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Abstract

We evaluate LLMs’ language understanding001
capacities on simple inference tasks that most002
humans find trivial. Specifically, we target003
(i) grammatically-specified entailments, (ii)004
premises with evidential adverbs of uncertainty,005
and (iii) monotonicity entailments. We de-006
sign evaluation sets for these tasks and con-007
duct experiments in both zero-shot and chain-008
of-thought setups, and with multiple prompts009
and LLMs. The models exhibit moderate to010
low performance on these evaluation sets. Sub-011
sequent experiments show that embedding the012
premise in syntactic constructions that should013
preserve the entailment relations (presupposi-014
tion triggers) or change them (non-factives),015
further confuses the models, causing them to016
either under-predict or over-predict certain en-017
tailment labels regardless of the true relation,018
and often disregarding the nature of the embed-019
ding context. Overall these results suggest that,020
despite LLMs’ celebrated language understand-021
ing capacity, even the strongest models have022
blindspots with respect to certain types of en-023
tailments, and certain information-packaging024
structures act as “blinds” overshadowing the025
semantics of the embedded premise.026

1 Introduction027

LLMs have gained immense popularity thanks028

to their unprecedented ability to understand user029

queries and generate fluent seemingly-human re-030

sponses. At the same time, people constantly report031

LLMs’ failures, anecdotal (Borji, 2023) and sys-032

tematic, e.g, the lack of reliability and consistency033

(Shen et al., 2023; Jang and Lukasiewicz, 2023;034

Plevris et al., 2023), contradictory or unreasonable035

answers (Zhong et al., 2023), inability to detect036

false assumptions (Shen et al., 2023), wrong infor-037

mation in prompts (Zuccon and Koopman, 2023),038

contradictory responses to identical queries (Jang039

and Lukasiewicz, 2023; Plevris et al., 2023).040

However, humans are prone to some failures as041

well, e.g., overlooking false assumptions in ques- 042

tions beyond their area of expertise, or failing to 043

find the correct solution to a math problem. 044

In this work we focus on tasks that are trivial for 045

humans, and do not require any specialized exper- 046

tise beyond proficiency in English. For example, it 047

is obvious to a human that Her brother was singing 048

entails Someone was singing, and Fred’s tie is very 049

long implies Fred’s tie is long, but not vice versa. 050

However, as shall be seen shortly, LLMs fail to es- 051

tablish such systematic relations correctly. LLMs’ 052

errors on such simple tasks are much more indica- 053

tive of absence of human-like text understanding. 054

We experiment with several types of natural lan- 055

guage inferences (NLI), (a.k.a. recognizing tex- 056

tual entailment (Dagan et al., 2005; Bowman et al., 057

2015)), that are easy for humans, and show that 058

they pose a challenge to LLMs. These NLI tests re- 059

veal some of the models’ blind spots, and indicate 060

that they are far from a genuine human-level under- 061

standing. Moreover, some information-packaging 062

structures, where a statement is embedded within a 063

surrounding linguistic context, may act as “blinds” 064

that hinder the semantics of embedded premises, 065

again in contrast to human-like behavior. 066

A summary of the conditions we test, as well as 067

the trends observed for one model (gpt-3.5-turbo- 068

0301) is available in Figure 1.1 069

We focus on inference types that are solely 070

based on common linguistic phenomena and “trival” 071

world-knowledge such as class membership (“a 072

dog is an animal”, “navy blue is a shade of blue”). 073

Specifically, we test LLMs’ ability to make three 074

inference types: (i) Grammatically-specified entail- 075

ments, i.e. replacing a constituent of the premise 076

with an indefinite pronoun as somebody or some- 077

thing. (ii) Premises with evidential adverbs of un- 078

1Results for other models are presented in Table 2 and
discussed in Section 3. While directions and magnitudes
differ, all models are far from human level, and do not respond
correctly to embedding environments.
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Condition Section Expected Model 

Standalone
Embedded within a 

Pressuposition Trigger
Embedded within a  
Non-factive Clause

Expected Model Expected Model 

Pronouns 100%

Entail

53%

Entail

100%

Entail

72.3%

Entail

100%

Neutral

56.7%

Entail

Monotonicity

Positive

Monotonicity

Negative

Uncertainty

Adverbs

100%

Entail

100%

Neutral

100%

Neutral

79.9%

Entail

86.9%

Entail

100%

Neutral --- ---

43%

Entail

37%

Entail

100%

Entail

100%

Neutral

55.7%

Entail

52.8%

Entail

100%

Neutral

100%

Neutral

Sue was hungry —   someone was hungry

  John saw a dog —    John saw an animal

John allegedly saw a dog --> John saw a dog

John saw an animal --> John saw a dog

John realized Sue was hungry 
 --> someone was hungry

John thought Sue was hungry 
 --> someone was hungry

Pronouns (grammatically-specified entailments)

Monotonicity (positive)

Monotonicity (negative)

Uncertainty adverbs

Embedded within a presupposition trigger

Embedded within a non-factive clause

52.9%

Entail

60.2%

Entail

3.1

3.2.3

3.2.4

3.3

Figure 1: High-level summary of the experiments and results (reported numbers are for gpt-3.5-turbo-0301).

certainty (supposedly, allegedly etc.), that block the079

entailment of the rest of the clause, and (iii) Mono-080

tonicity entailment (see MacCartney and Manning081

(2008)) of two kinds: upward , i.e. from subsets082

to supersets (“Jack is a dog” entails “Jack is an083

animal”), and downward, i.e. from supersets to084

subsets (“Jack isn’t an animal” entails “Jack isn’t a085

dog”). We manually curate test sets for these infer-086

ence types and experiment with them in a zero-shot087

setup, observing that LLMs struggle with these088

phenomena, leading to low accuracy.089

We next check how embedding of the premise in090

a larger grammatical context affects the prediction.091

Such embedding can take several forms. Contexts092

consisting of presupposition triggers (e.g. He re-093

alized that [...], They were glad that [...], Some-094

thing happened before [...]) serve to strengthen095

the embedded premise, while similarly structured096

non-factives (e.g. I feel that [...], He imagined that097

[...]) may cancel it. We experiment with both con-098

text types and show that in most cases they affect099

the LLMs’ predictions incorrectly. E.g., ChatGPT2100

has a hard time discerning the two cases, incor-101

rectly treating both as hints towards entailment102

(for regular prompting) or against it (for chain-103

of-thought prompting). These or similar trends104

are observed across different prompts and models105

(GPT-3.5, GPT-4, LLaMA 2). While GPT-4 clearly106

improves over other LLMs in terms of accuracy107

and shows some more sound trends, it still leaves108

2https://openai.com/chatgpt

much room for improvement compared to the hu- 109

man baseline. 110

These results demonstrate that state-of-the-art 111

LLMs were unable to learn simple linguistic infer- 112

ences that humans find trivial: they did not acquire 113

them automatically in pre-training, and also in the 114

process of instruct-tuning or human-feedback tun- 115

ing. Persistence of the problem across prompts and 116

LLMs implies that this is a systematic issue. 117

While current LLMs struggle with these trivial 118

phenomena, we hope future models will show im- 119

provements. Our methodology and the dataset we 120

release3 can help track this progress. 121

2 Linguistic phenomena considered 122

We focus on the following linguistic phenomena. 123

Gramatically-specified entailments The set of 124

the entailments of any sentence includes so-called 125

grammatically-specified entailments (Wilson and 126

Sperber, 1979), i.e., entailments where a con- 127

stituent of the premise is substituted with a variable 128

(such as an indefinite pronoun like somebody, some- 129

thing etc.). For instance, the entailments of “You’ve 130

eaten all my apples” include, among others: 131

You’ve eaten all someone’s apples. 132

You’ve eaten all of something. 133

You’ve eaten something. 134

3URL will be provided in camera ready
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You’ve done something.135

