snippet that has the 365

same IAT structure as the original snippet, but deals 366

5Propositions are represented as paraphrases of the locu-
tions, with context-dependence removed where possible.

6For the purpose of this work we only distinguish two
propositional relations: pro (or inference) and con (or
conflict). The labels pro/con are used for propositional
relations in argument maps to signify support (pro) and op-
position (con) between two propositions. These correspond
to the IAT propositional relations inference and conflict.
Note that by restricting our work to these two relations, the
current function prop_rel is partial. For pairs of propositions
where the relation between the propositions is not one of the
aforementioned two relations, we assume that it maps to ⋆.
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with a different topic. DPCR−templ violates (a) by367

rendering almost all acts as assertions, DPCR−rel368

violates (b) by selecting propositional relations at369

random, and DPCR−rel
−templ violates both (a) and (b).370

Appendix D on Page 16 contains a full description371

of the DPCR algorithm and its ablations, whilst the372

code is supplied as Supplementary Material.373

3.2 Participants374

For our experiment, we used the Amazon Mechani-375

cal Turk platform (Mturk, 2022) with 10 annotators376

per batch. Each annotator was paid $4, for a task of377

20 minutes.7 The annotators were Master annota-378

tors8 from the UK and USA with as their minimum379

education a US Bachelor degree. We had 89 an-380

notators who performed the task. Two of them381

were rejected resulting in data being used from 87382

annotators. The two annotators were rejected on383

the basis of a test-retest setup. In each batch, the384

test-retest setup was based on two dialogues each385

being repeated once. We expected the participants386

to assign identical or close scores to identical (re-387

peated) dialogues. We split the scores into three388

sets: {1, 2, 3}, {3, 4, 5} and {5, 6, 7}. If the scores389

from a repeated dialogue were different and part of390

two different sets, then we consider the test failed391

and rejected the annotator.392

3.3 Design393

Our aim is to understand which aspects, if any, of394

Inference Anchoring Theory (IAT) may account for395

dialogue coherence? To systematically investigate396

this question, we introduce four testable hypothe-397

ses:398

(H1) DCPR-generated snippets are at least as co-399

herent as MORAL MAZE snippets.400

(H2) DCPR-generated snippets are more coherent401

than DPCR−rel snippets.402

(H3) DCPR-generated snippets are more coherent403

than DCPR−templ snippets.404

(H4) DCPR-generated snippets are more coherent405

than DPCR−rel
−templ snippets.406

The first hypothesis checks that the level of coher-407

ence of IAT-structured generated dialogue snippets408

7With the task taking up to 20 minutes at £3.38 (based
on exchange rate at the time), this amounts to remuneration
at £10.14/hour. When we carried out the experiment, in July
2022, the minimum wage in the UK was £9.50/hour.

8Master Workers are a top Worker of the MTurk market-
place. For more details see Mturk FAQs (2022).

is at least at the same level as that of natural dia- 409

logues. The remaining hypotheses compare snip- 410

pets that are fully IAT-compliant with those that 411

are only partially or not at all compliant. Together, 412

these hypotheses tests to what extent the structures 413

posited by IAT allow us to create dialogue snippets 414

that, on the one hand, are comparable in coherence 415

with snippets from naturally-occuring dialogue and, 416

on the other hand, are superior in coherence when 417

compared with dialogue snippets that at best only 418

partially conform with with IAT dialogue structure. 419

3.4 Procedure 420

Annotators judged one debate snippet at a time. 421

Snippets were grouped into batches, as described 422

above, where the order was randomised per partici- 423

pant (to avoid ordering effects). Annotators could 424

annotate more than one batch, but never the same 425

batch twice. 426

4 Results 427

Annotator reliability and coherence ratings Ta- 428

ble 2 reports the Inter Annotator Agreement (IAA) 429

value measured with two different metrics, to pro- 430

vide a good overview of the data reliability.9 The 431

values in Table 2 are based on the IAA for each of 432

72 batches. 433

Value % AC2
Mean 0.82 0.39
Max 0.92 0.80
Min 0.77 0.21
Median 0.84 0.49
Variance 0.0008 0.01

Table 2: Value of Inter Annotator Agreement measured
among batches. Where % is the Percent Agreement and
AC2 is the Gwet AC2 coefficient.

