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Abstract

Large language models (LLMs) are becoming001
useful in many domains due to their impressive002
abilities that arise from large training datasets003
and large model sizes. However, research on004
LLM-based approaches to document inconsis-005
tency detection is relatively limited. There are006
two key aspects of document inconsistency de-007
tection: (i) classification of whether there ex-008
ists any inconsistency, and (ii) providing evi-009
dence of the inconsistent sentences. We focus010
on the latter, and introduce new comprehensive011
evidence-extraction metrics and a redact-and-012
retry framework with constrained filtering that013
substantially improves LLM-based document014
inconsistency detection over direct prompting.015
We back our claims with promising experimen-016
tal results.017

1 Introduction018

Large language models (LLMs) are becoming use-019

ful in many domains (Li et al., 2023a; Sakai and020

Lam, 2025; Tan et al., 2025b,a) due to their im-021

pressive abilities that arise from large training022

datasets (Li et al., 2023b) and large model sizes023

(Naveed et al., 2023). Despite their wide applica-024

tions, research on LLM-based approaches to doc-025

ument inconsistency detection is very limited (Li026

et al., 2024). Unlike natural language understand-027

ing (Harabagiu et al., 2006), where detecting in-028

consistencies (or contradictions) is often defined029

as determining the relation between a hypothesis030

and a piece of premise, we study the detection of031

inconsistencies that occur within the confines of a032

single input document.033

Motivation. Research from the field of psychol-034

ogy (Graesser and McMahen, 1993; Otero and035

Kintsch, 1992) indicates that humans struggle to036

identify and detect inconsistencies (or contradic-037

tions) in unfamiliar and informative texts, espe-038

cially when contradictions are widely separated039

in long documents. This motivates a need for an 040

automated system to tackle this challenge. 041

Problem setup. The objective of document in- 042

consistency detection is defined as follows: Given 043

an input document x, the goal is to correctly clas- 044

sify the presence of inconsistency y ∈ {Yes,No} 045

and identify the set of inconsistent sentences 046

E = {s1, . . . , sk} if there exists any inconsis- 047

tency. Therefore, the LLM inference approach is 048

required to output two things: (i) Classification 049

ŷ ∈ {Yes,No} of whether there is any inconsis- 050

tency. (ii) If ŷ = Yes, then the evidence set of 051

sentences Ê = {ŝ1, . . . , ŝk′} is also required. Note 052

that k′ may not equal k. While improving the per- 053

formance of both points (i) and (ii) is important, in 054

this paper, we focus solely on (ii). 055

2 Related Work 056

Sentence-level detection. Most of the previous 057

work in inconsistency detection focused on the sen- 058

tence level. Specifically, prior work studied con- 059

tradictions under the natural language inference 060

(NLI) framework of evaluating contradictory pairs 061

of sentences (Dagan et al., 2005; Bowman et al., 062

2015). 063

Document-level detection. Some NLI research 064

has more recently been extended to document-level 065

reasoning (Yin et al., 2021; Schuster et al., 2022; 066

Mathur et al., 2022). However, these works do not 067

consider inconsistency detection via LLMs holis- 068

tically at the document level. The most relevant 069

work is that of Li et al. (2024), which provided a 070

dataset for document inconsistency detection and 071

tested LLM direct prompting (DP) on it. 072

Applications. Document inconsistency detection 073

can be applied to various domains: (i) detecting 074

rumorous posts on Twitter (Li et al., 2018), (ii) de- 075

tecting contradicting reviews on Amazon (Li et al., 076

2018), and (iii) detecting and fixing contradictions 077
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in financial (Deußer et al., 2023) and biomedical078