Someone’s eaten all my apples.136

Monotonicity entailments hold when less spe-137

cific predicates are substituted with more specific138

ones, or vice versa. They can be of two types:139

• Upward: more specific predicates can be sub-140

stituted with less specific ones.141

Jack is a dog. |= Jack is an animal.142

• Downward: less specific predicates can be143

substituted with more specific ones.144

All animals need water. |= All dogs145

need water.146

Evidential Adverbs “express degrees of certi-147

tude with respect to the speaker’s subjective per-148

ception of the truth of a proposition” (Haumann,149

2007). We test LLMs’ ability to understand evi-150

dential adverbs expressing uncertainty (allegedly,151

purportedly, supposedly etc.). Introducing such152

adverbs into a clause cancels the entailment of the153

rest of the clause. E.g., Mike allegedly worked all154

night does not entail Mike indeed worked all night.155

The relation between the two statements is neutral.156

Presuppositions and Presupposition Triggers157

Presupposition (Beaver et al., 2021; Jeretic et al.,158

2020; Parrish et al., 2021) is a type of inference159

“whose truth is taken for granted in the utterance of160

a sentence” (Huang, 2011). Below, a presupposes161

b (i.e. if b is false, a cannot be felicitously uttered):162

a. Jane returned to New York.163

|= b. Jane has been to New York before.164

Presuppositions are not presented as at-issue con-165

tent of the utterance, but rather as part of the back-166

ground, mutually known or assumed by the speaker167

and the hearer (even if in reality it is not the case).168

The speaker of a does not inform the hearer that169

Jane has been to New York before: she assumes it;170

and if the hearer does not know it, she accommo-171

dates it upon hearing the utterance (Fintel, 2008).172

Presuppositions are normally evoked by con-173

structions or lexical items, called presupposition174

triggers (Karttunen, 2016). In sentence a above,175

the presupposition is triggered by the verb returned,176

from the class of iterative verbs which presuppose177

that the action has happened before. Other iterative178

verbs are relearn, reread, reapply etc. Presuppo-179

sition triggers used in this work are factives, tem-180

poral and other adverbial clauses and embedded181

wh-questions.182

Non-factive Verbs and Expressions (Kiparsky 183

and Kiparsky, 1970), such as believe, claim, feel, 184

hope, suspect, think, do not entail either truth or 185

falsity of their complements. For example, given: 186

a. Jane thinks that Bill bought bread. 187

b. Bill bought bread. 188

c. Bill didn’t buy bread. 189

Sentence a does not entail either b or c. The re- 190

lation between a and b is neutral, and so is the 191

relation between a and c. 192

Presupposition Triggers, Non-Factives and NLI 193

It is important to note that embedding a premise 194

under a presupposition trigger does not affect the 195

relations between the premise and hypothesis. By 196

contrast, if we embed the premise under a non- 197

factive, the relation becomes neutral. For example: 198

a. A balloon hit a light post. 199

|= b. Something hit a light post 200

Premise a above entails hypothesis b. If we embed 201

premise b under a presupposition trigger as in a’: 202

a’. She realized that a balloon hit a light 203

post 204

|= b. Something hit a light post 205

the relation does not change: the new premise a’ 206

still entails b. However, when embedding premise 207

a under a non-factive verb: 208

a”. I suspect a balloon hit a light post 209

̸|= b. Something hit a light post 210

the relation becomes neutral: without additional 211

context the new premise a” does not entail b. 212

3 Main Experiments 213

Benchmark Design. We construct our bench- 214

mark in the form of several groups of NLI pairs, 215

where each group focuses on a single linguistic phe- 216

nomenon, and all the items within a group share 217

the same label. This allows us to isolate the mod- 218

els’ performance on the different conditions, rather 219

than just providing aggregate accuracy numbers, 220

which hide the underlying linguistic trends. 221
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Zero-shot Setup. We deliberately choose a zero-222

shot setup rather than in-context learning, for the223

following reasons. 1) All tested patterns are eas-224

ily learnable from examples due to their consis-225

tent structure within each group, so predictions226

based on such learning would be a form of “par-227

roting” rather than “understanding”. 2) It is zero-228

shot capabilities that indicate if an LLM is truly229

a general-purpose system (Qin et al., 2023). In230

real-world scenarios, the goal is not necessarily231

to handle these inferences directly, but rather to232

use them as a means to an end. Hence, zero-shot233

capability becomes crucial. 3) Finally and most234

importantly, our goal was not to answer “can we235

make an LLM perform well on these simple cases236

through prompting” but rather to answer “is this237

semantic picked up by an LLM automatically as238

part of its training, from text alone” as some works239

seemingly suggest (e.g., Merrill et al., 2022).240

Models. We test a range of OpenAI models: GPT-241

3.5 (text-davinci-003), ChatGPT (gpt-3.5-turbo-242

0301 and gpt-3.5-turbo-0613), and GPT4 (gpt-4-243

0314 and gpt-4-0613). We access these LLMs244

through OpenAI’s API4 with the default settings5,245

using a single prompt which receives two texts and246

asks if, given text 1, text 2 is true, false or neutral247

(see Appendix B for details).6248

We also evaluate the 70B LLaMA-2 Chat model249

(Touvron et al., 2023).7250

Data Collection Methodology. For monotonic-251

ity entailment, we used a sample from the MED252

dataset (Yanaka et al., 2019a) (see §3.2.2, §3.2.3).253

For grammatically-specified entailments and un-254

certainty adverbs, the data was created by the first255

author by manually collecting naturally-occurring256

sentences from web-pages retrieved by random257

keywords and selecting a subset of sentences in258

the page that fit our desired criteria (e.g., for259

grammatically-specified entailment - sentences260

containing noun phrases in different positions that261

could be substituted by indefinite pronouns), and262

potentially re-writing them (for example, remov-263

4https://openai.com/product
5For text-davinci-003 we set the temperature at 0.
6This prompt yields a 71% accuracy on 300-instance sam-

ple from the SNLI dataset, consistent with previous SNLI
prompting literature (Qin et al., 2023; Wang et al., 2023; Jang
and Lukasiewicz, 2023).

7We access LLaMA 2 through the Replicate API: https:
//replicate.com. Since the prompt used for the OpenAI
models yields very poor accuracy (39%) on SNLI for LLaMA
2, we used a different prompt template, with SNLI accuracy
of 61%. We use temperature of 0.01 and top-k=1.