In our experiment, the lower categories 1–4 are 434

used much less than the higher categories 5–7. 435

This makes our annotation unbalanced towards the 436

lower categories. Under such conditions, chance- 437

corrected coefficients such Krippendorff’s α (Krip- 438

pendorff, 1980), Fleiss’s κ (Fleiss, 1971) and Co- 439

hen’s κ (Cohen, 1960) are subject to the preva- 440

lence paradox (Artstein and Poesio, 2008) and sub- 441

optimal. For this reason, we decided to report IAA 442

9All the criteria were measured by the use of irrCAC li-
brary provided by the R software (Gwet, 2014b). More specifi-
cally we used the functions pa.coeff.raw() and gwet.ac1.raw(),
all with ordinal weight.
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based on the Gwet AC2 coefficient (Gwet, 2014a)443

which is deemed to be more robust.444

To interpret the IAA values we used the Landis445

and Koch (1977) benchmark scale as revised and446

adjusted by Gwet (2014a).10 Based on this analysis447

we got a level of agreement equal to or higher than448

fair for 83% of the batches. More precisely, 3%449

of the bathes reached a substantial level of agree-450

ment, 30% of the bathes reached a moderate level451

of agreement and 50% of the batches reached a fair452

level of agreement. Finally, a slight level of agree-453

ment was reached for 17% of the batches. Judging454

the coherence of a dialogue is not straightforward.455

Many factors can impact dialogue coherence, and456

make a dialogue more or less coherent. This made457

the task of judging dialogue coherence a subjec-458

tive one. Accordingly, we consider the agreement459

reached in our study a satisfactory level of agree-460

ment.461

Hypotheses Table 3 shows the results of our em-462

pirical evaluation. Table 20 in Appendix H breaks463

these results further down by comparing the DPCR-464

generated variants per topic. The results from the465

current Table 3 are reproduced, reassuring us that466

our results are not topic-dependent. We proceed467

with describing our results in terms of the hypothe-468

ses from Section 3.3.469

Algorithm Med. Coh. Mean Coh.
DPCR−templ 7 5.99
DPCR 6 5.88
MORAL M +context

original 5 5.16∗∗∗

MORAL Moriginal 5 4.9∗∗∗

DPCR−rel
−templ 5 4.66∗∗∗

DPCR−rel 5 4.46∗∗∗

Table 3: Experiment results. Med/Mean Coh. Score
is the median/mean of the coherence scores given to
an algorithm. *** indicates that the difference between
the algorithm in this row and DPCR, measured by the
Student’s t-test, is highly significant (at P ≤ 0.001).

(H1) DCPR-generated snippets are at least as co-470

herent as MORAL MAZE snippets. This hypothesis471

is confirmed: DCPR-generated snippets are not just472

as coherent as MORAL MAZE snippets but even473

more coherent (according to the raters): coherence474

of DCPR is higher than MORAL MAZEoriginal and475

10Also in this case, to interpret the IAA values, we used
the irrCAC library provided by the R software (Gwet, 2014b).
More specifically we used the functions landis.koch.bf().

MORAL MAZE+context
original (5.88 versus 4.9 and 5.16, 476

P ≤ 0.001). 477

(H2) DCPR-generated snippets are more coher- 478

ent than DPCR−rel snippets. This hypothesis is 479

also confirmed (5.88 versus 4.46, P ≤ 0.001). 480

(H3) DCPR-generated snippets are more coher- 481

ent than DCPR−templ snippets. This hypothesis 482

could not be confirmed. There is no statistically sig- 483

nificant difference between DCPR-generated and 484

DCPR−templ snippets (5.88 versus 5.99). 485

(H4) DCPR-generated snippets are more coher- 486

ent than DPCR−rel
−templ snippets. This hypothesis is 487

also confirmed (5.88 versus 4.46, P ≤ 0.001). 488

Table 4 shows the mean scores depending on 489

the number of turns per dialogue. The table sug- 490

gests that the perceived dialogue coherence is im- 491

pacted by the number of turns. For the DPCR and 492

DPCR−templ-generated snippets, as there are more 493

turns, the score decreases gradually. In contrast, for 494

MORAL MAZE+context
original and MORAL MAZEoriginal 495

the score increases as the number of turns in- 496

creases. Overall, the trend is that as turn number 497

increases, the diffence between coherence levels 498

of, on the one hand, the DPCR and DPCR−templ- 499

generated snippets and, on the other hand, the 500

MORAL MAZE+context
original and MORAL MAZEoriginal 501

disappears. In contrast, for the ablated versions 502

DPCR−rel and DPCR−rel
−templ, as dialogue length 503

increases coherence decreases. 504

Algorithms 2 Tns 3 Tns 4 Tns
DPCR−templ 6.27 5.84 5.5
DPCR 6.13 5.63 5.41
Moral maze+context

original 5.42 4.56 5.35
Moral mazeoriginal 4.89 4.34 5.53
DPCR−rel

−templ 4.78 4.56 4.44
DPCR−rel 4.64 4.28 4.28

Table 4: Average score per number of turns (Tns).

