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Abstract001

Natural Language Inference (NLI) datasets of-002
ten exhibit human label variation. To better un-003
derstand these variations, explanation-based ap-004
proaches analyze the underlying reasoning be-005
hind annotators’ decisions. One such approach006
is the LITEX taxonomy, which categorizes007
free-text explanations in English into reasoning008
types. However, previous work applying such009
taxonomies has focused on within-label varia-010
tion: cases where annotators agree on the NLI011
label but provide different explanations. This012
paper broadens the scope by examining how an-013
notators may diverge not only in the reasoning014
type but also in the labeling step. We use expla-015
nations as a lens to decompose the reasoning016
process underlying NLI annotation and to ana-017
lyze individual differences. We apply LITEX to018
two NLI datasets and align annotation variation019
from multiple aspects: NLI label agreement,020
explanation similarity, and taxonomy agree-021
ment, with an additional compounding factor022
of annotators’ selection bias. We observe in-023
stances where annotators disagree on the label024
but provide similar explanations, suggesting025
that surface-level disagreement may mask un-026
derlying agreement in interpretation. Moreover,027
our analysis reveals individual preferences in028
explanation strategies and label choices. These029
findings highlight that agreement in reasoning030
types better reflects the semantic similarity of031
explanations than label agreement alone. Our032
findings underscore the richness of reasoning-033
based explanations and the need for caution in034
treating labels as ground truth.035

1 Introduction036

Natural Language Inference (NLI) has long served037

as a benchmark for language understanding (Dagan038

et al., 2005; Condoravdi et al., 2003), yet annota-039

tion divergence, both in labels and in underlying040

reasoning, has long been a recognized challenge.041

Recent work has provided new interpretations of042

this phenomenon, drawing on insights from linguis-043

Premise: The woman is preparing dinner in the kitchen.  

Hypothesis: The woman is making dessert.

Absence of  Mention

neutral contradict ion

Premise: A man in an Alaska sweatshirt stands behind a counter.  

Hypothesis: The man is wearing a tank top.

contradict ion

Logic Conf lict Inferential Know ledge

St ep 1: Reasoning

St ep 2: Label ing

St ep 2: Label ing

The premise mentions that the woman is 

making dinner, but it does not mention 

whether she is making dessert or not. 

Dessert is not ruled out.

The premise says she is making dinner. 

Dessert is not mentioned and is a 

different food category, so the statement 

is false.

The man cannot simutaneously be 

wearing a sweatshirt and a tank top.

A man in Alaska would typically not be 

wearing a tank top, as it is rather cold 

there most times of the year.

St ep 1: Reasoning

Figure 1: Decomposing NLI annotations into a two-
step decision-making framework: Step 1 (Reasoning)
and Step 2 (Labeling). The two examples illustrate how
annotators may diverge at one of the two steps, featuring
the LITEX categories Logical Conflict and Absence of
Mention.

tics, pragmatics, and conceptual framing (Plank, 044

2022; Jiang et al., 2023; Kalouli et al., 2023). 045

Explanations written in free-text provide valu- 046

able insights into the reasoning process behind la- 047

bel assignment (Jiang et al., 2023; Tan, 2022). In- 048

stead of treating NLI labels as isolated outcomes, 049

explanations reveal underlying reasoning strate- 050

gies that annotators employ. Building on Jiang 051

and de Marneffe (2022), which focuses on cate- 052

gorizing linguistic sources of disagreement in the 053

premise–hypothesis pair, Hong et al. (2025) intro- 054

duced a taxonomy that categorizes explanations 055

according to eight distinct reasoning strategies. 056

Such a taxonomy enables us to decompose the 057

reasoning process underlying NLI labeling into 058

a two-step decision-making process: (i) Step 1 059

(Reasoning) — after reading the premise and hy- 060
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pothesis, annotators form a logical judgment about061