reports (Rosemblat et al., 2019).079

Main contributions. Building on the contribu-080

tions of Li et al. (2024), we propose new compre-081

hensive metrics for evaluating evidence extraction082

(Section 3). Furthemore, we provide a new novel083

approach, which utilizes redact-and-retry (Algo-084

rithm 1) and a constrained filter call, that outper-085

forms DP in the comprehensive metrics that we086

proposed. We show this empirically via experi-087

ments.088

3 Metrics for Evidence Extraction089

We define D = {1, . . . , n} to be the indices of the090

datapoints, D+ = {i | i ∈ D and yi = Yes}, and091

D++ = {i | i ∈ D and yi = ŷi = Yes}. We now092

define our metrics.093

Evidence hit rate (EHR) and evidence hit rate094

when correct (EHRC). For index i ∈ D, given095

document xi, true classification yi, and true ev-096

idence set Ei, we have the evidence hit EHi =097

1{Ei ⊆ Êi}. We define EHR and EHRC as fol-098

lows:099

EHR =
1

|D+|
∑
i∈D+

EHi (1)100

EHRC =
1

|D++|
∑

i∈D++

EHi. (2)101

They are connected by the identity EHR = TPR ×102

EHRC, where TPR is the true positive rate of classi-103

fication – we derive this in Appendix B. These met-104

rics were previously introduced by Li et al. (2024).105

Evidence precision rate (EPR) and evidence pre-106

cision rate when correct (EPRC). We define107

evidence precision EPi = |Ei ∩ Êi|/|Êi|. We define108

EPR and EPRC as follows:109

EPR =
1

|D+|
∑
i∈D+

EPi (3)110

EPRC =
1

|D++|
∑

i∈D++

EPi. (4)111

They are connected by the identity EPR = TPR ×112

EPRC; we derive this in Appendix B.113

Evidence recall rate (ERR) and evidence overlap114

rate when correct (ERRC). We define evidence115

recall ERi = |Ei ∩ Êi|/|Ei|. We define ERR and116

ERRC as follows: 117

ERR =
1

|D+|
∑
i∈D+

ERi (5) 118

ERRC =
1

|D++|
∑

i∈D++

ERi. (6) 119

They are connected by the identity ERR = TPR × 120

ERRC; we derive this in Appendix B. 121

Average evidence coverage ratio (AECR). We 122

define the number of sentences in document xi to 123

be ℓi, and ECRi = |Êi|/ℓi. We define AECR as 124

AECR =
1

|D+|
∑
i∈D+

ECRi. (7) 125

Remark. We desire high EHR, EHRC, EPR, 126

EPRC, ERR, ERRC, and a low AECR. Aside from 127

EHR and EHRC, the rest are new metrics that we 128

propose in this paper. 129

Research question. Can we improve the EHR, 130

EHRC, EPR, EPRC, ERR, and ERRC of direct 131

prompting, while keeping the AECR low? We show 132

empirically that the answer is yes. 133

4 Methodology 134

Redact. We start by defining the function 135

Redact(x, Ê) which takes in a document x and out- 136

puts the same document, but with all the sentences 137

present in Ê removed. 138

Redact-and-retry. Our algorithm is shown in Al- 139

gorithm 1 – a visual representation is presented in 140

Figure 3 in the appendix. The LLM prompt in the 141

retry step is the same as that of direct prompting – 142

the prompt is given in Appendix F. The intuition 143

behind redacting and retrying is that redacting pre- 144

serves the sentence order in the document and also 145

reduces the search space for the LLM, which we 146

expect would make it easier for the LLM to de- 147

tect the remaining inconsistencies (if there are any 148

left). Since Ê(1)
i ⊆

⋃
j Ê

(j)
i , EHR, EHRC, ERR, 149

and ERRC can only improve from DP. 150

Filter. We explore the idea of applying a filter 151

(i.e., another LLM call) to the evidence set output 152⋃
j Ê

(j)
i of redact-and-retry – this is shown visually 153

in Figure 4 in the appendix. The role of the filter 154

call is for the LLM to re-analyze the sentences in 155⋃
j Ê

(j)
i and only output the sentences that it thinks 156

are truly inconsistent. The filter call is expected to 157
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reduce the size of the evidence set, but at the cost of158

an additional LLM call. We study 2 types of filter159

calls: (i) Unconstrained. The filter call is allowed160

to return any number of sentences, including zero.161

If it returns an empty evidence list, then we will162

change the initial classification from Yes to No. (ii)163

Constrained. The filter call is constrained to return164

at least one sentence. Hence, we do not change165

the LLM’s initial classification (from redact-and-166

retry). The prompts for both filter calls are given167

in Appendix F.168

Remark. The idea of using redact-and-retry with169

a filter call is loosely inspired by Zhang et al.170

(2024), where they used a sequence of LLM calls171

(i.e., worker agents) followed by a final LLM call172

(i.e., manager agent) to synthesize the outputs of173

prior LLM calls.174

Algorithm 1 Redact-and-Retry Algorithm

1: Input: document xi.
2: Initialize x

(1)
i = xi and j = 1.