5 Discussion 505

Inference Anchoring Theory (IAT) is a widely used 506

theory that presents an appealing perspective on 507

how dialogue coherence is underwritten by an un- 508

derlying structure involving illocutionary acts and 509

logical relations of conflict and inference between 510

propositional contents. The current research aimed 511

to examine which aspects of IAT might account 512

7



for dialogue coherence. Using our novel experi-513

mental method, we collected the, to our knowledge,514

first empirical evidence that some of the underly-515

ing structure IAT assigns to debates accounts, at516

least partially, for the coherence of those debates.517

To address our overall aim of finding out if and to518

what extent two aspects of IAT (illocutionary acts519

and propositional relations) contribute to dialogue520

coherence, we tested four hypotheses.521

Three of our hypotheses – (H1), (H2) and (H4) –522

were confirmed: We saw that IAT-generated snip-523

pets were at least as coherent as naturally-occurring524

dialogue snippets from the Moral Maze corpus525

(H1). We also saw that dialogue snippets whose526

underlying propositional relations were selected527

at random (which is the case for both DPCR−rel528

and DPCR−rel
−templ), rather than driven by IAT, are529

judged to have lower coherence than dialogue snip-530

pets that conform with the propositional relations531

mandated by IAT (H2 and H4). These results sug-532

gest that the propositional relations posited by IAT533

and their anchoring in dialogue is a factor that in-534

fluences dialogue coherence. The other factor we535

considered, illocutionary acts, was, however, not536

confirmed by our study. More specifically, (H3) re-537

garding DPCR−templ was not confirmed. In other538

words, judgements of coherence were not affected539

negatively by whether the illocutionary force (ques-540

tion version assertion) of the dialogue acts was541

reflected in their surface verbalisation (specifically542

through interrogative form for questions). This re-543

sult may have several reasons: (1) inadequacy of544

the handcrafted generation templates for illocution-545

ary force, (2) the fact that even in the DPCR−templ546

condition for those utterances without a proposi-547

tional relation, illocutionary force was always ex-548

pressed (as we explain below it was impossible549

not to do so) and (3) the ability of readers to in-550

fer implicit force. This final point is an empirical551

fact. Though DPCR−templ does not convert argu-552

ment map claims into questions (i.e. interrogative553

sentences) where the Illocutionary Connection re-554

quires this, in dialogue, whether a locution with555

a declarative sentence type is intended as a ques-556

tion can usually be inferred from the communica-557

tive context (Beun, 1990). In our argumentative558

dialogue set-up, involving discussions between a559

panellists and witnesses about contentious topics,560

a natural interpretation of locutions consisting of a561

declarative sentence is as raising questions for dis-562

cussion by the other party – this is also in line with563

the more general idea that assertions can can initi-564

ate issues, i.e. introduce questions for discussion, 565

which then become part of the QUD, i.e. ques- 566

tions under discussion (Ginzburg, 2012). In the 567

limitation section, we will return to points (1) and 568

(2), providing examples that illustrate the concrete 569

limitations of our approach in this respect. 570

An at first sight surprising result was that the 571

DPCR and DPCR−templ algorithm-generated snip- 572

pets were judged as more coherent than the original 573

dialogue snippets. A possible reason for this is that 574

the claims that the algorithm takes from the Kialo 575

maps are generally well-written and self-contained. 576

In contrast, some of the original spoken language 577

locutions in the Moral Maze snippets are less self- 578

contained and context-dependent. In our experi- 579

mental design we compensated for this by creating 580

versions of the Moral Maze snippets with added 581

context. This helped somewhat, with MORAL 582

MAZE+context
original dialogues rated slightly higher than 583

MORAL MAZEoriginal, but still not at the level of 584

DPCR and DPCR−templ. In any event, our main 585

comparison was between the (ablated) versions of 586

DPCR, allowing us to determine whether propo- 587

sitional relations and/or illuctorionary act (expres- 588

sion) play a role in dialogue coherence ratings. The 589

fact that DCPR dialogues received coherence rat- 590

ings comparable to those of the original dialogues 591

reassures us that comparing DCPR dialogue ratings 592

with ablated version ratings is warranted. 593

Another interesting finding is that participants 594

mostly use the upper end of the rating scale (4–7) 595

for coherence ratings. This may be explained by 596

the general tendency of interpreters to expend ef- 597

fort to make sense of utterances even if, on the face 598

of it, they do not make sense. An insight that has 599

been widely discussed following on from the intro- 600

duction of the notion of implicatures (Grice, 1975) 601