ing embedding contexts) to obtain simple sentences. 264

We did not consult an LLM during this process. We 265

then derived premise-hypotheses pairs from these 266

sentences as described in §3.2.1 and §3.2.4. For 267

the embedding contexts, we manually curated a set 268

of candidate environments by collecting naturally 269

occurring presupposition triggers and non-factives 270

from textual material on the same web-pages. 271

The labels were assigned based on the linguis- 272

tic properties of the phenomena (e.g. entailment- 273

cancelling property of uncertainty adverbs). The 274

resulting labels for each data group are confirmed 275

by the majority vote in our human annotation ex- 276

periment (see Section 3.1) in 99.8% of the cases 277

and by all three annotators unanimously in 95.8% 278

of the cases8 with a fleiss kappa of 0.94, which 279

corresponds to almost perfect agreement, attesting 280

to the high quality of the data. 281

3.1 Human Performance 282

To verify that the inference types we consider are 283

indeed trivial for humans, we sample 100 exam- 284

ples from each of the 11 data types detailed in 285

Figure 1 and have each example labeled by three 286

human annotators from Amazon Mechanical Turk, 287

using majority vote to obtain the final label. We 288

obtain an overall accuracy of 97.55%, and a full 289

agreement among the annotators for 91% of the 290

examples. These very high numbers confirm that 291

these inference types pose no challenge for humans. 292

For results grouped by inference type see Table 2. 293

More details are available in Appendix A. 294

3.2 Testing LLMs in an NLI setting 295

Table 2 (top) summarizes the results.9 For brevity, 296

we include only one ChatGPT and one GPT-4 ver- 297

sion in the table. Results for the other versions can 298

be found in Appendix C. 299

3.2.1 Grammatically-Specified Entailments 300

Data: We manually curated a dataset of 100 pairs 301

with grammatically specified entailments replacing 302

an NP in each premise with an indefinite pronoun in 303

the hypothesis (see Table 1, example (1)). This is a 304

seemingly very easy dataset, trivial for any human, 305

where all gold labels are “ENTAILMENT”. 306

Results: All LLMs except GPT4 perform poorly 307

on these items (maximum 53% accuracy). GPT-4 308

8These numbers differ from the ones reported in §3.1,
because here we do not consider the monotonicity data, which
was taken from an existing dataset.

9All the results reported in this paper are from a single run.
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Inference type Standalone
Under presupposition triggers
(premise modified;
label unmodified)

Under non-factives
(premise modified;
label - always neutral)

Grammatically-
specified
entailments

(1) P: Crown Princess Mary
of Denmark has given birth
to a healthy baby boy.
H: Someone has given
birth to a healthy baby boy.
L: entailment

(5) P: We are happy that Crown
Princess Mary of Denmark has
given birth to a healthy baby boy.
H: Someone has given
birth to a healthy baby boy.
L: entailment

(9) P: I hope Crown
Princess Mary of Denmark has
given birth to a healthy baby boy.
H: Someone has given
birth to a healthy baby boy.
L: neutral

Monotonicity
positive

(2) P: She planted blue
and purple pansies in
the flower bed.
H: She planted pansies
in the flower bed.
L: entailment

(6) P: After she planted blue and
purple pansies in the flower bed,
she started planting other flowers.
H: She planted pansies
in the flower bed.
L: entailment

(10) P: I think she planted blue
and purple pansies in
the flower bed.
H: She planted pansies
in the flower bed.
L: neutral

Monotonicity
negative

(3) P: Susan made
a dress for Jill.
H: Susan made
a long dress for Jill.
L: neutral

(7) P: They are aware that
Susan made a dress for Jill.
H: Susan made
a long dress for Jill.
L: neutral

(11) P: They believe
Susan made a dress for Jill.
H: Susan made
a long dress for Jill.
L: neutral

Adverbs

(4) P: These persons
were allegedly inhabiting
the home.
H: These persons were
inhabiting the home.
L: neutral

(8) P: The owner was aware
that these persons were
allegedly inhabiting the home.
H: These persons were
inhabiting the home.
L: neutral

N/A

Table 1: Inference types (P - premise, H - hypothesis, L - label)

versions handle them much better, with 84% and309

100% (human-level) accuracy respectively.310

3.2.2 Positive Monotonicity Entailment311

Data: We sample 100 positive examples (the312

gold label is “ENTAILMENT”) from the Mono-313

tonicity Entailment Dataset (MED) (Yanaka et al.,314

2019a) - see example (2) in Table 1.315

Results: Except for GPT-4, all models yield very316

low accuracy (far below 50). The highest result317

(by gpt-4-0613) of 70% accuracy is still far below318

human performance.319

3.2.3 Negative Monotonicity Entailment320

Data: We sample 100 negative examples (the321

gold label is “NEUTRAL”) from MED (Yanaka322

et al., 2019a) - see example (3) in Table 1.323

Results: Here, the earlier GPT-4 version (gpt-4-324

0314) only slightly underperforms humans (88%).325

All other models (including gpt-4-0613) have much326

lower accuracy: 28%- 56%.10327

3.2.4 Adverbs of Uncertainty328

Data: We manually create a dataset of 100 sen-329

tence pairs where the premise contains an uncer-330

tainty adverb, while the hypothesis omits it (exam-331

10Similar results on MED are reported by Liu et al. (2023).

ple (4) in Table 1). We apply 9 adverbs (allegedly, 332

hopefully, possibly, presumably, probably, purport- 333

edly, reportedly, seemingly, supposedly) to each of 334

the 100 pairs, obtaining 900 examples, 100 per ad- 335

verb. The gold label for all pairs is “NEUTRAL”. 336

Results: Strongest result (70% accuracy) is ob- 337

tained by the earlier GPT-4 (0314), and is substan- 338

tially below human performance. All other models, 339

including the newer GPT-4, achieve very low accu- 340

racy on this data (4.67% - 38%). 341

Bottomline: Except for GPT-4, all tested mod- 342

els perform very poorly on all the explored in- 343

ference types. In many cases the LLMs (espe- 344

cially LLaMA 2) predict mostly the opposite of the 345

expected label (“ENTAILMENT” where “NEU- 346

TRAL” is expected and vice versa). While the 347

two GPT-4 versions improve significantly over 348

other LLMs, neither handles all the inference types 349

equally well: the later version (gpt-4-0613) is very 350

good at handling the cases where “ENTAILMENT” 351

is expected, but its predecessor (gpt-4-0314) out- 352

performs it on “NEUTRAL” cases. 353

3.3 Embedding the Premises under 354

Presupposition Triggers 355

Table 2 (middle) summarizes the results (except 356

for gpt-3.5-turbo-0613 and gpt-4-0314 covered in 357
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Appendix C).358

Data: Next we modify all the datasets described359

above by embedding the original premises under360

presupposition triggers (see examples (5)–(8) in361

Table 1). We use 23 trigger types: 21 factives, such362

as know, realize, be glad; embedded wh-questions,363

such as This explains why he came; and adverbial364

clauses, e.g. After he came, I cooked dinner.365

For uncertainty adverbs, we randomly sample366

100 examples from our dataset of 900 sentence367

pairs, and apply each of the 23 triggers to each368

sampled pair, obtaining 2300 pairs. For other data369

types (grammatically specified entailments, pos-370

itive and negative monotonicity entailments) we371

embed the 100 original premises under 23 triggers,372

which also results in 2300 pairs per data type. The373

hypotheses remain unchanged (see Table 1).11374

Presupposition triggers do not change the rela-375

tion between the premise and the hypothesis, so the376

gold label remains unchanged: “ENTAILMENT”377

for grammatically specified and positive mono-378

tonicity entailments; “NEUTRAL” for negative379

monotonicity entailments and uncertainty adverbs.380

Results: The OpenAI models show the same pat-381

tern across all data types: under presupposition trig-382

gers they predict “ENTAILMENT” more regard-383

less of the correct label. This improves accuracy384

where “ENTAILMENT” is expected (grammati-385

cally specified and positive monotonicity entail-386

ments), but reduces accuracy for “NEUTRAL” data387

(negative monotonicity, uncertainty adverbs).12388

LLaMA 2 shows a “healthier” trend: under pre-389

supposition triggers it seems to capture all infer-390

ence types better than in the standalone experi-391

ments, predicting more entailment for the “posi-392

tive” datasets and more “neutral” relations for the393

“neutral” datasets. However, its accuracy remains394

consistently low (below 40%) across all data types.395

Additionally, under presupposition triggers, it con-396

sistently predicts more “contradiction” labels for397

all inference types, which is always wrong.398

Bottomline: Under presupposition triggers the399

OpenAI LLMs tend to predict more entailment ir-400

respective of the correct label. LLaMA 2 improves401

11In experiments with both embedding context types we use
full data for text-davinci-003, gpt-3.5-turbo-0301 and LLaMA
2, and 100 examples per inference type for other models.

