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Abstract

With many benchmarks becoming saturated,001
it has been paramount to create new datasets002
that evaluate the generalization capacity of cur-003
rent state-of-the-art models in reasoning. How-004
ever, designing new quality reasoning datasets005
is challenging, as their manual construction is006
costly, while their automatic generation is un-007
reliable or often leads to synthetic data with008
limited scope. In this paper, we propose the009
Minimal Expression-Replacement GEneraliza-010
tion (MERGE) test that evaluates the robustness011
of reasoning models against non-adversarial012
variants of existing evaluation datasets. We au-013
tomatically obtain high-quality variants from014
the original instances with Minimal Expression015
REplacement (MERE) generation that utilizes016
Masked Language Models (MLMs) and safe-017
guarding filters. We apply the MERGE test018
to Natural Language Inference (NLI), a pop-019
ular task of reasoning. We generate new NLI020
datasets from two existing common ones with021
the MERE generation and use them to evaluate022
multiple strong NLI models. The results indi-023
cate that both LLMs and fine-tuned NLI models024
generalize poorly: they struggle to consistently025
and correctly classify variants that differ only026
minimally from the original ones, both at the027
surface level and in terms of reasoning. Fur-028
ther, we also analyze how certain aspects in029
variant generation, such as the word class and030
the source MLMs, affect model performance.031

1 Introduction032

The challenge in the Natural Language Inference033

(NLI) task is to predict the inference relation be-034

tween premise p and hypothesis h. Models’ high035

performance on NLI test sets is usually due to the036

partial exploitation of heuristics learned from the037

training set (Gardner et al., 2020b; Hupkes et al.,038

2023; Dutt et al., 2024). Thus, when tested on039

out-of-distribution (OOD) datasets (Hupkes et al.,040

2023; Budnikov et al., 2025; Dutt et al., 2024; Hup-041

kes et al., 2023; Yang et al., 2023), where test items042
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p: A boy carries a small boy. 

p: A girl carries a small girl. 

h: There is a small girl.

p: A boy carries a small boy.

h: There is a small boy.

p: A man carries a small man.
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p: A girl carries a little girl.

h: There is a little girl.

p: A girl carries a happy girl.
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Figure 1: First, the MERE generation creates multiple
label-preserving variants from a seed problem. Then
MERGE evaluates a model on the seed based on its per-
formance on the variants. Unlike the standard sample-
based accuracy metric, MERGE uses a Seed-Variant (SV)
accuracy with a correctness threshold, counting the seed
correctly classified if its variants are likewise classified
correctly to at least the threshold degree.

differ from training ones in aspects that are not cru- 043

cial to solving the task itself, such as text genres 044

(Hupkes et al., 2023), models generalize poorly 045

(Nie et al., 2019b; Verma et al., 2023), unlike in tra- 046

ditional in-distribution test sets of SNLI (Bowman 047

et al., 2015) or MNLI (Williams et al., 2018). 048

OOD NLI datasets are usually challenging when 049

they don’t retain common reasoning heuristics, 050

such as (inverse) word overlap (Rajaee et al., 2022) 051

and hypothesis-only artifacts (Gururangan et al., 052

2018; Poliak et al., 2018; Tsuchiya, 2018) or con- 053

sist of adversarial problems that try to go against 054

the training data distribution by resembling certain 055

training samples but having different labels (Glock- 056

ner et al. (2018); Naik et al. (2018); Gardner et al. 057
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(2020a), among others). This prompts the question058