(i.e. additional inferences that addressees make to 602

explain away any apparent lack of cooperativeness 603

of speaker contributions). This does, however, not 604

undercut the idea central to the current project, i.e. 605

that there are degrees of coherence. 606

Apart from validating the role of IAT proposi- 607

tional relations in dialogue coherence, the current 608

work contributes to the computational study of ar- 609

gumentative dialogue by offering the DPCR algo- 610

rithm (full and ablated versions) and its implemen- 611

tation for use by the research community as well as 612

the corpus of 933 generated and natural-occurring 613

dialogue snippets together with their coherence rat- 614

ings, with each snippet rated by 10 annotators out 615

of a group of 87 annotators. 616

8



6 Limitations617

Contra our hypothesis (H3), the DPCR−templ618

algorithm-generated snippets were rated as highly619

in terms of coherence as DPCR-generated snippets.620

We had expected that by switching off the template621

generation, the coherence would detioriate. The622

idea behind the template generation was to convert623

propositions (stated as assertions) into the correct624

dialogue acts, i.e. the act type observed in the625

original naturally-occuring snippet from which the626

generated snipped was derived via DPCR.627

A qualitative analysis of the dialogue snippets628

generated with DPCR−templ and DPCR revealed629

coherence score differences where the snippets be-630

gin with a speaker that uttered a questioning fol-631

lowed by an asserting. This suggests that there is632

scope to improve the relevant sentence templates633

for this situation. For example:634

Assertive Questioning: Do you believe635

that the UK should remain in the EU636

if a hard Brexit is the only alternative637

option?638

followed by:639

Asserting: In other words I think that640

by remaining in the EU, the UK would641

be able to operate broadly as before but642

with clear caveats regarding some issues643

that concern its citizens.644

In cases like this, a dialogue generated with the645

DPCR−templ algorithm can result in dialogue that646

is perceived as more coherent. For example:647

The UK should remain in the EU if a hard648

Brexit is the only alternative option.649

followed by:650

By remaining in the EU, the UK would651

be able to operate broadly as before but652

with clear caveats regarding some issues653

that concern its citizens.654

As illustrated above, the DPCR−templ algorithm655

does not make use of the Illocutionary Connections656

(ICs) to rephrase the argument map claims that are657

used. It will not convert the argument map claim to658

the sentence type associated with the IC and instead659

always use the declarative sentence from the argu-660

ment map verbatim. However, for those locutions661

where there is no argument map claim involved,662

such as various forms of challenging, DPCR−templ 663

does use the relevant canned text: for example a 664

Pure challenging IC is realised as one of the fol- 665

lowing ‘Why is that?’ or ‘Why?’. Similarly, there 666

is canned text for Assertive and Rhetorical Chal- 667

lenging. This means that DPCR−templ will not just 668

yield a sequence of assertions: for all the afore- 669

mentioned ICs involving challenging, variety is 670

introduced through the canned text associated with 671

these ICs. All in all this means that DPCR−templ 672

is at least partially IAT-compliant after all. 673

As part of our qualitative analysis we also ob- 674

served that the dialogue generated with DPCR does 675

look more like natural dialogue, than the ones gen- 676

erated with the DPCR−templ algorithm. For an 677

example of the contrast between the two types of di- 678

alogue that are generated, see Appendix G starting 679

on Page 20: Tables 18 and 19. Note the difference 680

between the DPCR dialogue, which involves for 681

example questions and hedges and DPCR−templ 682

dialogue, which is a simple sequence of assertions. 683

It may be that naturalness needs to be considered 684

separately from coherence, which was the focus 685

of this paper. Whereas we found evidence for the 686

relation between propositional relation choice and 687

coherence, this relation does not seem to be as 688

strong or existent between dialogue act type choice 689

and coherence. Further research is needed to es- 690

tablish whether the latter relation is more closely 691

associated with dialogue naturalness. 692

We consider the current study large scale, with 693

almost 1000 dialogue snippets judged by 87 an- 694

notators. Of course, size is relative and com- 695

pared to datasets and annotations undertaken by 696

commercially-driven labs (e.g. to train LLMs), our 697

data set is comparatively small. And yet, for theory- 698

driven empirical work, this study is of a significant 699

size. It is also worth noting that with this paper we 700

are making all data and code available. 701
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APPENDIX836

A Example of an argument map837

Figure 2: Example of argument map about veganism, with claims based on (Veganism example, 2022).