their relationship, which is often reflected in the062

free-text explanation; and (ii) Step 2 (Labeling)063

— based on this rationale, they then select the cor-064

responding NLI label (entailment, neutral, or con-065

tradiction). We treat this two-step structure as a066

working assumption that guides our analysis.067

We illustrate both cases in Figure 1 using the068

LITEX explanation categories. The top example069

shows a scenario where both annotators use the070

Absence of Mention rationale, but disagree on the071

label (neutral vs. contradiction), highlighting di-072

vergence at the Labeling step. The bottom one073

shows annotators agree on the contradiction label074

while offering explanations grounded in different075

categories, reflecting Reasoning step variation.076

While LITEX is originally designed to study077

within-label variation (like the second example in078

Figure 1, which provides different explanations for079

the same NLI label), it remains unclear how well080

this approach generalizes to label variation settings,081

and how it can support a deeper understanding of082

the two-step decision-making process in annota-083

tion. To better understand how and why annotators084

agree or disagree in NLI, this work decomposes085

label variation with the help of free-text explana-086

tions. By analyzing the interaction of label choices,087

explanation categories, and explanation text simi-088

larities, we offer a deeper view into the reasoning089

behind disagreement at the dataset and annotator090

levels. Specifically, our key contributions include:091

From within-label to label variation We anno-092

tate two NLI datasets, LiveNLI (Jiang et al., 2023)093

and VariErr (Weber-Genzel et al., 2024) with the094

LITEX taxonomy, enabling the study of reasoning095

types across both within-label and label variation.096

Annotator tracking via explanation categories097

By combining NLI labels with explanation cate-098

gories, we track individual annotators’ reasoning099

patterns and uncover behavioral consistencies that100

are not apparent from label distributions alone.101

Quantitative analysis of agreement beyond la-102

bels We measure agreement at three levels: NLI103

label, explanation category, and text similarity of104

explanations. Our results show that alignment in105

reasoning types better correlates with explanation106

similarity than label agreement alone, emphasizing107

the importance of explanations for understanding108

annotator disagreement.109

2 Related Work 110

Most benchmark NLI datasets provide multiple 111

annotations per instance, enabling the study of 112

annotation variation. For example, the Stan- 113

ford NLI (SNLI; Bowman et al. 2015) and 114

MultiNLI (Williams et al., 2018) datasets col- 115

lect multiple crowd-sourced judgments for each 116

premise–hypothesis pair, which has enabled analy- 117

ses of systematic disagreement and label variation 118

(Pavlick and Kwiatkowski, 2019; Kalouli et al., 119

2023). To further address this, adversarial datasets 120

such as ANLI (Nie et al., 2020a) and ambiguity- 121

focused resources like ChaosNLI (Nie et al., 2020b) 122

and AmbiEnt (Liu et al., 2023) were introduced. 123

Closer to our line of work, recent datasets use 124

free-text explanations and highlights to reveal the 125

reasoning behind NLI labels (Camburu et al., 2018; 126

Jiang et al., 2023; Weber-Genzel et al., 2024). e- 127

SNLI expanded SNLI (Bowman et al., 2015) by 128

crowd-sourcing highlight and explanation annota- 129

tions on the pre-annotated majority label. LiveNLI 130

(Jiang et al., 2023) recruited crowd-workers to an- 131

notate NLI labels while also providing highlights 132

and explanations (i.e., ecologically valid explana- 133

tions, produced jointly with the label rather than 134

post hoc). VariErr (Weber-Genzel et al., 2024) 135

uses such ecologically valid explanations as a foun- 136

dation for error detection. Hong et al. (2025) built 137

a taxonomy, LITEX, to categorize these free-text 138

explanations, but its scope was limited to e-SNLI 139

and centered on analyzing within-label variation. 140

A parallel line of work has examined annota- 141

tor disagreement. For example, de Marneffe et al. 142

(2012) and Uma et al. (2022) identified structured 143

patterns of disagreement. For NLI, understanding 144

human reasoning is crucial to interpreting agree- 145

ment or disagreement. Annotators often rely on var- 146

ious reasoning strategies, such as substitution, nega- 147

tion, bridging inferences, and world knowledge 148

inference (Jiang and de Marneffe, 2022; Kalouli 149

et al., 2023; Sanyal et al., 2024; Hong et al., 2025). 150

Prior work on annotator decisions often 151

assumes a two-step process: interpret the 152

premise–hypothesis pair, then assign an NLI la- 153

bel. However, the interaction between these steps 154

remains underexplored—for instance, when similar 155

reasoning yields different labels or the same label 156

reflects distinct rationales. We address this gap by 157

analyzing this two-step process with a linguistic 158

taxonomy of explanations to clarify how reasoning 159

and labeling interact in NLI. 160
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3 From Within-label Variation to Label161

Variation162

To characterize the two-step decision-making pro-163

cess from a global statistical distributional perspec-164

tive, we use the LITEX taxonomy (Hong et al.,165

2025) and apply it to two English NLI datasets166

exhibiting label variation. We then examine the167

co-occurrence patterns between NLI labels and ex-168

planation categories across datasets.169

3.1 LITEX: a Linguistic Taxonomy of170

Explanations171

LITEX categorizes NLI explanations into two172

reasoning types: Text-Based (TB) and World-173

Knowledge (WK). TB draws on linguistic evidence174

in the premise and hypothesis and comprises six175

subtypes: Coreference, Syntactic, Semantic, Prag-176

matic, Absence of Mention, and Logic Conflict. WK177

invokes background knowledge beyond text, cover-178

ing Factual Knowledge and Inferential Knowledge.179

For detailed definitions and annotated examples of180

all categories, please refer to Hong et al. (2025).181

LITEX was originally developed on free-text182

explanations in e-SNLI (Camburu et al., 2018) to183

characterize within-label variation, where annota-184

tors reach the same label via different rationales185

(Jiang et al., 2023; Hong et al., 2025). In this paper,186

we use LITEX beyond its original scope by apply-187

ing it to additional datasets, examining reasoning188

strategies not only within-label but also across la-189

bels. Furthermore, we use the taxonomy to analyze190

annotator behavior and to deepen our understand-191

ing of the relationship between explanations and192

NLI labels.193

3.2 Annotation on LiveNLI and VariErr194

To study how annotators diverge in both reasoning195

and label selection, we apply LITEX to two En-196

glish datasets with label variation and explanation197

annotations — LiveNLI (Jiang et al., 2023) and198

VariErr (Weber-Genzel et al., 2024).199

LiveNLI is a high-quality explanation dataset200

derived from a subset of MNLI (Williams et al.,201

2018), containing 122 NLI examples. Each exam-202

ple is annotated by at least 10 crowdworkers, who203

independently assign one or more NLI labels (true,204

either, false), highlight relevant spans, and provide205

free-text explanations (Jiang et al., 2023). For the206

consistency of our analyses and to align with e-207

SNLI and VariErr, we map (true, either, false) to208

(entailment, neutral, contradiction) in this paper.209

Figure 2: Co-occurrence of LITEX explanation cate-
gories and NLI labels across three datasets (e-SNLI,
LiveNLI, and VariErr).