of whether a generalization challenge set can be059

designed that doesn’t deliberately break common060

heuristics or rely on adversarial strategies. The061

construction of such a dataset would open new di-062

rections for generalization evaluation and reveal063

new types of weaknesses in current models.064

We propose a method of automatically generat-065

ing evaluation datasets from existing ones by cre-066

ating variants of original ‘seed’ problems through067

Minimal Expression REplacements, referred to as068

the MERE generation. Figure 1 shows MERE in069

action for an NLI problem: to form variants of070

the seed problem (p, h), MLMs are used to sug-071

gest contextually probable replacements for the072

open-class words shared between p and h. The073

replacements are such that the obtained variants074

maintain the underlying reasoning of the seeds,075

as demonstrated in Figure 1. Moreover, the vari-076

ants also maintain the seed properties, such as the077

input/sentence length and the word overlap size,078

which can be exploited by models as heuristics.079

We evaluate NLI models on the generated vari-080

ants with respect to correctness and consistency.081

Specifically, we adopt the pattern-based accuracy082

metric from Abzianidze et al. (2023), hereafter083

called Seed-Variant accuracy, and evaluated multi-084

ple models on Minimal Expression-Replacement085

GEneralization, shortly MERGE. In a nutshell, a086

model is evaluated on seed problems based on the087

correctness and consistency it obtains on the corre-088

sponding variants, as shown in Figure 1.089

We aim to answer the following questions in the090

context of NLI: (i) How reliable is our methodol-091

ogy for automatically obtaining variants? (ii) How092

well NLI & LLM models generalize to minimal093

variants? (iii) To what extent do factors like the094

word class or the source MLM influence model095

performance?096

Our contributions are as follows:097

1. A fully automated methodology to create a098

friendly test set for generalization, applicable099

to many reasoning tasks.100

2. The results revealing the poor generalization101

of multiple models against minimal changes.102

3. The findings that verbs, followed by nouns103

and adjectives, are harder to generalize to and104

that a source MLM does not affect an NLI105

model’s performance.106

We review previous works in §2, present our107

methodology in §3, experiments in 4, and results108

in §5. The conclusions are in §6. 109

2 Related Work 110

Evaluations on NLI OOD datasets (or contrasts sets 111

in Li et al., 2020) suggest that models severely lack 112

generalization abilities, with 14–30% decreased 113

performance (Kaushik et al., 2020; Petrov, 2025; 114

Glockner et al., 2018, among others), and incon- 115

sistent predictions in 10–16% of variants (Verma 116

et al., 2023; Arakelyan et al., 2024). We review 117

these datasets here, along with several aspects, and 118

classify them in Table 1. 119

Modification Type Previous studies replaced 120

words, decomposed or paraphrased problems, or 121

used a combination of multiple operations for con- 122

structing variants, shown in Column Type. 123

Modification Procedure Alterations were made 124

automatically, manually, or by using a mix of au- 125

tomatic and manual methods, shown in Column 126

Procedure. 127

Validation Variants were validated by i) manual 128

validation – focused on a partial (HValp), a full set 129

of variants, or a combination of both (HValpf); (ii) 130

a mix of automatic and manual validation methods 131

(Mix.); or iii) not validated at all (N/A), shown in 132

Column Validation. 133

Meaning, Reasoning, Word Overlap and Syntax 134

The meaning (M), underlying reasoning (R), syntax 135

(s), or word overlap (WO) of p−h 1 were preserved 136

(Y), changed (N), or a mix (Mix.) of both, shown 137

in Columns M, R, S and WO. 138

Modified Unit The modifications can be applied 139

to the update2 (U ), p, h, both of them separately 140

(p/h) and together (p&h), shown under Column 141

Unit. 142

Evaluation Variant predictions are evaluated by 143

comparing them (i) individually — a) with the gold 144

label (V-G), b) the prediction of the original NLI 145

problem (V-O); (ii) as a group – a) with the pre- 146

diction on the original NLI problem (Vs-O), b) the 147

gold label (Vs-G), or c) with each other (Vs-Vs). 148

See column Evaluation. 149

Shortcomings of previous variant datasets Per- 150

formance drops in previous NLI variant datasets 151

cannot be attributed fully to poor generalization, as 152

1Note that word overlap preservation requires modifying
p&h at the same time.