3: Get ŷ(1)i , Ê(1)
i = LLM(x

(1)
i ).

4: while ŷ
(j)
i = Yes do

5: j = j + 1.
6: x

(j)
i = Redact(x(j−1)

i , Ê(j−1)
i ).

7: ŷ
(j)
i , Ê(j)

i = LLM(x
(j)
i ).

8: end while
9: Set ŷi = ŷ

(1)
i and Êi =

⋃
j Ê

(j)
i .

10: return ŷi and Êi.

5 Experiments175

Due to the non-deterministic nature of some LLMs,176

the sentences that the LLM outputs might not al-177

ways be exactly the same as the sentence in the178

input documents. Therefore, we allow approxi-179

mate matching instead exact matching in certain180

aspects of our implementation: (i) For the compu-181

tation of EHi, when checking whether Ei ⊆ Êi, we182

check whether each sentence in Ei has a match in183

Êi that has a cosine similarity of at least 0.8 us-184

ing the TF-IDF vectorizer (Sparck Jones, 1972).185

If it is a yes for all such sentences, then we deter-186

mine that Ei ⊆ Êi. (ii) For the computation of EPi,187

when checking whether Ei ∩ Êi, we check whether188

each sentence in Ei has a match in Êi that has a189

cosine similarity of at least 0.8 using the TF-IDF190

vectorizer (Sparck Jones, 1972). If it is a yes, then191

that sentence is in Ei ∩ Êi. (iii) For the compu-192

tation of Redact(x, Ê), when checking whether a193

G4o L3.2 L3
acc (DP,RnR,RnR+CF) 0.680 0.681 0.601
acc (RnR+UF) 0.677 0.675 0.601
TPR (DP,RnR,RnR+CF) 0.763 0.616 0.225
TPR (RnR+UF) 0.712 0.583 0.225
AECR (DP) 0.051 0.047 0.016
AECR (RnR) 0.133 0.118 0.022
AECR (RnR+UF) 0.059 0.050 0.016
AECR (RnR+CF) 0.054 0.046 0.015
avg #retries (RnR) 2.92 2.50 1.41

Table 1: Performance comparison of LLMs across var-
ious metrics. G4o, L3.2, and L3 are shorthands for
GPT-4o, LLaMA3.2-90B, and LLaMA3-70B respec-
tively. ‘acc’ is the shorthand for accuracy and ‘avg’ is
the shorthand for average.

sentence s in x is in Ê , we check whether there 194

exists a sentence in Ê that has a cosine similarity 195

of at least 0.8 with s using the TF-IDF vectorizer 196

(Sparck Jones, 1972). We do not consider ERR and 197

ERRC since they are redundant for our dataset – 198

explained shortly in Section 5.1. 199

5.1 Dataset and Models 200

We use the ContraDoc dataset from Li et al. (2024), 201

which contains 449 positive (inconsistent) docu- 202

ments and 442 negative (consistent) documents – 203

every positive document has exactly one inconsis- 204

tent sentence. The average number of sentences 205

per document for the positive documents, negative 206

documents, and all documents are 38.7, 36.5, and 207

37.6 respectively. We test our approach using 3 208

different LLMs with temperature set to 0 for con- 209

sistency of results: GPT-4o (strong), LLaMA3.2- 210

90B (medium), and LLaMA3-70B (weak). Since 211

|Ei| = 1 for all i ∈ D, we have EHi = ERi for all 212

i. Therefore, we will not consider ERR and ERRC 213

in our experiments. More details on ContraDoc are 214

in Appendix G. 215

5.2 Main Results 216

We use the shorthands DP for direct prompting, 217

RnR for redact-and-retry, RnR+UF for redact-and- 218

retry with an unconstrained filter, and RnR+CF 219

for redact-and-retry with a constrained filter. The 220

results are stated in Table 1, Figure 1, and Figure 221

2. We remark that DP, RnR, and RnR+CF all share 222

the same classification metrics (i.e., accuracy and 223

TPR) since their classifications are all the same. 224

We proceed to give some key observations. 225
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Figure 1: Plots of EHR vs. EPR and EHRC vs. EPRC.