B IAT Dialogue Act Types838

Illoctionary Connection (IC)
Questioning
Rhetorical Questioning
Assertive Questioning
Pure Questioning
Challenging
Rhetorical Challenging
Assertive Challenging
Pure Challenging
Others
Asserting
Popular Conceding
Yes
No

Table 5: Types of Dialogue Acts, referred to as Illocutionary Connections (ICs) in Inference Anchoring Theory
(IAT). Detailed descriptions of these acts can be found in Centre for Argument Technology (2023 manuscript)
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C Student’s t-test statistics 839

The Student´s t-test was used for comparing the DPCR algorithm with the other algorithms.11 The 840

measure was performed on coherence scores associated with the dialogue generated by each algorithm. In 841

the same fashion, we performed the Student’s t-test per topic. In this case, we focus on the coherence 842

scores associated with dialogue snippets grouped by topic. 843

Table 6 reports statistics related to the Student´s t-test. Similarly, Tables 7, 9, 8 report statistics related 844

to the Student´s t-test respectively for the case of Brexit, vaccination and veganism. Table 10 and Table 845

11 report respectively the standard deviation of the coherence scores measured for each algorithm and the 846

standard deviation of the coherence scores measured for each algorithm per topic. Table 12 and Table 13 847

report respectively the variance of the mean coherence scores and the variance of the mean coherence 848

scores per topic. 849

Algorithms t-test score p-value Degree of freedom
DPCR / MORAL MAZEoriginal 5.77 1.442593054380911e-06 35.58
DPCR / MORAL MAZE+context

original 4.53 8.436201745497882e-05 30.48
DPCR / DPCR−templ -1.88 0.06 504.56
DPCR / DPCR−rel 19.50 2.22629836154952e-63 464.35
DPCR / DPCR−rel

−templ 15.99 3.2683704258661824e-46 464.55

Table 6: Student´s t-test statistics.

Algorithms t-test score p-value Degree of freedom
DPCR / DPCR−templ -0.44 0.65 159.47
DPCR / DPCR−rel 10.69 1.2646138185639769e-20 154.46
DPCR / DPCR−rel

−templ 9.49 3.4813207445337696e-17 157.86

Table 7: Student´s t-test statistics for the topic Brexit.

Algorithms t-test score p-value Degree of freedom
DPCR / DPCR−templ -1.68 0.09 169
DPCR / DPCR−rel 11.54 5.687575374991213e-23 152.14
DPCR / DPCR−rel

−templ 8.88 1.3842848206119827e-15 156.84

Table 8: Student´s t-test statistics for the topic veganism.

11We used the function stats.ttest_ind() provided by the python library SciPy for the Student´s t-test, setting the variable
equal_var = False.
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Algorithms t-test score p-value Degree of freedom
DPCR / DPCR−templ -1.14 0.25 165.53
DPCR / DPCR−rel 11.71 2.0820200193845604e-23 154.47
DPCR / DPCR−rel

−templ 9.29 2.15709639836805e-16 144.41

Table 9: Student´s t-test statistics for the topic vaccination.

Algorithms Standard deviation
DPCR−templ 1.38
DPCR 1.42
MORAL MAZE+context

original 1.79
MORAL MAZEoriginal 1.83
DPCR−rel

−templ 1.93
DPCR−rel 1.97

Table 10: Standard deviation of the coherence scores.

Algorithms Brexit Veganism Vaccination
DPCR−templ 1.42 1.35 1.34
DPCR 1.44 1.44 1.36
DPCR−rel

−templ 1.95 1.91 1.92
DPCR−rel 1.97 1.98 1.96

Table 11: Standard deviation of the coherence scores per topic.

Algorithms Variance
DPCR−templ 0.53
DPCR 0.47
MORAL MAZE+context

original 0.62
MORAL MAZEoriginal 0.85
DPCR−rel

−templ 0.99
DPCR−rel 0.83

Table 12: Variance of the mean coherence scores.

Algorithms Brexit Veganism Vaccination
DPCR−templ 0.70 0.54 0.37
DPCR 0.45 0.55 0.43
DPCR−rel

−templ 0.97 0.95 1.07
DPCR−rel 0.87 0.89 0.71

Table 13: Variance of the mean coherence scores per topic.