12The only exception is gpt-3.5-turbo-0613: under presup-
position triggers it predicts less entailment (except for negative
monotonicity), which in most cases hurts the accuracy (see
Appendix C).

in this setting, but shows a different wrong trend: 402

predicting more “contradiction” labels in all cases. 403

3.4 Embedding the Premises under 404

Non-Factives 405

Table 2 (bottom) summarizes the results (gpt-3.5- 406

turbo-0613 and gpt-4-0314 are covered in Ap- 407

pendix C). 408

Data: We modify the original datasets (see §3.2), 409

embedding the premises under non-factives (see 410

examples (9)–(11) in Table 1). For grammatically- 411

specified entailments and both types of mono- 412

tonicity data, we embed each of the 100 original 413

premises under 23 different non-factives, e.g. feel, 414

hope, believe etc., obtaining 2300 pairs for each 415

data type. We omit this experiment for adverbs for 416

semantic reasons: including both an uncertainty 417

adverb and a non-factive into the premise (I guess 418

he allegedly worked all night.) results in double 419

expression of uncertainty, creating a tautology. 420

The hypotheses remain unchanged (see Table 1). 421

Since non-factives cancel entailment, the gold 422

label in all the cases changes to “NEUTRAL”. 423

Results: Surprisingly, GPT-3.5 and ChatGPT13 424

again predict “ENTAILMENT” more often for all 425

the data groups.14 This hurts the accuracy for all 426

data groups, since now the correct label is always 427

“NEUTRAL”. Both GPT-4 versions show the cor- 428

rect trend predicting less “ENTAILMENT” and 429

more “NEUTRAL” labels under non-factives. Yet, 430

the now-incorrect “ENTAILMENT” label remains 431

very frequent reducing the accuracy. 432

LLaMA 2 again (as with presupposition trig- 433

gers) seems more accurate compared to standalone 434

experiments, but a closer look reveals it is likely 435

“right for the wrong reason”: the proportion of neu- 436

tral predictions has changed very little compared 437

to the standalone experiments (maximum by 7%), 438

but now the “NEUTRAL” label is always correct, 439

which seemingly boosts the accuracy. 440

13The newer ChatGPT version, gpt-3.5-turbo-0601, shows
the same trends as under presupposition triggers, predicting
less entailment (except for negative monotonicity) (see Ap-
pendix C). It shows that, just like its predecessors, this LLM
is unable to distinguish the two types of embedding contexts.

14This inclination to overpredict entailment might imply the
use of lexical overlap heuristics, given the lexical similarity be-
tween premises and hypotheses in our data. However, a closer
examination reveals a contrary trend: standalone premises
have greater lexical overlap with hypotheses than embedded
ones, yet the models predict more entailment for embedded
premises. Our evaluation on a subset of HANS (McCoy et al.,
2019) also suggest that lexical overlap does not significantly
influence ChatGPT towards entailment.
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3.4.1 Bottomline441

Only the GPT-4 models capture the overall trend442

correctly reducing entailment predictions and in-443

creasing neutral predictions under non-factives.444

However, while, ideally, the entailment predictions445

should be now reduced to 0, they still remain quite446

frequent, especially in the supposedly more ad-447

vanced gpt-4-0613, reducing the models’ accuracy.448

Across all the experiments described above,449

GPT-4 models show the best results and the most450

human-like trends. They are also the only ones451

consistantly refraining from the always incorrect452

“CONTRADICTION” label. However, the earlier453

version (see Appendix C) proves biased towards454

neutral predictions, while the later one constantly455

leans towards entailment. Under presupposition456

triggers they share their predecessors’ erroneous457

trend: predicting more entailment regardless of the458

correct label. In spite of the favourable dynamics459

both GPT-4 versions still perform far below the460

human level on most inference types we explored.461

Notably, overall, the newer ChatGPT and GPT-462

4 versions prove less accurate than the respective463

earlier ones (see Appendix C).464

4 Prompt Variations465

We also experiment with prompt variations.466

Prompt paraphrasing. We ask ChatGPT (gpt-467

3.5-turbo-0301) to rephrase our prompt template,468

obtaining two templates that we verify to be seman-469

tically equivalent w.r.t. the task (details in Appendix470

D). While accuracies vary between prompts, the471

scores on all tasks remain low.472

Chain-of-Thought Prompting (CoT). Using473

gpt-3.5-turbo-0301, we investigate CoT prompt-474

ing (Kojima et al., 2023), and find that it reverses475

the LLM’s trend to predict more entailment for em-476

bedded premises (see Section 3): now the LLM477

predicts less entailment under presupposition trig-478

gers or non-factives, while the number of neutral479

predictions grows - again, regardless of the correct480

label, i.e. the reversed trend is equally inaccurate.481

CoT prompting improves the accuracy, but in a one-482

sided way: scoring higher on “neutral” test sets, but483

lower on almost all the “entailment” ones.484

Analysis of CoT Results. The CoT technique485

allows us to explore the model’s “reasoning”. We486

manually evaluate a subset of the CoT explanations.487

In half of the cases (50.9%) both the final decision488

and the CoT explanation were wrong. In 23.6% a489

correct explanation was followed by a correct deci- 490

sion; in 23.6% a wrong explanation was followed 491

by a correct decision. In 1.86% of the cases a cor- 492

rect explanation was followed by a wrong decision. 493

81% of the cases reflected a correct understanding 494

of the task expressed in the prompt. In half of the 495

cases (49.1%) the CoT mentioned the undelying 496

linguistic phenomena explicitly, but only in half of 497

those (23.6% of the total) reflected their correct un- 498

derstanding and only 14.5% of the time used them 499

as a basis for the final prediction. 500

The details of the CoT experiments and the man- 501

ual analysis are available in Appendix E. 502

5 Relation to previous findings 503

A vast literature evaluated linguistic abilities of 504

earlier generations of pretrained models15, includ- 505

ing some phenomena we consider here: Jiang and 506

de Marneffe (2019); de Marneffe et al. (2019); 507

Ross and Pavlick (2019); McCoy et al. (2019); 508

Yanaka et al. (2021) (embedded clauses); Jeretic 509

et al. (2020); Parrish et al. (2021); Kabbara 510

and Cheung (2022) (presuppositions and im- 511

plicatures);Yanaka et al. (2019a,b); Goodwin 512

et al. (2020); Yanaka et al. (2020); Jumelet et al. 513

(2021); Geiger et al. (2020) (monotonicity entail- 514

ment); Ettinger (2020); Guerin and Chemla (2023) 515

(hypernymy). Some works focused on other phe- 516

nomena: negation, synonyms, antonyms, tenses, 517

temporal adverbials, active vs. passive voice, 518

symmetric and asymmetric relations, compara- 519

tives, superlatives etc. (e.g., Kassner and Schütze, 520

2020; Hartmann et al., 2021; Hossain et al., 2020, 521

2022; Ettinger, 2020; Truong et al., 2022; Jang 522

et al., 2022; Ravichander et al., 2022; Ribeiro et al., 523

2020). Many of these studies make use of the NLI 524

task to evaluate LMs’ basic linguistic abilities (e.g., 525

McCoy et al., 2019; Jiang and de Marneffe, 2019; 526

Yanaka et al., 2021; Kabbara and Cheung, 2022; 527

Jeretic et al., 2020; Parrish et al., 2021; Kabbara 528

and Cheung, 2022; Yanaka et al., 2019a,b). We 529

draw inspiration from this line of work. 530

In the remainder of the section, we focus on work 531

that evaluates SOTA LLMs (starting with GPT-3). 532

Truong et al. (2023) seek to determine if nega- 533

tion remains a challenge in the age of LLMs.16 534

They assess GPTneo, GPT-3, and InstructGPT 535

15There are comprehensive overviews of such literature, for
example, Rogers et al. (2020); Chang and Bergen (2023).