2Some NLI datasets evaluate how new information, i.e.,
updates, might change the entailment label between p− h.
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Study Type Procedure Validation Unit M R S WO Evaluation Dataset
Li et al. (2020) Multiple Auto. HValp P Mix. Mix. N N Vs-G; Vs-O SNLI; MNLI
Glockner et al. (2018) Replace Auto. HValf H N Mix. Y N V-G SNLI
Verma et al. (2023) Paraphrase Auto. HValf P/H;

P&H
Y Y N N Vs-O Pascal RTE1-3 (Dagan et al.,

2005)
Srikanth et al. (2024) Paraphrase Mix. HValpf H; U Y Y N N Vs-Vs; Vs-G α-NLI (Bhagavatula et al.,

2019); δ-NLI (Rudinger et al.,
2020)

Arakelyan et al. (2024) Paraphrase Auto. HValp H Y Y N N V-O SNLI; MNLI; ANLI
Petrov (2025)* Multiple Auto. N/A H N N N N V-G SNLI
Kaushik et al. (2020) Multiple Man. HValf P ; H N N N N V-G SNLI
Srikanth and Rudinger
(2025)

Decompose Auto. Mix. H Y Y N N V-G; Vs-O SNLI; δ-NLI

MERGE Replace Auto. LMVal P&H N Y Y Y V-G; Vs-G SNLI

Table 1: OOD NLI datasets classified considering: the type of modifications deployed to obtain variants; the
automatic or manual procedure; whether they were validated and by whom; the unit modified; the preservation of
meaning, reasoning, syntax or word overlap of the original problem, and the datasets which were used to obtain
them. Section 2 details the meaning of each classified aspect. * in the Study column indicates the variants were
used for fine-tuning models. All studies use labels: entailment, contradiction, neutral.

they were constructed with non-syntax-preserving153

constructions that might be more challenging for154

models (Li et al., 2020), or changed lexical over-155

lap of p − h due to paraphrased or decomposed156

NLI problems. p − h word overlap preservation157

has been partially explored previously in Glockner158

et al. (2018), but their replacements were reasoning159

non-preserving and were favoring variants’ plau-160

sibility at the expense of lexical diversity. Other161

shortcomings of previous variants’ datasets con-162

cern their automatic generation, previously criti-163

cized for potentially (i) biasing variants in favor of164

models deployed (Li et al., 2020; Gardner et al.,165

2020b); and (ii) constructing implausible variants166

(Dutt et al., 2024). However, manual variant cre-167

ation is very time-consuming, and unlikely to be168

faster than the learning rate of new models, mak-169

ing a reliable automatic generation methodology170

necessary.171

MERGE In contrast, we propose a method that172

automatically creates plausible variants by replac-173

ing shared words of p− h with felicitous alterna-174

tives. Thus, the lexical overlap of p− h, their syn-175

tax, and underlying logical reasoning are preserved,176

while avoiding the implausibility of constructed177

variants, unlike in previous studies (Arakelyan178

et al., 2024; Srikanth et al., 2024; Verma et al.,179

2023). Additionally, in our method, lexical diver-180

sity is not fixed but can also be increased, for in-181

stance, by considering more replacements from182

more MLMs, unlike in previous list-restricted re-183

placement studies (Glockner et al., 2018).184

3 Methodology185

The MERE generation uses an original NLI problem186

⟨p, h, l⟩, labeled with l, as a seed to obtain variant187

label-preserving problems ⟨pi, hi, l⟩ from it. This 188

is done by replacing each open-class word o, shared 189

between p and h, with new replacement words. 190

The replacements for ⟨p, h⟩ are collected from a 191

set of MLMs M = {M1, . . . ,Mn}, starting at the 192

sentence level and extending to the problem level. 193

We define Rj(S, i
c
>), as a set of r replacements, 194

for a sentence S = (s1, . . . , sk), an MLM Mj , and 195

an open-class word o = si as: 196

(i) r is more probable than so under Mj , in the 197

masked context S[si/MASK], marked with >; 198

(ii) r doesn’t occur in S; 199

(iii) r and o are of the same word class in S at 200

position i, marked with c.3 201

With constraints (i) and (iii), r is expected to 202

be more felicitous than o in S and to preserve the 203

syntactic structure of S. Constraint (ii) avoids label 204

non-preserving changes, as substituting words like 205

‘boy’ with ‘poodle’ in a problem with p ‘two poo- 206

dles and a boy swim’ and h ‘only one boy swims’ 207

from entailment to contradiction.4 208

The replacement set from Mj for a word o, with 209

multiple occurrences in S, is defined as: 210

Rj(S, o
c
>) =

⋂
o=si

Rj(S, i
c
>)