Algorithms Mann-Whitney U score p-value
DPCR / MORAL MAZEoriginal 1424.5 1.4637139234284339e-09
DPCR / MORAL MAZE+context

original 1445.5 5.196092755480786e-07
DPCR / DPCR−templ 27898 0.0051
DPCR / DPCR−rel 7118 8.28841006753334e-51
DPCR / DPCR−rel

−templ 10150 1.0811689499536537e-41

Table 14: Mann-Whitney U test statistics. For measuring the Mann-Whitney U test we used the function
stats.mannwhitneyu() provide by the python library SciPy.
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Algorithms Mann-Whitney U score p-value
DPCR / DPCR−templ 3100 0.13
DPCR / DPCR−rel 832.5 1.0340781888834896e-17
DPCR / DPCR−rel

−templ 1117.0 2.578864793608788e-15

Table 15: Mann-Whitney U test statistics for the topic Brexit.

Algorithms Mann-Whitney U score p-value
DPCR / DPCR−templ 2990.5 0.019
DPCR / DPCR−rel 736.5 6.949207593279784e-19
DPCR / DPCR−rel

−templ 1145.5 4.394640292547241e-15

Table 16: Mann-Whitney U test statistics for the topic veganism.

Algorithms Mann-Whitney U score p-value
DPCR / DPCR−templ 3180 0.08
DPCR / DPCR−rel 766.5 2.4894342072291853e-18
DPCR / DPCR−rel

−templ 1104.5 4.427842296383658e-15

Table 17: Mann-Whitney U test statistics for the topic vaccination.
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D The DPCR Algorithm850

To describe the DPCR Algorithm, we need to first define a number of lists, sets and functions:851

• Lists and sets:852

– Argmap is the list of all the claims that make up an argument map.853

– Sentencetemplates = {IC1, . . . , ICm}, where each ICi (for i = 1, . . . ,m) is a set of sentence854

templates for an Illocutionary Connection (IC).855

– Finaldialogue is a list of locutions that make up the generated dialogue.856

• Functions:857

– Random is a function that takes a set as an input and returns a random element of the input set858

as an output.859

– GenerateLocution is a function that takes a speaker role, a claim (from an argument map) and860

a sentence template as input and combines them into a locution that is returned as the output.861

The function removes (if present) any word repetition between the argument map claim and the862

sentence template. Finally, the function adds a question mark to the output sentence when the863

IC involved is a questioning.864

– ChildClaimpro;con is a function that takes an argument map, a propositional relation (pro or865

con), and a parent claim as input and gives as output a claim that stands in the pro or con relation866

(of the input) to the parent claim in the argument map. If such a proposition does not exist, the867

function gives the string ’FinishedBranch’ as an output.868

– Remove is a function that takes an argument map and a claim and removes that claim from the869

argument map.870

– Add is a function that takes a list (L) a locution (Loc) and an index (i) and adds the locution871

Loc into L at the index i.872

Furthermore, an argumentative dialogue pattern (ADP) is a sequence of locution patterns (LP). An LP is
defined in terms of the following components:

(LP ) [Speaker Role, Stance, Prop. Relations List, Illocutionary Connection, LID]

where:873

• Speaker Role is one of the following: Chair, Witness, Panellist. It represents the role of the speaker.874

• Stance is one of: Pro, Con, Neutral. It represents the stance of the speaker towards the main875

thesis/claim.876

• Prop. Relations List is a list such that:877

– Prop. Relations List = [NA]. In this case the Locution Pattern (LP) expresses the claim at the878

root of the argument map, the map’s main thesis. Or:879

– Prop. Relations List = [Propositional Relation, ParentID], where Propositional Relation880

can be one among Con, Pro, Disagreeing and Agreeing and ParentID is the parent claim881

connected via the Propositional Relation.12882

12Note that ‘Agreeing’ and ‘Disagreeing’ are strictly speaking not relations between propositions. Rather they have to be
understood either affirmation or denial of the proposition in question. In contrast, ‘Pro’ and ‘Con’ represent a relation between
two propositions: one being in support or contradiction with the other.
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• Illocutionary Connection (IC) is the illocutionary connection that is linked to the LP’s sentence 883

(LID). 884

• LID is a unique identifier/label for the LP. 885

We use MainClaim to stand for the main claim/thesis of an argument map – this is the claim that sits at 886

the root of the map: it can have child claims (pro and con claims), but no parent claims. Finally, given a 887

list L, with L[i] we mean the element at index i of L. 888

Algorithm 1: DPCR Algorithm
Input: ADP , Argmap, Sentencetemplates

Output: Finaldialogue

for LP ∈ ADP do
Proprel = LP [PropRelList[0]];
role = LP [Speaker_Role];
SelectedTempl = Random(Sentencetemplates[LP [IlloctionaryConnection]]);
if Proprel = NA then