16In fact, their work covers a range of negation-related phe-
nomena, such as synonym/antonym lexical relations, mono-
tonicity entailment and hypernymy under negation.
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human GPT-3.5 ChatGPT GPT-4 LLaMA 2 70b
e n c e n c e n c e n c e n c

pronouns 100.0 0.0 0.0 39.0 56.0 5.0 53.0 34.0 13.0 100.0 0.0 0.0 31.0 61.0 8.0
monotonicity positives 89.0 11.0 0.0 25.0 46.0 29.0 43.0 51.0 6.0 70.0 30.0 0.0 36.0 59.0 5.0
monotonicity negatives 5.0 94.0 1.0 22.0 28.0 50.0 37.0 42.0 21.0 33.0 56.0 11.0 46.0 35.0 19.0

Standalone

uncertainty adverbs 0.0 100.0 0.0 77.6 4.7 17.8 79.9 9.1 11.0 61.0 38.0 1.0 89.9 9.0 1.1
pronouns 100.0 0.0 0.0 65.4 27.8 6.8 72.3 23.3 4.3 100.0 0.0 0.0 32.0 58.1 9.9
monotonicity positives 97.0 3.0 0.0 38.0 25.1 36.8 55.7 37.2 7.1 71.0 29.0 0.0 36.9 44.9 18.3
monotonicity negatives 5.0 95.0 0.0 39.8 19.0 41.2 52.8 29.4 17.8 36.0 53.0 11.0 32.4 38.5 29.0

Under presupposition
triggers

uncertainty adverbs (sample) 1.0 99.0 0.0 87.8 2.7 9.6 86.9 7.5 5.6 70.0 30.0 0.0 58.4 29.4 12.3
pronouns 0.0 100.0 0.0 51.0 41.0 8.0 56.7 40.0 3.3 97.0 3.0 0.0 29.7 64.7 5.5
monotonicity positives 1.0 99.0 1.0 28.8 27.3 43.9 60.2 30.2 9.7 44.0 56.0 0.0 34.4 52.3 13.3

Under
non-factives monotonicity negatives 0.0 100.0 0.0 30.3 17.4 52.3 52.9 22.3 24.7 23.0 69.0 8.0 29.3 42.0 28.7

Table 2: Experiment results across all models. Background indicates the expected label (green - "entailment", blue
- "neutral"). The green and red font colors indicate increase or decrease compared to standalone premises. The
numbers in bold also indicate accuracy (e.g. for uncertainty adverbs accuracy coincides with the percentage of
neutrals). The underlined bold numbers indicate the best accuracy for a specific inference type across all models
(human baseline excluded). e - entailment (%); n - neutral (%); c - contradiction (%). Model versions shown:
GPT-3.5 – text-davinci-003; ChatGPT – gpt-3.5-turbo-0301; GPT-4 - gpt-4-0613. Result for additional GPT models
(gpt-3.5-turbo-0613 and gpt-4-0314) available in Appendix C.

across various negation benchmarks with different536

model sizes and prompts, and discover a number537

of important limitations, including insensitivity to538

negation, an inability to capture synonym/antonym539

lexical relations and to reason under negation. Ye540

et al. (2023) find that LLMs17 with CoT-style541

prompts struggle with lexical negation (words with542

negative suffixes: implausible, unreasonable etc.).543

Lorge and Pierrehumbert (2023) explore the ca-544

pability of LMs (including text-davinci-002) to545

handle scalar adverbs (specifically, adverbs of546

frequency, modality and degree). Despite some547

success they notice many shortcomings: “weak548

differentiation amongst the semantic classes of ad-549

verbs, poor ability to discriminate scalar adverbs550

from negations”, “strong effects of adverb frequen-551

cies and lack of generalisation across two logically552

equivalent entailment constructions”. Cong (2022)553

probes GPT-3 for understanding of scalar impli-554

catures and presuppositions and find that its per-555

formance is “mostly at chance”. Stengel-Eskin556

and Van Durme (2022) investigate how GPT3-557

davinci, GPT-Neo, Jurassic, T5 for QA, T0pp han-558

dle subject-control sentences. Davis (2022) an-559

alyzes how autoregressive models with GPT-like560

architectures, such as GPT-2 XL, GPT-Neo, GPT-J,561

GPT-3 (text-davinci-002) handle binding and con-562

clude that they consider antecedents which humans563

reject as structurally ungrammatical. Focusing on564

“language illusions” , Zhang et al. (2023) find that565

LMs including text-davinci-003 “have some capac-566

ity to process comparative structures”, but strug-567

gle with multiple negation and NPI licensors.568

17They test 14 LLMs including GPT-4 and 3.5 and four
LLaMA variants.

This overview suggests that for newer LLMs 569

(GPT-3 and later) there is much less research focus- 570

ing on fundamental linguistic abilities. We add to 571

this line of work, focusing on very simple inference 572

types that to the best of our knowledge were not pre- 573

viously evaluated (grammatically-specified entail- 574

ments, uncetainty adverbs) as well as evaluating sta- 575

bility under embedding contexts (presupposition- 576

triggers and non-factives). 577

At the same time, the existing research shows 578

that current pre-training objectives do not neces- 579

sarily capture the basic linguistic phenomena, thus 580

“new training paradigms are essential to achieve bet- 581

ter linguistic competency” (Truong et al., 2023). 582

6 Conclusion 583

We tested LLMs with several simple linguistic in- 584

ferences that humans find trivial, and further exper- 585

imented by embedding the premises within (sim- 586

ple) linguistic contexts that should either preserve 587

or cancel the inference. The models performed 588

poorly in all cases. We conclude that LLMs do not 589

learn entailment semantics “naturally”. The per- 590

sistence of the issue across prompts, models and 591

setups shows that these limitations are robust and 592

this topic merits further systematic investigations. 593

While the results are tested for several specific mod- 594

els, we do expect them to hold more generally. We 595

believe the ability of LLMs to correctly understand 596

simple textual inferences humans find natural is im- 597

portant. We provide a benchmark and methodology 598

that can be used to track the improvement of future 599

models. 600
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7 Limitations601