VariErr complements LiveNLI by focusing on 210

variation and errors in English NLI. It consists 211

of 1,933 model-generated explanations for 500 re- 212

annotated MNLI items, along with 7,732 human 213

validity judgments (Weber-Genzel et al., 2024). 214

LiveNLI captures natural annotator disagreement, 215

and VariErr introduces both plausible alternative 216

explanations and annotation errors. 217

A key difference from e-SNLI lies in the labeling 218

scheme. While e-SNLI assigns a single gold label, 219

both LiveNLI and VariErr allow multiple plausi- 220

ble labels per instance and are ecologically valid, 221

with labels and explanations annotated by the same 222

people. These features allow us to analyze the two- 223

step decision-making process in NLI annotation. 224

Appendix A presents a detailed analysis of label 225

distribution per NLI item in the two datasets. 226
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We apply LITEX to annotate explanations from227

both datasets, 1,404 from LiveNLI and 1,933 from228

VariErr. All annotations are carried out by a trained229

annotator.1 To measure inter-annotator agreement230

(IAA), we recruited a second annotator to anno-231

tate 100 explanations from each dataset indepen-232

dently. We achieved 0.828 on Cohen’s Kappa (κ)233

for LiveNLI and 0.792 for VariErr, similar to the234

IAA on e-SNLI (Hong et al., 2025).235

3.3 LITEX Categories across NLI Labels236

We examine how LITEX categories are distributed237

across NLI labels in the three datasets: e-SNLI,238

LiveNLI and VariErr in Figure 2. Some categories,239

such as Coreference, display similar trends, consis-240

tently appearing less frequently in all three datasets.241

At the same time, notable differences can also be242

observed across datasets. For example, Inferen-243

tial Knowledge is the dominant category in both244

e-SNLI and LiveNLI but is less prominent in Vari-245

Err. In contrast, Absence of Mention is the most fre-246

quent category in VariErr, ranks second in LiveNLI,247

and occurs relatively less often in e-SNLI.248

Additional interesting patterns arise in the co-249

occurrences between NLI labels and taxonomy dis-250

tributions. The neutral label dominates the Absence251

of Mention category across all three datasets. This252

is consistent with the nature of this reasoning cate-253

gory, which centers on information gaps between254

the premise and hypothesis. For Factual Knowl-255

edge and Inferential Knowledge, explanations are256

distributed relatively evenly across the three NLI257

labels. This reflects the fact that these categories in-258

volve the introduction of external or inferred knowl-259

edge, without a strong bias toward a specific label.260

The Syntactic, Semantic, and Pragmatic categories261

are more strongly associated with entailment (de-262

spite slight variations across datasets) suggesting263

that annotators often rely on evidence from differ-264

ent linguistic levels within the premise and hypoth-265

esis to establish entailment relationships.266

In sum, although the absolute distributions of267

explanation categories differ across datasets, the268

label distribution and dominant label for each cat-269

egory remain highly consistent. The observed dif-270

ferences in category distribution may stem from271

factors such as annotator backgrounds and pref-272

erences, dataset-specific item selection, and an-273

notation guidelines. Nevertheless, the stable cat-274

1Both annotators are students trained with the taxonomy
definitions and examples, and were paid according to the
national standard.

Figure 3: Distribution of NLI labels (entailment, neutral,
contradiction) across LiveNLI and VariErr annotators.
The legend at the bottom specifies the color–label corre-
spondence, while the area of each color segment repre-
sents the number of instances assigned to that label.

egory–label co-occurrence patterns indicate that, 275

from a global distributional perspective, LITEX 276

provides a reliable characterization of reason- 277

ing types that generalize across explanations in 278

different NLI datasets. 279

4 Label and Reasoning Preferences 280

among Individual Annotators 281

To gain a deeper understanding of disagreement 282

in NLI, we propose to jointly analyze annotator 283

preferences over both NLI labels and explanation 284

categories on LiveNLI and VariErr. Specifically, 285

we track individual annotators across two dimen- 286

sions: their NLI label preferences (e.g., tendency 287

to overuse “neutral"), and their reasoning-type 288

preferences, manual taxonomy classification of 289

their free-text explanations annotated in this paper. 290

Unlike VariErr, which is annotated by the same 291

four annotators, LiveNLI involves a much larger 292

annotator pool (Jiang et al., 2023). As a result, 293

each annotator in LiveNLI only annotated a small 294

subset of data. To align with the setup in VariErr, 295

we chose a group of four annotators {w1, w4, w7, 296

w8} from LiveNLI for comparison based on having 297

the highest number of overlapping annotated items 298

(115 in total). Appendix B provides detailed tables 299

of NLI label distributions and explanation category 300
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Figure 4: Distribution of explanation category per an-
notators in LiveNLI and VariErr. Colors correspond to
different explanation categories.