Cx = MainClaim
else

Parentclaim = LP [PropRelList[1]];
Cx = ChildClaimpro;con(Argmap, P roprel, Parentclaim);
if Cx = FinishedBranch then

Finaldialogue = empty list ; /* if the end of a branch reached, discard the
dialogue */

End the algorithm;
else

Remove(Argmap, Cx) ; /* avoids sentence repetition */
end

end
Locx = GenerateLocution(role, SelectedTempl, Cx);
Add(Finaldialogue, Locx, x)

end
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E Kialo maps used for generation889

Kialo Terms of Service permit “crawling” and “use our export functionality to download debates for890

private use.” (https://www.kialo.com/terms) Accordingly, we downloaded a set of debates for our891

experiments, but cannot redistribute the maps themselves with this paper. However, we can share the892

names of the specific maps that we used so other researchers can download these maps for their use in893

accordance with the aforementioned Terms of Service:894

Brexit895

1. Brexit: was it a good choice for the UK?896

2. Should the UK remain in the EU if the only alternative is a hard Brexit?897

3. Should the United Kingdom Remain A Member of the European Union?898

Veganism899

1. All humans should be vegan.900

2. Is veganism a natural right?901

3. Should people go vegan if they can?902

4. The ethics of eating animals: Is eating meat wrong?903

Vaccination904

1. Do we need a vaccine to fight the Covid 19 pandemic?905

2. Is Covid 19 more dangerous than regular flu viruses?906

3. Is herd immunity for Covid 19 achievable?907

4. It should be compulsory for those working with the elderly to take a Covid 19 vaccine.908

5. Should Covid 19 vaccines be mandatory?909

6. Should vaccinations be mandatory?910

18

https://www.kialo.com/terms


F Annotator Guidelines 911

Thank you for participating in this study. You are free to stop participating in the study at any time you 912

want. 913

914

In the task, you will be presented with an argumentative dialogue. You will then be asked to carefully 915

read it and judge it. In total, you will be presented with 15 dialogues. 916

917

Before starting the task, please read the following guidelines carefully. Do also feel free to refer back 918

to these guidelines at any time during the annotation process. Indeed, we encourage you to read these 919

guidelines anytime you have some doubts. The task should take you about fifteen-twenty minutes. 920

921

You will be asked to judge the coherence of the dialogue on a scale from 1 to 7 (1 being incoherent and 7 922

being coherent). 923

924

For this study, please try to use the following definition of coherence: 925

926

A dialogue is coherent if the following apply: 927

928

1) all sentences in the dialogue make sense by themselves and are clear (at the point in dialogue where 929

they occur); 930

931

2) all sentences in the dialogue link together well with each other so that the dialogue is clear and sensible. 932

933

As a rule of thumb, if you believe that no sentences in the dialogue come out of the blue and the 934

sentences in the dialogue are linked together well, then please rank the dialogue coherence as 7. 935

Conversely, if you believe that all sentences in the dialogue come as out of the blue and the sentences 936

in the dialogue are not linked together well, then please rank the dialogue coherence as 1. In the 937

other cases, pick a number between 2 to 6 that you believe describes the level of coherence of that dialogue. 938

939

Please note, if the speakers (who will be labelled as Chair, Witness and Panellist) are in disagreement 940

with each other, this does not mean that the dialogue is incoherent. Speakers can have a coherent dialogue 941

although there is a disagreement between them. Remember, a dialogue is coherent if all its sentences are 942

clear, make sense and go well with each other. 943

944

Judging the coherence of a dialogue is not straightforward. Many factors can impact dialogue coherence, 945

and make a dialogue more or less coherent. We ask you to judge the coherence of a dialogue based on 946

a seven-point scale which ranges from incoherent to coherent. Please try to be consistent with your 947

judgements throughout the evaluation. 948

949

Finally, when judging the coherence of a dialogue please do not be influenced by whether you agree with 950

the arguments in the dialogue. Remember, coherence is independent of what you think about the topic 951

under discussion. 952
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G Examples of original and generated dialogues953

Dialogue source /
Algorithm

Example of a generated dialogue

Moral mazeoriginal Witness: (L1) Actually, we need to think about, how we have a more paternalist
system for people like that. (L2) If you took the people around this table this
evening, and you took away all of our contacts, our qualifications our great jobs
and so on, we’d still have more internal resources than that guy.
Panellist: (L3) Isn’t the reality that in the last ten or twenty years there’s been
a massive transfer of wealth from the poor to the rich, and from the young to
the old, and that what you’re really trying to do is to justify that by blaming the
poor for their position?
Witness: (L4) No, I’m not trying to justify anything.