As a consequence of LLMs’ sensitivity to prompt602

phrasings, there may exist prompts that can poten-603

tially modify the reported results. At the same time604

we agree with Jang and Lukasiewicz (2023) who605

point out that “improvements with prompt design606

can be considered another violation of semantic607

consistency, because the prompts will deliver iden-608

tical semantic meaning, i.e., task description”.609

We showed that embedding the premises un-610

der presupposition triggers or non-factives affects611

the models’ predictions exhibiting certain patterns.612

However, our treatment of non-factives is non-613

exhaustive: for example, we did not try adding614

negation to the non-factives or using non-factive615

predicates denoting a high level of uncertainty (I616

doubt, I’m skeptical) or containing negative pre-617

fixes (I an uncertain, I disbelieve). It’s possible618

that implicit or explicit negation in the embedding619

predicates may change the LLMs’ behavior. Also,620

while considering presupposition triggers and non-621

factives, we did not consider other types of clause-622

embedding predicates (e.g., implicative verbs).623

Finally, since LLMs undergo continuous updates,624

the test results presented here may vary over time,625

and the closed, black-box nature of the models’626

training details and training data limits the scope of627

the conclusions that can be reached. We cannot, for628

example, know for certain if the low performance629

on these inference type stems already from the base630

model and its inability to learn these type of infer-631

ences from raw text, or was added during instruct632

tuning. That said, our data and methodology for633

benchmarking these capabilities is model-agnostic634

and remains intact.635

Ethics Statement636

Annotator Qualification and Compensation for637

Annotation To collect annotations for our hu-638

man baseline (see §3.1) we used Amazon Mechan-639

ical Turk (AMT). We employed 5 annotators who640

showed themselves reliable in handling annotation641

tasks assigned by us in the past. All annotators642

had the following qualifications: (1) over 500 com-643

pleted HITs; (2) 99% approval rate or higher; (3)644

native English speakers. We paid $0.10 per exam-645

ple. Labeling each example normally (excluding646

outliers) took about 21.7 seconds which resulted in647

a payment of about $16.5 per hour. Upon complet-648

ing the task the annotators were given bonuses.649

Annotation Data Collection and Usage Policy 650

Annotators were notified that their annotations are 651

meant for research purposes in the field of Natural 652

Language Processing. The task and collected an- 653

notations were objective and included no personal 654

information. 655
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A Human annotation details955

In order to construct a human baseline, we sampled956

1100 examples (100 per inference type) and had957

3 human annotators label each example, asking if958

based on Text 1, Text 2 is true, false or neutral. We959

then use majority vote to determine the final human960

label for each example.961

For human annotation, we used the Amazon Me-962

chanical Turk platform. We did not use any qual-963

ification tests and filters for annotator selection,964

but instead employed 5 annotators who showed965

themselves reliable in handling annotation tasks966

assigned by us in the past. We paid $0.10 per exam-967

ple. Labeling each example normally (excluding968

outliers) took about 21.7 seconds which resulted in969

a payment of about $16.5 per hour.970

We obtained an overall accuracy of 97.55%. In971

91% of the cases all three annotators confirmed972

the expected labels unanimously. The instructions973

received by the annotators are shown in Figure 2.974

B Main entailment experiments prompts975

The prompt below is used throughout the experi-976

ments described in Section 3 for all the OpenAI977

models (see Section 3).978

You are given a pair of texts. Say about979

this pair: given Text 1, is Text 2 true,980

false or neutral (you can’t tell if it’s true981

or false)? Reply in one word.982

Text 1: “text1”983

Text 2: “text2”984

For LLaMA 2 we use the following prompt:985

You have two texts, and your task is to986

determine the truthfulness of Text 2 based987

on Text 1. Provide a one-word response988

indicating whether Text 2 is true, false,989

or neutral (indeterminable). Here are990

the texts:991

Text 1: “text1”992

Text 2: “text2”993

The model outputs one of three possible labels:994

“true” (corresponding to “entailment”), “false”995

(corresponding to “contradiction”) or “neutral”.18996

18In the rare cases when the model outputs a different la-
bel, we normalize it to one of the three expected forms. E.g.
“truthful” is normalized to “true”.

C Complete Results Table 997

All the results from all LLMs including both Chat- 998

GPT and GPT-4 versions are shown in Table 3. 999

Accuracy across all tested LLMs obtained in the 1000

experiments in Section 3 is compared in Table 4. 1001

D Prompt Paraphrasing 1002

We experimented with the following prompt varia- 1003

tions: (Original prompt) 1004

You are given a pair of texts. Say about 1005

this pair: given Text 1, is Text 2 true, 1006

false or neutral (you can’t tell if it’s true 1007

or false)? Reply in one word. 1008

Text 1: “text1” 1009

Text 2: “text2” 1010

(Variation 1) 1011

You have two texts, and your task is to 1012

determine the truthfulness of Text 2 based 1013

on Text 1. Provide a one-word response 1014

indicating whether Text 2 is true, false, 1015

or neutral (indeterminable). Here are 1016

the texts: 1017

Text 1: “text1” 1018

Text 2: “text2” 1019

(Variation 2) 1020

Assess the veracity of Text 2 based on 1021

Text 1: Is Text 2 true, false, or indeter- 1022

minable? Provide a one-word response. 1023

Text 1: “text1” 1024

Text 2: “text2” 1025

The comparison between the three prompts is 1026

shown in Table 5. 1027

E Chain-of-thought prompting 1028

E.1 Chain-of-thought experiments 1029

For the chain-of-thought experiments, we added 1030

the phrase "Let’s think step by step" (Kojima et al., 1031

2023) to the original prompt as follows: 1032

You are given a pair of texts. Say about 1033

this pair: given Text 1, is Text 2 true, 1034

false or neutral (you can’t tell if it’s true 1035

or false)? 1036

Text 1: “text1” 1037

Text 2: “text2” 1038

Let’s think step by step. 1039

13



Figure 2: Instructions for human annotation. Note that in order to not implicitly train annotators towards the
linguistic inferences we consider in this work, we provided examples that demonstrate the meaning of the neutral/en-
tailing/contradiction labels, but on other inference types, not covered in this work.

human text-davinci-003 gpt-3.5-turbo-0301 gpt-3.5-turbo-0613 gpt-4-0314 gpt-4-0613 LLaMA 2 70b
e n c e n c e n c e n c e n c e n c e n c

P 100 0 0 39 56 5 53 34 13 9 53 38 84 16 0 100 0 0 31 61 8
MP 89 11 0 25 46 29 43 51 6 21 35 44 39 61 0 70 30 0 36 59 5
MN 5 94 1 22 28 50 37 42 21 12 37 51 6 88 6 33 56 11 46 35 19

SA

UA 0 100 0 77.56 4.67 17.78 79.89 9.11 11.00 34 19 47 30 70 0 61 38 1 89.89 9 1.11
P 100 0 0 65.35 27.83 6.82 72.30 23.35 4.35 6 42 52 90 10 0 100 0 0 32.00 58.13 9.87
MP 97 3 0 38.04 25.13 36.83 55.65 37.22 7.13 17 40 43 39 61 0 71 29 0 36.87 44.87 18.26
MN 5 95 0 39.78 19.04 41.18 52.83 29.39 17.78 21 24 55 9 87 4 36 53 11 32.43 38.52 29.05

PT

UA 1 99 0 87.78 2.65 9.57 86.91 7.52 5.57 28 25 47 37 63 0 70 30 0 58.39 29.35 12.26
P 0 100 0 51.00 41.00 8.00 56.65 40.04 3.31 4 49 47 55 45 0 97 3 0 29.74 64.74 5.52
MP 1 99 1 28.83 27.26 43.91 60.17 30.17 9.66 13 37 50 16 84 0 44 56 0 34.35 52.35 13.30NF
MN 0 100 0 30.30 17.43 52.26 52.91 22.35 24.74 15 23 62 4 94 2 23 69 8 29.30 41.96 28.74

Table 3: Experiment results across all models. Background indicates the expected label (green - "entailment",
blue - "neutral"). The green and red font colors indicate increase or decrease compared to standalone premises.
The numbers in bold also indicate accuracy (e.g. for uncertainty adverbs accuracy coincides with the percentage
of neutrals). The underlined bold numbers indicate the best accuracy for a specific inference type across all
models (human baseline excluded). SA - standalone premises; PT - premises under presupposition triggers; NF -
premises under non-factives; P - pronouns (grammatically-specified-entailments); MP - monotonicity entailment
(positive); MN - monotonicity entailment(negative), UA - uncertainty adverbs; e - entailment (%); n - neutral (%); c
- contradiction (%).