preferences for the four annotators in LiveNLI and301

VariErr, computed over the intersection of items302

they jointly annotated in each dataset.303

Label Preferences Figure 3 illustrates the distri-304

bution of NLI labels assigned by four annotators in305

both datasets. For VariErr, while all annotators ex-306

hibit a noticeable preference for the neutral label,307

the degree of this preference varies. Annotators308

0, 1, and 2 all assign neutral in over 50% of their309

examples, with Annotator 2 showing the strongest310

bias—nearly 60% of their annotations are neutral.311

In contrast, Annotator 3 demonstrates a more bal-312

anced labeling behavior, with a more even spread313

across entailment, neutral, and contradiction, re-314

sulting in the lowest neutral proportion (44.42%).315

As for LiveNLI, three annotators (w1, w4, w8)316

show a slight preference toward the entailment la-317

bel, each assigning it to approximately 40% of318

examples. In contrast, annotator w7 exhibits a319

stronger preference for the neutral label, assigning320

it in over half of the cases (52.08%). The contradic-321

tion labels are the least common overall. Compared322

to annotators in VariErr, where neutral was the323

dominant label for all four annotators, the LiveNLI324

group shows more varied labeling tendencies.325

Reasoning-Type Preferences Figure 4 presents 326

the distribution of explanation categories of the 327

annotators. Individual differences emerge in how 328

annotators ground their inferences. For VariErr, 329

annotator 0 shows a dominant reliance on Ab- 330

sence of Mention (44.44%) and Semantic reason- 331

ing (24.31%), with only minimal use of world 332

knowledge-based types such as Factual Knowledge 333

(0.69%) and Inferential Knowledge (13.66%). This 334

pattern suggests a preference for surface-level para- 335

phrastic inference, rather than deeper reasoning. In 336

contrast, Annotator 1 exhibits a more balanced dis- 337

tribution, with moderate use of the reasoning strate- 338

gies. Annotator 2 stands out with a very strong em- 339

phasis on Inferential Knowledge (30.29%), while 340

still relying on Semantic explanations (24.48%). 341

This suggests a knowledge-intensive reasoning, 342

grounded in world knowledge and inferencing be- 343

yond what is stated. Similarly, Annotator 3 relies 344

more on knowledge-based reasoning, using Infer- 345

ential Knowledge (12.3%) and Factual Knowledge 346

(3.2%) more frequently. 347

For LiveNLI, several trends emerge from the 348

distribution. First, Semantic and Absence of Men- 349

tion explanations are consistently among the most 350

frequently used categories across annotators, sug- 351

gesting that both lexical-semantic inferences and 352

missing information play a central role. Second, we 353

observe notable variation in the use of Inferential 354

Knowledge: annotator w4 relies on this category 355

in over half of their explanations (54.25%), while 356

w1 and w8 use it far less frequently (20.00% and 357

16.41% respectively), indicating divergent prefer- 358

ences in relying on external world knowledge. Sim- 359

ilarly, Syntactic explanations are prominent for w8 360

(21.88%) compared to the others, reflecting a pos- 361

sible inclination toward structural reasoning. Con- 362

versely, Logical Conflict, Factual Knowledge, and 363

Coreference are relatively rare across annotators, 364

suggesting these reasoning types are less frequently 365

invoked or salient in this LiveNLI subset. 366

Overall, the annotator-level analysis facilitated 367

by LITEX over the two datasets reveals that differ- 368

ent annotators tend to adopt distinct reasoning 369

strategies—arriving at different NLI labels for the 370

same premise–hypothesis pairs. Observing only 371

the distribution of NLI labels is insufficient to un- 372

cover the underlying reasoning rationales. To gain 373

a deeper understanding of annotator behavior, we 374

next conduct a fine-grained item-level analysis that 375

disentangles variation in reasoning from variation 376

in label assignment. 377
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Agreement
Class Entropy Support

(%)
Category

Agreement
token

1-gram
token

2-gram
POS

1-gram
POS

2-gram
cosine
(%)

euclidean
(%)

VariErr
Full (4-0-0) 0.00 43.75 0.76 35.05 11.53 74.21 35.06 52.87 51.89
Partial (3-1-0) 0.81 28.95 0.60 34.72 10.62 78.31 34.85 52.81 51.96
Two Pairs (2-2-0) 1.00 23.36 0.56 30.80 8.50 73.47 31.23 49.22 51.02
Divergent (2-1-1) 1.50 3.95 0.50 32.02 9.96 70.37 31.50 48.21 50.91
LiveNLI
Full (4-0-0) 0.00 21.74 0.62 40.31 10.26 88.89 41.96 58.05 53.24
Partial (3-1-0) 0.81 34.78 0.56 40.44 11.95 86.99 44.02 54.47 52.27
Two Pairs (2-2-0) 1.00 23.48 0.60 38.97 10.67 88.38 43.24 55.33 52.84
Divergent (2-1-1) 1.50 20.00 0.54 36.61 8.99 85.09 41.44 53.63 52.35

Table 1: Aggregated statistics across agreement classes for LiveNLI and VariErr, based on how many annotators
agree on the NLI label. We report the label entropy, the percentages of support items, corresponding category
agreement, and average pairwise explanation similarity. Color coding highlights relative deviations within each
dataset: cells shaded in blue or red indicate values that are higher or lower than expected given the level of label
agreement. Darker shades correspond to larger deviations in ranking, and lighter shades indicate smaller deviations.