Evidence hit and precision. Figure 1 shows how226

EHR varies with EPR (top), and how EHRC varies227

with EPRC (bottom). Recall that we desire both a228

higher EHR/EHRC and a higher EPR/EPRC. We229

make some observations:230

• For every LLM, we notice that RnR has a231

better EHR (and EHRC) than DP, at the cost232

of a lower EPR (and EPRC). This is expected233

since RnR outputs a larger evidence set than234

DP, making it easier to hit the correct evidence235

but harder to be precise.236

• RnR+CF generally outperforms DP in both237

EHR (and EHRC) and EPR (and EPRC) for238

GPT-4o and LLaMA3.2-90B, showing that239

the constrained filter is effective. The perfor-240

mance of RnR+CF is better than RnR+UF in241

most cases.242

• Interestingly, while stronger LLMs lead to a243

better EHR and EPR, this is not the case of244

EHRC and EPRC since LLaMA3-70B has the245

best EHRC and EPRC for all approaches. This246

might imply that when the LLM is weaker, it247

is more cautious in selecting evidence sen-248

tences, leading to a higher precision when it249

is correct. Differences between LLMs are fur-250

ther illustrated in Figure 2.251

Observe that for RnR+UF, the accuracy and TPR252

dropped slightly for GPT-4o and LLaMA3.2 but253

remained the same for LLaMA3, implying that the254

UF is not effective in improving classification – we255

provide a detailed error analysis in Appendix C.256

Figure 2: Radar charts for different approaches and
LLMs.

Evidence coverage ratio. As expected, RnR 257

leads to a larger AECR. Notice that RnR+CF has 258

AECR that is very close to DP, showing the effec- 259

tiveness of the constrained filter in reducing the 260

evidence set size. RnR+UF also leads to a signifi- 261

cant reduction in AECR when compared to RnR, 262

but is still slightly larger than DP. 263

Number of retries and sentences. Table 1 states 264

the average number of retries across all datapoints 265

in the dataset (both positive and negative), and 266

shows that the average number of retries for all 267

LLMs does not exceed 3, implying that it is well 268

controlled. Note that the number of retries for 269

RnR+UF and RnR+CF are just 1 more than RnR. 270

We conduct a deeper analysis on the number of 271

retries and sentences in Appendix E. 272

Overall, by considering all the metrics, we ob- 273

serve that RnR+CF is the best all-rounder per- 274

former. The only cost of attaining this better perfor- 275

mance through RnR+CF is additional LLM calls 276

– however, we argue that the cost is low since we 277

only require around 3 additional LLM calls (when 278

compared to DP). Full experimental results are pro- 279

vided in Appendix D. 280

6 Conclusion 281

We introduced comprehensive evidence-extraction 282

metrics for document inconsistency detection, and 283

showed empirically that our RnR+CF approach 284

improves the EHR, EHRC, EPR, and EPRC, while 285

keeping the AECR close to that of DP. 286
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7 Limitations287

We only considered one dataset, but argue that it288

may be sufficient since it contains many datapoints289

(i.e., documents). We note that our dataset only290

has evidence set size |Ei| = 1 for every datapoint,291

resulting in EHi = ERi for all i. Hence, we are un-292

able to highlight experimentally the differences be-293

tween EHR (EHRC) and ERR (ERRC). While we294

would like to test our approach on datasets where295

|Ei| > 1, we were unable to find such a dataset –296

document inconsistency datasets are generally not297

readily available, as the field is relatively new com-298

pared to other LLM applications.299
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A Visualization of Algorithms394