As can be seen, we 1) removed the requirement1040

to return a one-word answer; 2) added the words1041

“Let’s think step by step” at the end.1042

After the model outputs a chain of thought, an1043

additional step is needed to obtain a final one-word1044

answer. For this answer extraction step we use an1045

additional prompt:1046

Therefore, the one-word answer (True,1047

False or Neutral) is 1048

For the CoT experiments with standalone 1049

premises we use the same 100-example test sets 1050

as for the original experiments (see Section 3 for 1051

details). For experiments with embeddings we sam- 1052

ple 100 sentence pairs out of each 2300-example 1053

test set. 1054

The results of the original experiments (see Sec- 1055
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Inference type human LLaMA 2 70b text-davinci-003 gpt-3.5-turbo-0301 gpt-3.5-turbo-0613 gpt-4-0314 gpt-4-0613
pronouns 100.00 31.00 39.00 53.00 9.00 84.00 100.00
monotonicity positive 89.00 36.00 25.00 43.00 21.00 39.00 70.00
monotonicity negative 94.00 35.00 28.00 42.00 37.00 88.00 56.00

Standalone

uncertainty adverbs 100.00 9.00 4.67 9.11 19.00 70.00 38.00
pronouns 100.00 32.00 65.35 72.30 6.00 90.00 100.00
monotonicity positive 97.00 36.87 38.04 55.65 17.00 39.00 71.00
monotonicity negative 95.00 38.52 19.04 29.39 24.00 87.00 53.00

Under
presupposition
triggers uncertainty adverbs 99.00 29.35 2.65 7.52 25.00 63.00 30.00

pronouns 100.00 64.74 41.00 40.04 49.00 45.00 3.00
monotonicity positive 99.00 52.35 27.26 30.17 37.00 84.00 56.00

Under
non-factives monotonicity negative 100.00 41.96 17.43 22.35 23.00 94.00 69.00

overall accuracy 97.55 36.98 27.95 36.78 24.27 71.18 58.73

Table 4: Human accuracy and accuracy (%) across LLMs compared. LLaMA 2, GPT-3.5 (text-davinci-003) and
gpt-3.5-turbo-0301 were tested on full data. Human performance, gpt-3.5-turbo-0613 and both GPT-4 versions
were tested on 100 examples per inference type.

original prompt paraphrased prompt 1 paraphrased prompt 2
accuracy (%) entailment (%) accuracy (%) entailment (%) accuracy (%) entailment (%)

pronouns 53.00 53.00 67.00 67.00 62.00 62.00
monotonicity positives 43.00 43.00 68.00 68.00 65.00 65.00
monotonicity negatives 42.00 37.00 8.00 53.00 37.00 42.00

Standalone

uncertainty adverbs 9.1 79.9 5.67 80.33 8.44 78.67
pronouns 72.30 72.30 86.70 86.70 76.61 76.61
monotonicity positives 55.65 55.65 78.30 78.30 70.39 70.39
monotonicity negatives 29.39 52.83 6.17 59.35 29.70 50.70

Under presupposition
triggers

uncertainty adverbs (sample) 7.52 86.91 1.39 88.65 9.61 82.65
pronouns 40.04 56.65 20.09 72.87 40.52 56.65
monotonicity positives 30.17 60.17 9.39 72.83 29.57 63.61

Under
non-factives

monotonicity negatives 22.35 52.91 6.00 48.87 40.00 38.39

Table 5: The experiment results for the original prompt and its two paraphrases suggested by ChatGPT itself. The
background color indicates the expected label: green - “ENTAILMENT”, blue - “NEUTRAL”. The pink cells
indicate the results that do not fit the pattern exhibited by the original prompt (see Appendix B): predicting more
entailment under all embedding types. The bold figures indicate the highest accuracy for a specific inference type
across all 3 prompts.

tion 3) and the CoT experiments are compared in1056

Table 6.1057

E.2 Manual analysis of ChatGPT’s reasoning1058

chains1059

This expands on the results presented in Section 4,1060

“Analysis of CoT Results“. We sampled 55 exam-1061

ples of reasoning chains produced by the ChatGPT1062

at the time of the CoT experiments (5 from each1063

test set) and analyzed them manually.1064

Some chains of thought (about 14.5%) are clear,1065

correct, lead to a correct answer and demonstrate1066

understanding of the task and the input premise-1067

hypothesis pair. For example:1068

Premise: It’s worth noting that all1069

philosophers are mortal.1070

Hypothesis: All hegelians are mortal.1071

Chain of thought: Step 1: Examine Text1072

1. It states that “All philosophers are1073

mortal.” This means that every philoso-1074

pher who ever existed or will exist must1075

eventually die. This statement is categor-1076

ical and absolute.1077

Step 2: Compare Text 2 to Text 1. Text 1078

2 states that “All hegelians are mor- 1079

tal.” Hegelians are a specific subset of 1080

philosophers who follow the philosophy 1081

of Georg Wilhelm Friedrich Hegel. Since 1082

Text 1 states that all philosophers are 1083

mortal, and Hegelians fall under the cat- 1084

egory of philosophers, it follows that Text 1085

2 is true. 1086

Answer: True. 1087

Prediction: Entailment. 1088

In some other cases (about 9.1%) the prediction 1089

is correct, but the reasoning chain is too vague, the 1090

logical transitions between the steps are unclear, 1091

so that it’s impossible to tell if the model reasoned 1092

correctly or not. For example: 1093

Premise: Sam violated the school’s jew- 1094

elry policy. 1095

Hypothesis: Sam violated something. 1096

Chain of thought: 1. Start by analyzing 1097

Text 1. It states that “Sam violated the 1098

school’s jewelry policy.” This implies 1099
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original prompt chain-of-though prompt
accuracy (%) entailment (%) accuracy (%) entailment (%) neutral (%)

pronouns 53.00 53.00 7.00 7.00 90.00
monotonicity positives 43.00 43.00 44.00 44.00 53.00
monotonicity negatives 42.00 37.00 53.00 39.00 53.00

Standalone

uncertainty adverbs 9.1 79.9 46.56 46.44 46.56
pronouns 72.30 72.30 8.00 8.00 91.00
monotonicity positives 55.65 55.65 26.00 26.00 70.00
monotonicity negatives 29.39 52.83 56.00 31.00 56.00

Under presupposition
triggers

uncertainty adverbs (sample) 7.52 86.91 52.00 43.00 52.00
pronouns 40.04 56.65 99.00 1.00 99.00
monotonicity positives 30.17 60.17 78.00 21.00 78.00

Under
non-factives

monotonicity negatives 22.35 52.91 58.00 30.00 58.00

Table 6: The experiment results for the original prompt and the CoT prompt. The background color indicates the
expected labels: green – “ENTAILMENT”; blue – “NEUTRAL”. The bold figures indicate which prompt scored
higher on a specific inference type.