5 Measuring and Interpreting Agreement378

Building on earlier observations that NLI distribu-379

tions are insufficient to uncover reasoning ratio-380

nales of individual annotators, this section takes a381

closer look at how to measure and interpret agree-382

ment and disagreement in NLI tasks at the instance383

level. We first quantify annotator agreement across384

three dimensions: NLI labels, explanation cate-385

gories, and textual similarity between explanations.386

We then compute pairwise agreement and visualize387

it using conditional probability heatmaps to exam-388

ine the relationship between reasoning and labeling.389

At last, we present a case study from both datasets390

to illustrate how annotators may align or diverge in391

their label decisions and reasoning processes.392

5.1 Quantifying Annotator Agreement393

Beyond Labels394

To gain a clearer picture of annotator agreement in395

NLI labels and LITEX categories, we group NLI396

items based on the set of annotators who labeled397

them and their corresponding agreement scenario.398

We define four NLI label agreement classes based399

on how many of the four annotators agree: Full400

Agreement (4-0-0) indicates all four annotators as-401

signed the same label; Partial Agreement (3-1-0)402

refers to cases where three annotators agreed while403

one differed; Two Pairs Agreement (2-2-0) denotes404

a balanced split, with two annotators agreeing on405

one label and the other two on a different label; and406

Divergent (2-1-1) captures maximal disagreement,407

where three different labels are assigned.408

Category agreement is measured via the av-409

erage Jaccard similarity between the explanation410

categories. Since each explanation has only one 411

category, this reduces to computing the proportion 412

of explanation pairs that share the same category: 413

Jaccard(a, b) =

{
1, if a = b

0, otherwise
(1) 414

We follow Chen et al. (2025); Hong et al. (2025) 415

to quantify textual similarities between explana- 416

tions using measures from Giulianelli et al. (2023). 417

Lexical and syntactic similarities evaluate overlap- 418

ping unigrams and bigrams on tokens and POS tags. 419

We use cosine and Euclidean to measure semantic 420

similarity between sentence embeddings, obtained 421

using the all-distilroberta-v12 model from 422

SentenceTransformers (Sanh et al., 2019). Scores 423

are averaged pairwise across four explanations. 424

Table 1 summarizes the label entropy, number 425

of supporting items, category agreement, and av- 426

erage explanation similarity for each label agree- 427

ment scenario. Examining across evaluation met- 428

rics, the color coding highlights deviations in rank- 429

ing across agreement classes relative to label agree- 430

ment, though the absolute differences remain small. 431

VariErr generally exhibits less ranking deviation 432

than LiveNLI, with a matched ranking between la- 433

bel agreement class and category agreement, and 434

only light deviations in textual similarity measures. 435

Full agreement is also considerably more frequent 436

in VariErr (43.75%) than in LiveNLI (21.74%), in- 437

dicating that annotators tend to reach agreement 438

more easily in VariErr. Moreover, all ranking devi- 439

ations in VariErr concern an additional NLI label: 440
2https://huggingface.co/sentence-transformers/

all-distilroberta-v1
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Figure 5: Pairwise annotator agreement (conditional
Cohen’s κ) between taxonomy matches (T) and label
matches (L).