When considering a set of MLMs M, we define 211

their replacements set for a word o in S as: 212

RM(S, oc>) =
⋃

Mj∈M
Rj(S, o

c
>)

where replacements are validated by the same 213

MLM at each occurrence position of o in S. 214

3The possible word classes are nouns, verbs, adjectives, or
adverbs; note that if si is not part of the Mj vocabulary, the
set of replacements will be empty.

4With having (ii), variants with incorrect inference labels
remain possible, although improbable, e.g., the replacement
‘dog’ results in an incorrect label.
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h: The boy is small.

E

E

Mask shared words (o)

M
LM

s suggestions  (v)

v₁: [boy,
child, man,
student, …]

POS
PROB

Unite replacements per o from several MLMs

Intersect replacements
for p and h per o

v1∩2: [boy, sibling, running, …]

p: A [girl] carries a small [girl] .o2 o2

h: There is a small [girl].

p: A boy carries a small boy. 

Create variants

h: There is a small [girl].

&  if multiple occurrences,
intersect their replacements p: A small [girl] carries a [girl] .v₁ v2

p: A [girl] carries a small
[girl].
 

p: A small [girl] carries a [giv₁ 

Intersect r
for p and

h per o
p: A [girl] carries a small [girl] .o₁ o2

o₁: [boy, child,
man, student,

…]

o₂: [letter,
basket, child,

…]

o₁: [boy,
horse, father,

mother, …]

o₂: [tray, boy,
horse, ball, …]

o: [boy, child,
...]

v₂: [letter,
basket, child,

girl, …]

o: [boy, tree,
house, …]

o: [student,
boy, tree,
house, ...]

o: [boy,
horse, ...]

o: [boy, ...] o: [boy, tree,
house, …]

Figure 2: Generating NLI problem variants with MLMs.
Checkmarks for POS and PROB indicate that the shown
replacements have already been excluded if they had
different classes or lower probability than o, or were
already part of the problem (‘girl’).

Finally, for a sentence pair ⟨p, h⟩ and o ∈ p ∩ h,215

we define a set of replacements from M as:216

RM(⟨p, h⟩, wc
>) =

⋂
S∈{p,h}

RM(S, oc>) (1)217

and the variants ⟨pij , hij , l⟩ of ⟨p, h, l⟩ are ob-218

tained by replacing the original shared words219

oi ∈ p ∩ h with corresponding replacements220

rij ∈ RM(⟨p, h⟩, oci>):221

pij = p[oi/rij ], hij = h[oi/rij ]