The visualizations of RnR and RnR+filter (both395

unconstrained and constrained filters) are provided396

in Figure 3 and Figure 4, respectively.397

B Derivation of Identities398

Identity 1. EHR = TPR × EHRC.399

Proof: We have400

EHR
(a)
=

1

|D+|
∑
i∈D+

EHi401

(b)
=

1

|D+|
∑

i∈D++

EHi402

(c)
=

1

TP + FN

∑
i∈D++

EHi403

=
TP

TP + FN
· 1

TP

∑
i∈D++

EHi404

(d)
= TPR × EHRC,405

where:406

• (a) uses the definition of EHR.407

• (b) uses the fact that EHi = 0 for all i ∈408

D+ \ D++ since Êi = ∅ when ŷi = No.409

• (c) uses the fact that TP + FN = |D+|.410

• (d) uses the definition of TPR and EHRC,411

along with the fact that TP = |D++|.412

Identity 2. EPR = TPR × EPRC. Proof: This413

can be derived by using similar steps to the proof414

of identity 1, and noting that EPi = 0 for all i ∈415

D+ \ D++ since Êi = ∅ when ŷi = No.416

Identity 3. ERR = TPR × ERRC. Proof: This417

can be derived by using similar steps to the proof418

of identity 1, and noting that ERi = 0 for all i ∈419

D+ \ D++ since Êi = ∅ when ŷi = No.420

C Error Analysis of the Unconstrained421

Filter422

To provide a detailed error analysis of the uncon-423

strained filter (UF), we compute the following met-424

rics:425

• Rate wrong (-) to correct (+) given flipped 426

classification: 427

RUF(− → + |flip) =
#{− → +}

#flips
. 428

A similar definition applies to RCF(− → 429

+ |flip), where instead of UF, we look at the 430

constrained filter. 431

• Rate correct (+) to wrong (-) given flipped 432

classification: 433

RUF(+ → −| flip) =
#{+ → −}

#flips
. 434

A similar definition applies to RCF(+ → 435

− |flip), where instead of UF, we look at the 436

constrained filter. 437

• Rate of UF keeping true evidence given the 438

earlier RnR sub-algorithm found true evi- 439

dence: 440

RUF(E kept | E found) =
#E kept

#E found
. 441

A similar definition applies to 442

RCF(E kept | E found), where instead of 443

UF, we look at the constrained filter. 444

• Rate of UF discarding true evidence given 445

the earlier RnR sub-algorithm found true evi- 446

dence: 447

RUF(E discarded | E found) =
#E discarded

#E found
. 448

A similar definition applies to 449

RCF(E discarded | E found), where in- 450

stead of UF, we look at the constrained 451

filter. 452

The results are displayed in Table 2. We make 453

the following observations: 454

• As expected, for GPT-4o and LLaMA3.2, 455

we have RUF(+ → −|flip) > RUF(− → 456

+ |flip), resulting in a lower accuracy and 457

TPR after applying UF. 458

• Comparing RUF(E kept | E found) with 459

RUF(E discarded | E found) for each LLM, 460

we observe that the rate of discarding the 461

true evidence by UF is around the same 462

for GPT-4o and LLaMA3.2, whereas it is 463

significantly lower for LLaMA3. 464

• For every LLM, we have 465

RUF(E kept|E found) < RCF(E kept|E found) 466

RUF(E disc.|E found) > RCF(E disc.|E found). 467
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Figure 3: Algorithm 1 visualized.

Figure 4: Algorithm 1 with LLM filter call visualized.

G4o L3.2 L3
RUF(− → +|flip) 0.472 0.380 0
RUF(+ → −|flip) 0.528 0.619 0
RCF(− → +|flip) 0 0 0
RCF(+ → −|flip) 0 0 0
RUF(E kept|E found) 0.861 0.847 0.976
RUF(E disc.|E found) 0.139 0.153 0.024
RCF(E kept|E found) 0.908 0.884 0.988
RCF(E disc.|E found) 0.092 0.116 0.012

Table 2: Performance comparison of LLMs across var-
ious metrics. G4o, L3.2, and L3 are shorthands for
GPT-4o, LLaMA3.2-90B, and LLaMA3-70B respec-
tively. ‘disc.’ is the shorthand for discarded.