between full and partial (4-0-0 vs. 3-1-0) and be-441

tween two pairs and divergent (2-2-0 vs. 2-1-1),442

whereas many LiveNLI ranking deviations stem443

from different distributions of the same labels, i.e.,444

between partial and two pairs (3-1-0 vs. 2-2-0).445

Looking at the text similarity measures, we446

found that cosine similarity resonates the most with447

label agreement on both datasets, exhibiting mod-448

erate differences in scores across classes and only449

minor deviations in ranking on LiveNLI between450

partial and two pairs. More interestingly, the pat-451

tern of cosine similarity aligns more closely with452

category agreement than label agreement. This453

observation tentatively suggests that shared rea-454

soning types may better capture the semantic455

similarity of explanations than label agreement.456

5.2 Pairwise Annotator Agreement on457

Reasoning and Labeling458

To quantify how annotators align their reasoning459

processes with labeling decisions, we examine pair-460

wise agreement patterns between explanation cate-461

gories (reasoning) and NLI labels (labeling) using462

conditional Cohen’s κ scores (Figure 5). This anal-463

ysis is grounded in the two-step annotation process464

as in Figure 1, where annotators first engage in465

reasoning and then select a label based on that rea-466

soning, allowing us to examine variation at each467

step. Specifically, for each pair of annotators, we468

compute two conditional κ scores:469

κ(T | L), (2)470

which measures taxonomy agreement (reasoning471

alignment) on the subset of instances where the472

two annotators agree on the NLI label, and 473

κ(L | T ). (3) 474

which measures label agreement on the subset of 475

instances where the two annotators match in their 476

reasoning categories. Unlike raw agreement, Co- 477

hen’s κ adjusts for chance, providing a more robust 478

measure of inter-annotator alignment. 479

Like earlier findings, VariErr shows higher agree- 480

ment than LiveNLI under both conditional κ metric, 481

indicating more stable reasoning–label mappings in 482

VariErr, whereas LiveNLI reflects greater variation 483

in annotator interpretations. Across both datasets, 484

annotators show higher κ for labels conditioned on 485

taxonomy matches κ(L | T ) than for taxonomy 486

conditioned on label matches κ(T | L). Our two- 487

step annotation process can explain the asymmetry 488

between the two conditional probabilities. When 489

annotators share the same taxonomy categories, 490

they are highly likely to assign the same label, indi- 491

cating that divergence in the second step (labeling) 492

exists but occurs less frequently. In contrast, when 493

annotators agree on the final label, their reason- 494

ing categories often diverge, suggesting that diver- 495

gence in the reasoning step is relatively more 496

common than that in the labeling step. There- 497

fore, to capture label variation more accurately and 498

informatively, it is crucial to focus on the reasoning 499

step, as it is the dominant source of variation. 500

5.3 Case Study: Diverging Interpretations on 501

the Same NLI Instance from Two Datasets 502

To conclude our analysis, we present a case study 503

that illustrates how annotators from two different 504

datasets interpret the same NLI instance in diver- 505

gent ways, both in the reasoning step and the label- 506

ing step. Table 2 presents one example annotated 507

by the eight annotators we analyzed in earlier sec- 508

tions, four from LiveNLI and four from VariErr. 509

For additional qualitative illustrations, further ex- 510

amples are provided in the Appendix C. 511

Comparing the two datasets, we observe that 512

while the set of chosen NLI labels (neutral and con- 513

tradiction) and explanation categories (Absence of 514

Mention and Inferential Knowledge) is the same, 515

the distribution of these choices differs: in LiveNLI, 516

three annotators opted for contradiction, whereas 517

in VariErr, three chose neutral. In terms of explana- 518

tion categories, LiveNLI annotators are evenly split, 519

with two selecting Absence of Mention and two 520

choosing Inferential Knowledge. In VariErr, three 521

7



Premise: The author began with a set of hunches or hypotheses about what can go wrong in agency management, and what would be evidence supporting—or contradicting—these hypotheses.
Hypothesis: The hunches provided by the author weren’t realistic as it pertains to agency management.
[CHAOSNLI] [E,N,C]: [0.64, 0.06, 0.30]

Dataset Annotator NLI Label Explanation Explanation Category

LiveNLI

w1 Neutral The context notes that the hunches were provided but there is no information on the veracity or plausibility of those hunches,
so the statement could be true or false because it is not known if they were realistic based on the information provided.

Absence of Mention

w4 Contradiction If an author is planning to write about a certain topic, odds are they have enough knowledge to have informed opinions on the
subject right from the beginning. Odds are much higher the statement is false because these informed opinions would likely
be at least somewhat realistic.

Inferential Knowledge

w7 Contradiction The author gave evidence to support his hunches, so it is unlikely that the hunches were unrealistic. Inferential Knowledge
w8 Contradiction It wasn’t stated that the hunches were not realistic. Absence of Mention

VariErr

0 Neutral It is not clear whether the hunches provided by the author were realistic or not. Absence of Mention
1 Neutral It is not clear how realistic the hypotheses were. Absence of Mention
2 Neutral The judgment of the hunches is not given in the context. Absence of Mention
3 Contradiction The hunches could be realistic, as the author provide potential evidence supporting these hypotheses. Inferential Knowledge

Table 2: Case study of an NLI item annotated in both LiveNLI and VariErr. Despite identical inputs, annotators
diverge in NLI labels and explanation strategies.