We will use Rd=m to denote a subset of size m222

of the replacement set R. We call d a degree of223

inflation. If there are k words shared between p and224

h, and for each word we have a set of replacements225

with the inflation degree of d, then the total number226

of generated variants will be k × d.227

4 Experimental Setup228

We will now describe the various experimental229

choices made in building our variant dataset.230

Replacement generation We used seed prob-231

lems from SNLI test, and MNLI dev-m/-mm, the232

largest available NLI datasets, which shared nouns,233

verbs, adverbs, and adjectives across p − h, for234

generating 200 replacements r with BERT (Devlin235

et al., 2019), RoBERTa (Liu et al., 2019), ALBERT236

(Lan et al., 2019), Electra (Clark et al., 2020), and237

BART (Lewis et al., 2019). Most model sizes were 238

base and large, except for ALBERT (base and xxl), 239

see Appendix Table 4 for a full description. 240

Quality filtering Replacements were kept if they 241

were: i) same class as o, excluding subwords and 242

punctuation as well; ii) higher probability than o, 243

iii) different from words already in p − h, o in- 244

cluded; iv) validated by at least one MLM. Most 245

filtering occurred due to (ii), with only 10–30% re- 246

placements having equal or higher probability than 247

o, see Appendix Table 5. Problems with fewer than 248

205 replacements across all o1 after filtering were 249

also excluded, each eligible seed problem finally 250

yielding at least 20 potential variants. 251

Manual Quality Validation Variants were then 252

annotated considering their F) replacement’s 253

fluency; and R) preservation of the original 254

inference by two (for SNLI), and one author (for 255

MNLI) which assigned a score from 1–5 (1–poor; 256

5–good) for F, and R with good variants with F+ R 257

≥ 9. Note that we imposed strict annotation guide- 258

lines, since any ungrammaticalities potentially af- 259

fecting R were penalized, regardless of whether 260

the original sentence was ungrammatical, and as 261

replacements improving variants received no ad- 262

ditional positive scores. See the full validation 263

guidelines in Appendix subsection A.3, alongside 264

other specific details such as annotator agreement, 265

or diversity of replacements. 266

The validation process had two stages. First, 267

we did a fine-grained manual validation of the re- 268

placements of 100 random sampled problems per 269

open-class6 and dataset. Based on the distribu- 270

tion of good and bad examples and their source 271

models shown in the Appendix Figure 9, BART 272

replacements were excluded given their higher con- 273

tribution to bad variants. Second, we annotated 100 274

cross-class problems per dataset to check the effi- 275

ciency of the first stage. The final check revealed 276

that all variants for MNLI-m, 98% for MNLI-mm, 277

and 91% for SNLI had a good F+R score, plotted 278

in Figure 10 of the Appendix. 279

Final Variant Dataset For each dataset, we ran- 280

domly sampled 10 times only 20 variants per class 281

per seed problem, forming the Var dataset. The re- 282

peated subsampling and maximum limit of variants 283

5More interpretable, e.g. 95% correct variants of 20 is 19
vs. 9.5 out of 10).

6We eventually only replaced nouns, verbs, and adjectives,
as few seed problems shared adverbs between p− h.
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Dataset Class Seed N (%) C (%) E(%) Uni

SNLI NVar 1808 29 20 50 67
VVar 506 30 18 50 66
AVar 259 32 22 44 63
Var 2222 30 20 49 77

MNLI-m NVar 3058 25 31 43 86
VVar 648 22 27 50 69
AVar 703 26 23 49 72
Var 3663 25 30 44 95

MNLI-mm NVar 3452 25 31 43 89
VVar 683 21 27 51 68
AVar 779 23 28 48 73
Var 4016 24 30 45 103

Table 2: Number of eligible seed problems per class
and dataset for variant generation after filtering, along-
side their label percentages (Neutral, Contradiction and
Entailment), and the number of Unique variants across
all 10 random subsamples. Seeds with multiple replaced
words of different classes, like the noun ‘girl’ and adjec-
tive ‘small’ in Figure 2, are counted only once, resulting
in non-summative total seed counts.