D Full Experimental Results468

We present the following metrics for our experi-469

ment:470

• Accuracy 1
|D|

∑
i∈D 1{yi = ŷi}, where D is471

the set of all data points.472

• Precision TP/(TP+FP), where TP is the num-473

ber of true positives and FP is the number of474

false positives.475

• Recall/true positive rate TPR = TP/(TP +476

FN) where FN is the number of false nega- 477

tives. 478

• F1 score (2×Precision×Recall)/(Precision+ 479

Recall). 480

• FPR false positive rate FP/(TN + FP). 481

• TNR true negative rate TN/(TN+FP), where 482

TN is the number of true negatives. 483

• FNR false negative rate FN/(TP + FN). 484

• EHR, EHRC, EPR, EPRC, and AECR are 485

defined in Section 3. 486

The full experimental results for DP, RnR, and 487

RnR+CF are presented in Table 3, and the full 488

experimental results for RnR+UF are presented in 489

Table 4 – we have separated them up in two tables 490

for clarity since DP, RnR, and RnR+CF all share 491

the same classification metrics (i.e., accuracy, pre- 492

cision, recall, F1 score, TPR, FPR, TNR, and FNR) 493

whereas RnR+UF does not. 494

E Additional Analysis on Number of 495

Retries and Sentences 496

Number of retries. Figure 5 shows visually how 497

the number of retries for RnR are distributed – we 498

observe that the stronger the LLM, the more retries 499

it will make. The same conclusion follows through 500

for RnR+UF and RnR+CF since their number of 501

retries are always just 1 more than RnR. This im- 502

plies that stronger LLMs are more aggressive in 503

detecting inconsistencies. 504

Number of sentences. Table 4 shows that the 505

average number of sentences for all LLMs, when 506
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Figure 5: Boxplot for number of retries for RnR. ‘Pos’
refers to datapoints i such that truth yi = Yes.‘Neg’
refers to datapoints i such that truth yi = No.

using RnR is at most 6.85. Figure 6 shows visu-507

ally how the number of sentences are distributed508

– we observe that the stronger LLM (GPT-4o and509

LLaMA3.2-90B) have around the same distribution510

of sentences, whereas the weaker LLM (LLaMA3-511

70B) produces a smaller number of sentences.512

F Prompts and Code513

The prompts used are stated here. Note that514

for redact-and-retry, the same prompt for direct515

prompting is used during every retry step.516

Prompt for direct prompting and redact-and-517

retry:518

The task is to determine whether the document contains any
self-contradictions. If yes, provide evidence by quoting mutually
contradictory sentences in a list of strings in Python. If no, then
give an empty list. Your response must follow this JSON format (OR
options are provided), and provide absolutely nothing else.
Strictly follow the double quotation marks and only use single
quotations within each sentence.

↪→
↪→
↪→
↪→
↪→
↪→

### JSON format
{

"judgement": "yes" OR "no",
"evidence": ["sentence1", "sentence2", ..., "sentenceN"] OR []

}

### document
{document}

Prompts for filtering (unconstrained):519

You will be given a list of sentences that are flagged to be
potentially inconsistent. Your task is to identify all inconsistent
sentences and output them in the following JSON format, and provide
absolutely nothing else. Strictly follow the double quotation marks
and only use single quotations within each sentence.

↪→
↪→
↪→
↪→

### JSON format
{

"evidence": ["sentence1", "sentence2", ..., "sentenceN"] OR []
}

### potentially inconsistent list of sentences
{list of inconsistent sentences}

Prompts for filtering (constrained): 520

You will be given a list of sentences that are flagged to be
potentially inconsistent. Your task is to identify all inconsistent
sentences and output them in the following JSON format, and provide
absolutely nothing else. You must output at least 1 sentence.
Strictly follow the double quotation marks and only use single
quotations within each sentence.

↪→
↪→
↪→
↪→
↪→

### JSON format
{

"evidence": ["sentence1", "sentence2", ..., "sentenceN"]
}

### potentially inconsistent list of sentences
{list of inconsistent sentences}

G ContraDoc Details 521

The ContraDoc dataset from Li et al. (2024) 522

is a human-annotated dataset consisting of self- 523

contradictory documents across varying document 524

domains and lengths and self-contradiction types. 525

More specifically, each positive datapoint in their 526

dataset contains exactly one sentence with one of 527

the following 8 types of self-contradiction: 528

1. Negation. There exists one sentence which 529

is a negation of another sentence. Example: 530

‘Zully donated her kidney.’ vs. ‘Zully never 531

donated her kidney.’ 532

2. Numeric. There exists a numerical mismatch 533

between sentences. Example: ‘All the donors 534

are between 20 to 45 years old.’ vs. ‘Lisa, 535

who donates her kidney, she is 70 years old.’ 536

3. Content. There exists one sentence chang- 537

ing one or multiple attributes of an event or 538

entity that was previously stated in another 539

sentence. Example: ‘Zully Broussard donated 540

her kidney to a stranger.’ vs. ‘Zully Broussard 541

donated her kidney to her close friend.’ 542

4. Perspective/View/Opinion. Inconsistency in 543

perspective/view/opinion between sentences. 544

Example: ‘The doctor spoke highly of the 545

project and called it a breakthrough’ vs. ‘The 546

doctor disliked the project, saying it had no 547

impact at all.’ 548

5. Emotion/Mood/Feeling. Inconsistency in 549

emotion/mood/feeling between sentences. Ex- 550

ample: ‘The rescue team searched for the boy 551

worriedly.’ vs. ‘The rescue team searched for 552

the boy happily.’ 553

6. Relation. Presence of two mutually exclusive 554

relations between entities. Example: ‘Jane 555

and Tom are a married couple.’ vs. ‘Jane is 556

Tom’s sister.’ 557
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Figure 6: Boxplot for number of sentences. ‘pos’ refers to datapoints i such that yi = Yes, ‘neg’ refers to datapoints
i such that yi = No, and ‘all’ refers to all datapoints.