that there is a school policy regarding1100

wearing jewelry and Sam broke this rule.1101

2. Next, move on to Text 2. It states that1102

“Sam violated something.” It is not speci-1103

fied what Sam violated, but it is implied1104

that Sam did break a rule or a policy of1105

some sort.1106

3. Based on Text 1 and Text 2, it is safe to1107

say that Text 2 is true. The fact that Text 11108

explicitly mentions a specific policy that1109

Sam violated supports the idea that a vi-1110

olation did occur. Text 2 confirms this by1111

stating that Sam violated something, thus1112

aligning with the information provided1113

in Text 1.1114

Therefore, the answer is: Text 2 is true.1115

Prediction: Entailment.1116

Yet in other cases (about 23.6%) the model is1117

“right for the wrong reasons” ariving at a correct1118

prediction through a wrong reasoning chain. For1119

example:1120

Premise: It was reported that every alien1121

used some quarters.1122

Hypothesis: Every alien used coins.1123

Chain of thought: Step 1: Let’s ana-1124

lyze Text 1 to extract the key informa-1125

tion. The statement says “Every alien1126

used some quarters.” This means that1127

all aliens used quarters, but it is possi-1128

ble they also used other types of coins or1129

currency.1130

Step 2: Now, let’s examine Text 2 in1131

light of Text 1. The statement in Text1132

2 says “Every alien used coins.” This1133

statement seems to suggest that all aliens 1134

used coins, but it does not specify which 1135

type of coins they used. 1136

Step 3: Since Text 2 does not specify 1137

which types of coins alien used, we can- 1138

not say for sure whether it is true or 1139

false. However, we can say that the state- 1140

ment in Text 2 is neutral since it does 1141

not contradict Text 1, but also does not 1142

provide us with any new information that 1143

supports Text 1. 1144

Prediction: Neutral. 1145

The correct label here is indeed “neutral”, how- 1146

ever the reason cited in the chain of thought (“Since 1147

Text 2 does not specify which types of coins alien 1148

used, we cannot say for sure whether it is true or 1149

false”) is wrong. In reality, the relation is neu- 1150

tral because of the non-factive expression “It was 1151

reported”. 1152

Remarkably, in one case, the model does not 1153

arrive at the gold label, but seems to be - at least 1154

pragmatically - correct in its reasoning, and the 1155

CoT clearly makes sense: 1156

Premise: it’s worth noting that I don’t 1157

eat chicken skin. 1158

Hypothesis: I don’t eat chicken skin at 1159

any cost. 1160

Chain of thought: Step 1: Analyze Text 1161

1 The first text states that the person 1162

speaking does not eat chicken skin. This 1163

seems pretty clear and straightforward. 1164

Step 2: Analyze Text 2 The second 1165

text states that the person does not eat 1166

chicken skin at any cost. This seems to 1167

be an exaggerated statement compared 1168
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to the first text. The phrase “at any cost”1169

implies that the person is willing to go1170

to great lengths or make great sacrifices1171

to avoid eating chicken skin. This level1172

of emphasis is not present in Text 1, so1173

it’s possible that Text 2 is an exaggerated1174

version of the truth.1175

Step 3: Decide if Text 2 is true, false,1176

or neutral Based on the information we1177

have, we can’t definitively say whether1178

Text 2 is true or false. It’s possible that1179

the person speaking really does avoid1180

eating chicken skin at all costs, but it’s1181

also possible that they are exaggerating1182

and simply avoid it when possible. There-1183

fore, the answer is neutral.1184

Model’s prediction: Neutral.1185

Gold label: Entailment.1186

Finally, in the remaining cases both the chain of1187

thought and the resulting prediction are wrong. For1188

example:1189

Premise: The school’s deputy headmas-1190

ter, Howard Jones, told her to remove the1191

crucifix around her neck.1192

Hypothesis: The school’s deputy head-1193

master, Howard Jones, told her to do1194

something.1195

Chain of thought: 1. Text 1 states that1196

Howard Jones, the deputy headmaster of1197

the school, asked a student to remove her1198

crucifix.1199

2. Text 2 only confirms that Howard1200

Jones did tell the student to do something,1201

but it doesn’t specify what that something1202

was.1203

3. Therefore, Text 2 cannot be used to1204

determine whether or not Text 1 is true1205

or false.1206

4. However, it is important to note that1207

if Text 1 is true, and Howard Jones did1208

ask a student to remove their crucifix,1209

this would be a violation of the student’s1210

religious freedom and may constitute dis-1211

crimination.1212

Model’s prediction: Neutral.1213

Correct prediction: Entailment.1214

Here the model not only demonstrates misunder- 1215

standing of the task trying to determine the veracity 1216

of Text 1 based on Text 2, while clearly instructed 1217

to do the opposite, but also makes a moral judge- 1218

ment (see step 4) which is totally out of place in 1219

this task. 1220

Below we list some more observations regarding 1221

the analyzed reasoning chains: 1222

1. The embedding context (presupposition trig- 1223

gers or non-factives) are sometimes men- 1224

tioned in the chain of thought, but are never 1225

used as a basis for the final decision. (One 1226

consequence of this is that for the test sets 1227

with non-factives all the correct answers re- 1228

sult from wrong reasoning chains.) 1229

2. For premises with uncertainty adverbs, in 8 1230

out of the 10 analyzed cases the adverb is 1231

mentioned and its meaning explained, but only 1232

in 3 out of the 10 cases the adverb serves as a 1233

basis for the final answer. 1234

3. The model constantly misinterprets indefi- 1235

nite pronouns as referring to a specific entity. 1236

Hence the incorrect “neutral” labels for most 1237

cases of grammatically-specified entailment. 1238

For example ChatGPT decides that “Mary 1239

lent him money” does not entail “Someone 1240

lent him money” because “someone” in Text 1241

2 “could be referring to someone other than 1242

Mary”. (The correct answer is, of course, 1243

“entailment” because “someone” is a generic 1244

term encompassing any individual including 1245

Mary.) 1246

4. The model often gets confused about the 1247

monotonicity entailment directions (upward 1248

vs. downward), stating, for example, that “No 1249

alien ate pork” entails “No alien ate meat” 1250

since “pork is a type of meat”, but “Every 1251

alien used some quarters” does not entail 1252

“Every alien used some coins” because Text 1253

2 “does not specify which type of coins they 1254

used”. 1255

5. More generally, the model usually predicts en- 1256

tailment when Text 2 contains a more specific 1257

mention than Text 1 (which is, in fact, only 1258

correct for cases of downward entailment), 1259

and vice versa. 1260

6. The reasoning chains are mostly vague, exces- 1261

sively wordy, with unclear logical relations 1262
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correct CoT/correct label 23.6%
wrong CoT/correct label 23.6%
wrong CoT/wrong label 50.9%
correct CoT /wrong label 1.82%
CoT coherent and clear 16.4%
underlying LP mentioned in CoT 49.1%
correct understanding of the underlying LP reflected in CoT 23.6%
underlying LP explicitly used in prediction 14.5%
CoT demonstrates correct understanding of the task 81.8%
CoT reflects correct understanding of the input sentences 80.0%

Table 7: Manual CoT analysis results. LP stands for
"linguistic phenomena". Some numbers are approxi-
mate, since not all the cases are clear-cut, and some
reasoning chains are unclear and difficult to analyze.

between steps, which makes them hard to un-1263

derstand and analyse, and often contain obvi-1264

ous logical errors (e.g. “Text 2 is likely true,1265

as it directly contradicts the assumption made1266

in Text 1”).1267

7. The CoT can sometimes misrepresent the con-1268

tents of the input sentences. For example the1269

model claims that the text “I love something1270

outside the city” does not mention “love”.1271

8. Different chains of thought exhibit contra-1272

dictory logics. For example, one CoT says1273

“There is no contradiction between the two1274

texts... Therefore, Text 2 can be determined as1275

true”, while another reasoning chain states:1276

“Text 2 does not contradict Text 1, so it is1277

neutral.”1278

Quantitatively, the results of this analysis are repre-1279

sented in Table 7.1280

The analysis shows that zero-shot CoT prompt-1281

ing fails to improve ChatGPT’s performance on1282

the task because of various flaws in the generated1283

reasoning chains.1284
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