Moral maze+context
original Witness: (L1) Actually, we need to think about, how we have a more paternalist

system for people like, for example, a young guy that lost his job at Tesco,
mainly because he wasn’t turning up to work on time, which is mainly because
he was smoking a lot of spliff and he was basically very disorganised. (L2) If
you took the people around this table this evening, and you took away all of
our contacts, our qualifications our great jobs and so on, we’d still have more
internal resources than that guy.
Panellist: (L3) Isn’t the reality that in the last ten or twenty years there’s been
a massive transfer of wealth from the poor to the rich, and from the young to
the old, and that what you’re really trying to do is to justify that by blaming the
poor for their position?
Witness: (L4) No, I’m not trying to justify anything.

DPCR Witness: (L1) I think that all humans should be vegan. (L2) In the sense that
a world of veganism would be a more ethical world: its morals would bring
benefits to human society.
Panellist: (L3) Don’t you think that killing animals for food is a survival
instinct, and so not inherently unethical or morally blameworthy?
Witness: (L4) I don’t think so, I think that instinctive, natural behavior is
counterproductive can create problems, both for the individual and society, and
both might want it removed. If both deem it immoral and unethical, then it is it
as such and the unwanted behaviors should be shied away from and hopefully
removed if possible.

Table 18: Examples of the original dialogues MORAL MAZEoriginal and context-enhanced original dialogues
MORAL MAZE+context

original , as well as a dialogue generated with the full DPCR algorithm.
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Algorithm Example of a generated dialogue
DPCR−templ Witness: (L1) All humans should be vegan. (L2) A world of veganism would

be a more ethical world: its morals would bring benefits to human society.
Panellist: (L3) Killing animals for food is a survival instinct, and so not
inherently unethical or morally blameworthy.
Witness: (L4) Instinctive, natural behavior is counterproductive can create
problems, both for the individual and society, and both might want it removed.
If both deem it immoral and unethical, then it is it as such and the unwanted
behaviors should be shied away from and hopefully removed if possible.

DPCR−rel Witness: (L1) I believe that Veganism is a natural right. (L2) In the sense that
humans sit in the greatest position of control on earth, to rule it and shape it
as though the highest power in it. Since we are considering that inalienable
rights are endowed by natural law, we must be inferring that there is a natural
preference for how justice is shaped. Nature, (particularly the expression of
life), is most at peace when ruled in fairness, so it follows that natural law
should direct humans to be benevolent. Humans are meant to be vegan.
Panellist: (L3) Don’t you think that there is no evidence proving that humans
were created by a mindless force of evolution, and there is overwhelming
evidence that many have found the mind of the creator can be reasonably
discerned?
Witness: (L4) I don’t think that’s true. I think that there is an overwhelming
consensus in the scientific community to support the claim all life on earth is
the result of Evolution.

DPCR−rel
−templ Witness: (L1) Veganism is a natural right. (L2) How humans are meant to

behave is not necessarily defined by what is best for their human health.
Panellist: (L3) An abnormal health condition can result in a risk to a person’s
life if they were to live a normal lifestyle. In context of veganism, if a person’s
digestive system has become unable to sustain life without eating meat, there is
an unnatural conflict between the human’s right to live versus the animal’s right
to live, where the vegan cannot ultimately choose to preserve the life of both.
Witness: (L4) It should be argued that the right to live with good conscience
qualifies the right to take one’s own life.

Table 19: Examples of generated dialogues for the algorithms DPCR−templ, DPCR−rel and DPCR−rel
−templ. These

three algorithms are ablated version of the full DPCR algorithm.
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H Results by topic954

Algorithm Med. Coh. Mean Coh.
Brexit
DPCR−templ 6 5.91
DPCR 6 5.86
DPCR−rel

−templ 5 4.64∗∗∗

DPCR−rel 5 4.50∗∗∗

Veganism
DPCR−templ 7 6.01
DPCR 6 5.82
DPCR−rel

−templ 5 4.64∗∗∗

DPCR−rel 5 4.31∗∗∗

Vaccination
DPCR−templ 7 6.06
DPCR 6 5.95
DPCR−rel

−templ 5 4.71∗∗∗

DPCR−rel 5 4.57∗∗∗

Table 20: Median and mean coherence scores by topic. *** indicates highly significant differences with DCPR
(Student’s t-test, P ≤ 0.001).
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