annotators attribute their reasoning to Absence of522

Mention, while one goes for Inferential Knowledge.523

The example further illustrates the two-step rea-524

soning process in NLI. Among LiveNLI annotators,525

w4, w7, and w8 agree on the NLI label (contradic-526

tion), but provide explanations grounded in differ-527

ent reasoning types, namely Inferential Knowledge528

vs. Absence of Mention, showcasing within-label529

variation and divergence at reasoning step. In con-530

trast, w1 and w8 both rely on the Absence of Men-531

tion rationale, yet arrive at different NLI labels532

(neutral vs. contradiction), pointing to divergence533

at the labeling step. Meanwhile, VariErr annotators534

demonstrate both label and reasoning agreement.535

Annotators 0, 1, and 2 all classify the instance as536

neutral, supported by nearly identical explanations537

and shared categorization as Absence of Mention.538

This coherence suggests alignment at both steps of539

the reasoning process, from interpretive rationale540

to label decision. Annotator 3 stands out with In-541

ferential Knowledge reasoning and a contradiction542

label, further emphasizing how divergent reasoning543

can lead to different label choices.544

Overall, this example shows how combining545

NLI labels with explanation categories reveals546

deeper patterns of disagreement and agree-547

ment—distinctions that would remain hidden if548

one only considered label distributions alone, while549

reasoning information further illuminates the un-550

derlying sources of variation.551

6 Conclusion552

Understanding why annotators diverge is key to553

interpreting NLI labels. We extend LITEX to two554

NLI datasets with free-text explanations and jointly555

analyze within-label and cross-annotator label vari-556

ation. By combining labels, taxonomy categories,557

and explanation texts, we uncover reasoning pat- 558

terns that label distributions miss. Across analyses, 559

taxonomy categories track explanation-text similar- 560

ity more closely than labels, emphasizing reasoning 561

paths over surface label agreement. 562

Our results suggest three broader implications. 563

First, NLI explanations differ in what they ground 564

the decision on, and these differences correlate with 565

how often annotators agree or disagree. Second, 566

agreement in reasoning type is more predictive of 567

label agreement than shared labels are of reasoning- 568

type agreement, indicating that reasoning provides 569

a key trace of variation. Third, annotators exhibit 570

distinct reasoning profiles, which can lead to diver- 571

gent labels on the same instances. These findings 572

motivate future NLI work to explicitly track reason- 573

ing types during dataset construction (e.g., which 574

categories appear and which ones tend to trigger 575

disagreement) and to use reasoning types to stratify 576

evaluation sets, offering a more diagnostic view of 577

where models succeed or fail. 578

More broadly, labels and even aggregated label 579

distributions can hide how annotators arrive at their 580

interpretations. Complementing labels with expla- 581

nations provides a clearer window into annotators’ 582

inferential steps. While the ideal explanation for- 583

mat remains open, free-text explanations retain a 584

unique advantage in revealing how different inter- 585

pretations can emerge from the same input. 586

Future work can extend LITEX to allow mul- 587

tiple reasoning strategies per explanation, captur- 588

ing more interactions. Modeling annotator back- 589

grounds may further reveal systematic sources of 590

disagreement. Finally, integrating this framework 591

with explanation generation could improve the qual- 592

ity and evaluation of model rationales, and applying 593

it to other domains would test its generality. 594
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Limitations595

Our work has several limitations. First, our analysis596

relies on the category set defined in LITEX, which597

may not fully capture the complexity or composi-598

tionality of human reasoning; extending the taxon-599

omy to allow multiple categories per explanation600

is an important direction.601

Second, our datasets are substantially smaller602

than large-scale NLI benchmarks such as SNLI or603

MNLI. However, the analysis is based on 1,404604

explanations from LiveNLI and 1,933 explanations605

from VariErr, which is relatively large for manually606

categorized free-text explanations. Accordingly,607

our goal is not to estimate fine-grained population608

statistics for all possible annotators, but to uncover609

robust qualitative and quantitative patterns in how610

reasoning types relate to label variation.611

Third, our annotator-level analysis focuses on612

annotators with sufficient per-annotator coverage:613

we analyze four annotators who each contributed614

explanations for over 100 items on a shared set of615

instances, yielding substantial within-annotator ev-616

idence for comparing reasoning profiles. Neverthe-617

less, including more annotators and more diverse618

annotator populations would strengthen generaliza-619

tion.620

Finally, we do not directly model annotator-pool621

effects (e.g., background knowledge, fatigue, or622

instruction framing), and our similarity measures623

(e.g., sentence-embedding cosine similarity and624

Jaccard agreement over categories) provide only625

a partial view of reasoning variation, potentially626

missing deeper pragmatic or structural divergences.627

Ethical considerations628

We do not foresee any ethical concerns associated629

with this work. All analyses were conducted using630

publicly available datasets and models. No private631

or sensitive information was used. Additionally,632

we will make our code, analysis, and documenta-633

tion publicly available to ensure transparency and634

reproducibility.635

Use of AI Assistants636

The authors acknowledge the use of ChatGPT for637

correcting grammatical errors and enhancing the638

coherence of the final manuscripts.639
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To better understand the distribution characteristics 772

of NLI labels in the selected two datasets, we vi- 773

sualize the aggregated label probabilities for each 774
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Figure 6: Normalized label distribution per NLI item in
LiveNLI and VariErr. Items are sorted by the proportion
of entailment/true labels.

Figure 6 presents stacked bar charts of the nor- 776

malized NLI label distributions across all items, 777

sorted by the proportion of entailment/true labels 778

to highlight overall patterns of annotator agreement. 779

Both datasets reveal a range of label variation, with 780

many items reflecting ambiguity or disagreement 781

among annotators. However, their distributions dif- 782

fer in characteristic ways. LiveNLI shows greater 783
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diversity, particularly in cases where the either la-784