7. Factual. There exist sentence(s) in disagree-558

ment with external world knowledge/facts.559

Example: ‘The road T51 was located in New560

York.’ vs. ‘The road T51 was located in Cali-561

fornia.’562

8. Causal. There exist sentences where the ef-563

fect does not match the cause. Example: ‘I564

slam the door.’ vs. ‘After I do that, the door565

opens.’566
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G4o L3.2 L3
accuracy 0.680 0.681 0.601
precision 0.642 0.704 0.869
F1 score 0.697 0.657 0.357
TPR/recall 0.763 0.616 0.225
FPR 0.399 0.254 0.033
TNR 0.601 0.746 0.967
FNR 0.237 0.384 0.775
EHR (DP) 0.536 0.412 0.200
EHR (RnR) 0.634 0.475 0.203
EHR (RnR+CF) 0.571 0.408 0.194
EHRC (DP) 0.703 0.669 0.892
EHRC (RnR) 0.831 0.771 0.903
EHRC (RnR+CF) 0.757 0.707 0.908
EPR (DP) 0.267 0.197 0.099
EPR (RnR) 0.203 0.155 0.095
EPR (RnR+CF) 0.289 0.201 0.096
EPRC (DP) 0.349 0.319 0.441
EPRC (RnR) 0.266 0.252 0.424
EPRC (RnR+CF) 0.383 0.349 0.452
AECR (DP) 0.051 0.047 0.016
AECR (RnR) 0.133 0.118 0.022
AECR (RnR+CF) 0.054 0.046 0.015
avg #sen, pos (DP) 2.11 2.33 2.08
avg #sen, neg (DP) 2.22 2.61 2.21
avg #sen, all (DP) 2.15 2.41 2.09
avg #sen, pos (RnR) 6.40 6.42 2.84
avg #sen, neg (RnR) 6.41 6.85 4.71
avg #sen, all (RnR) 6.40 6.55 3.08
avg #sen, pos (RnR+CF) 2.33 2.57 2.16
avg #sen, neg (RnR+CF) 2.26 2.67 2.92
avg #sen, all (RnR+CF) 2.31 2.60 2.25
avg #retries, pos (RnR) 2.95 2.47 1.30
avg #retries, neg (RnR) 2.88 2.55 2.14
avg #retries, all (RnR) 2.92 2.50 1.41

Table 3: Performance comparison of models across
various metrics for the LLM approaches DP, RnR, and
RnR+CF. G4o, L3.2, and L3 are shorthands for GPT-4o,
LLaMA3.2-90B, and LLaMA3-70B respectively. ‘pos’
refers to datapoints i such that yi = Yes, ‘neg’ refers
to datapoints i such that yi = No, and ‘all’ refers to all
datapoints.

G4o L3.2 L3
accuracy 0.677 0.675 0.601
precision 0.651 0.709 0.869
F1 score 0.680 0.640 0.357
TPR/recall 0.712 0.583 0.225
FPR 0.356 0.235 0.0329
TNR 0.644 0.765 0.967
FNR 0.288 0.417 0.775
EHR 0.548 0.402 0.198
EHRC 0.770 0.690 0.882
EPR 0.261 0.195 0.101
EPRC 0.367 0.336 0.452
AECR 0.059 0.050 0.016
avg #sen, pos 2.85 2.71 2.14
avg #sen, neg 2.90 2.84 3.14
avg #sen, all 2.87 2.75 2.27
avg #retries, pos 3.95 3.47 2.30
avg #retries, neg 3.88 3.55 3.14
avg #retries, all 3.92 3.50 2.41

Table 4: Performance comparison of models across vari-
ous metrics for the LLM approach RnR+UF. G4o, L3.2,
and L3 are shorthands for GPT-4o, LLaMA3.2-90B, and
LLaMA3-70B respectively. ‘pos’ refers to datapoints
i such that yi = Yes, ‘neg’ refers to datapoints i such
that yi = No, and ‘all’ refers to all datapoints.
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