bel dominates or co-occurs substantially with the785

other two categories. In contrast, VariErr exhibits786

more concentrated distributions, with fewer items787

displaying high levels of ambiguity. Nonetheless,788

some items still reveal substantial variation in label789

assignment, pointing to challenging or underspeci-790

fied NLI cases. These findings motivate our subse-791

quent analysis of how explanation similarity varies792

across explanation categories and NLI labels.793

B Annotator-wise distribution of NLI794

labels and explanation categories795

Table 3 presents the detailed NLI label distributions796

and explanation category preferences for the four797

annotators in LiveNLI and VariErr, computed over798

the intersection of items they jointly annotated in799

each dataset. This table provides the full statistics800

underlying the summary reported in Section 4.801

C Case Study: NLI items annotated in802

both LiveNLI and VariErr803

Table 4 presents more illustrative examples of NLI804

items that were annotated in both LiveNLI and805

VariErr by the selected annotator groups. These806

examples provide additional qualitative context for807

the agreement patterns discussed in the main text.808

11



Annotator ID #Ex Ent Neu Con Coref Synt Sem Prag Abs Logic FK IK

VariErr
0 432 29.40 51.62 18.98 1.85 2.31 24.31 3.70 44.44 9.03 0.69 13.66
1 446 30.04 55.83 14.13 0.90 10.09 19.06 4.48 37.67 8.30 1.79 17.71
2 482 21.37 59.13 19.50 1.04 2.70 24.48 1.87 28.22 8.92 2.49 30.29
3 439 30.75 44.42 24.83 0.68 5.92 28.93 3.64 32.80 12.53 3.19 12.30

LiveNLI
w1 140 39.29 34.29 25.71 1.43 4.29 17.86 17.14 27.14 12.14 0.00 20.00
w4 153 39.87 26.14 33.99 2.61 4.58 13.07 11.76 9.15 3.27 1.31 54.25
w7 144 27.78 52.08 20.14 1.39 6.25 15.97 15.97 25.69 5.56 2.78 26.39
w8 128 41.41 28.13 30.47 1.56 21.88 18.75 10.16 22.66 5.47 3.13 16.41

Table 3: Annotator-wise distribution of NLI labels (entailment, neutral, contradiction) and explanation categories in
LiveNLI and VariErr. Percentages (%) are shown for both types of distributions.

Premise: If you have any questions about this report, please contact Henry R. Wray, Senior Associate General Counsel, at (202) 512-8581.
Hypothesis: Henry R. Wray can be reached at (555) 512-8581.
[CHAOSNLI] [E,N,C]: [0.21, 0.76, 0.03]

Dataset Annotator NLI Label Explanation Explanation Category

LiveNLI

w1 Contradiction The two phone numbers provided for Wray do not match, thus the statement is likely to be false since it does not present the
same number as in the context.

Logic Conflict

w4 Contradiction Henry R. Wray’s actual phone number is listed in the context. While it’s true he could have multiple contact numbers, it’s
more likely that the context is his only contact number since it’s connected to his business.

Inferential Knowledge

w7 Contradiction The phone number for Henry Wray is (202) 512-8581, so (555) 512-8581 is probably not going to reach him. Inferential Knowledge
w8 Contradiction Henry R. Wray can be reached at a difference number which is (202) 512-8581. Semantic

VariErr

0 Contradiction The number of Henry R. Wray mentioned in the statement is wrong. Logic Conflict
1 Contradiction The phone number starts with (202) not with (555). Logic Conflict
2 Contradiction The number is wrong, it should be (202) 512-8581 not (555) 512-8581. Logic Conflict
3 Contradiction wrong phone numbers. Logic Conflict

Premise: It is, as you see, highly magnified.
Hypothesis: It is plain for you to see that it is amplified.
[CHAOSNLI] [E,N,C]: [0.76, 0.10, 0.14]

LiveNLI

w1 Entailment Magnification is a form of amplification. Therefore, if something is easily seen as magnified, it follows that it’s plain to see
it’s amplified.

Inferential Knowledge

w4 Entailment Whatever the speaker is pointing out is clearly magnified or "amplified", and the person they are showing this to is merely
having this pointed out to them, making the statement most likely true.

Inferential Knowledge

w7 Entailment The words magnified and amplified have the same basic meaning, so the statement agrees with the context. Semantic
w8 Entailment Both amplified and magnified mean the same thing so the statement is true. Semantic

VariErr

0 Entailment Both the context and the statement suggest that it is magnified. Semantic
1 Entailment The statement is a paraphrase of the context. Syntactic
2 Entailment ḧighly magnifiedc̈an be interpreted ämplified.̈ Semantic
3 Entailment It can be seen, and it is magnified. Semantic

Premise: A clean, wholesome-looking woman opened it.
Hypothesis: The woman was trying to be desecrate.
[CHAOSNLI] [E,N,C]: [0.68, 0.31, 0.01]

LiveNLI

w1 Contradiction The context notes that the woman is clean and wholesome-looking while the statement notes that the woman was being
disrespectful, which is not compatible. Thus, it is likely to be false.

Semantic

w4 Neutral The statement is nonsensical. Hence there’s no information in it, either true or false, to be compared to the context. Absence of Mention
w7 Neutral Just because the woman was wholesome-looking does not mean that she was acting in a discreet manner. Inferential Knowledge
w8 Contradiction The woman was described as wholesome and wouldn’t desecrate something. Semantic

VariErr

0 Neutral The context doesn’t mention anything about desecration. Absence of Mention
1 Neutral It’s not clear what the woman was trying to be. Absence of Mention
2 Neutral The attempt of the woman is not given in the context. Absence of Mention
3 Contradiction Context is a compliment, statement is a negative comment. Logic Conflict

Table 4: Examples of NLI items annotated in both LiveNLI and VariErr by the selected annotator groups (w1, w4,
w7, w8 for LiveNLI; 0, 1, 2, 3 for VariErr).
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