per seed prevent the final dataset from being over-284

populated with the variants of very productive seed285

problems and from having randomization artifacts.286

Table 2 shows the seeds of each Var, alongside their287

label distributions.288

Evaluation Metrics We evaluate models with289

two metrics: their standard accuracy on individ-290

ual seed problems, called seed accuracy (S), and291

their Seed-Variant accuracy (SV), adapted from292

Abzianidze et al. (2023). Under SV, a problem is293

considered correctly labeled only if a minimum294

correctness threshold (CT) of its variants are also295

correctly labeled, see Figure 1. In the experiments,296

we report SV with CT that is averaged across the 10297

subsamples of Var. If models generalize well, their298

SV-acc scores should not substantially fall behind299

their S-acc. To quantify this, we define the match-300

ing correctness threshold (MC): the CT required301

for models to match S scores on SV.302

Models We evaluated several NLI fine-tuned303

models: BERT, RoBERTa, DeBERTa (He et al.,304

2021), BART, ALBERT, Electra, XLNet (Yang305

et al., 2019), OPT (Zhang et al., 2022), and GPT-2306

(Radford et al., 2019), fine-tuned on SNLI, MNLI,307

or a combination of SNLI, MNLI, FEVER Nie308

et al. (2019a), and ANLI–SMFA; and two LLMs:309

Gemma-2-9b (Team, 2024), and Llama-3.1-8B310

(Dubey et al., 2024), to observe how NLI fine-311

tuning affects performance. Full references to the312

models are in Appendix Table 7.313

Evaluation of LLMs For each dataset, LLMs 314

models were evaluated on a subset of 500 randomly 315

chosen seed problems and their variants, which we 316

ensured were preserving the overall Seed distribu- 317

tion and similarity in S scores to the overall dataset. 318

NLI is also formulated as a multiple-choice task 319

where the logit values of the models are used to 320

predict their choice, following the prompting strat- 321

egy from Madaan et al. (2024). Since five exam- 322

ples were shown to be sufficient for near-maximal 323

performance in the aforementioned study, we eval- 324

uated models using six examples exclusively sam- 325

pled from the same datasets as those of the variants 326

(SNLI-dev or MNLI-train), or with a 3+3 mix from 327

both datasets. Additional details about seed sub- 328

sampling, prompting, including the few-shot exam- 329

ples, are shown in subsection A.4 of the Appendix. 330

5 Results 331

5.1 Do models generalize to variants? 332

Figure 3 shows results of the two best and one worst 333

model from each training category (SNLI, MNLI, 334

SMFA, or pre-trained models). These are selected 335

by their averaged S test scores for SNLI and MNLI, 336

while the results of all models are shown in Ap- 337

pendix Figure 16. Figure 3 highlights that S scores 338

of SNLI-Test (blue bars) and SNLI-Seed problems 339

(orange bars) are similar, with lower test than seed 340

scores in the case of MNLI-m/-mm. Note that S 341

Test and Seed scores for pre-trained models are 342

generally lower than those of all NLI models by 343

even 20%, as also shown previously by (Madaan 344

et al., 2025). We compared the drawn seed prob- 345

lems with the test set and 100 random subsamples 346

of test problems matched in size with each seed 347

dataset. On average across models, ≈55% of ran- 348

dom SNLI subsamples had higher S-acc scores than 349

SNLI seeds. Contrastively, no MNLI-m, or only 350

0.1% MNLI-mm random subsamples did, indicat- 351

ing MNLI seed problems are consistently easier 352

than MNLI test problems.7. 353

S scores on variants (green bars) are close to 354

the S seed scores in Figure 3, suggesting models 355

generalize well when we consider variants individu- 356

ally. However, the results show poor generalization 357

when correctness and consistency across variants 358

are enforced with SV-acc. Figure 5 shows that 359

most models match their S-acc scores when the SV 360

7Consequently, MNLI seeds subsampled for pre-trained
models are also easier, given they were sampled to match the
main seed dataset distribution
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Training Model SNLI MNLI-m MNLI-mm

BERT-L

DeBERTa-v3-B

DeBERTa-v3-L

BERT-B

RoBERTa-L

BART-L

Electra-L

RoBERTa-L

ALBERT-XXL

Gemma-2-9b

Llama-3.1-8B

SNLI

MNLI

SMFA

Exc-shot

Test Seed Var

87.2 73.5 72.8

92.1 85.1 85.3

91.9 85.9 86.1

82.1 86.2 86.9

87.8 91.6 91.9

90.0 91.1 91.5

90.6 88.3 87.6

91.4 91.3 91.2

92.2 91.2 91.3

77.8 77.4 76.4

75.6 72.2 66.0

20 30 40 50 60 70 80 90 20 30 40 50 60 70 80 90 20 30 40 50 60 70 80 90

Figure 3: Results of the two best and the worst models trained either on SNLI, MNLI, SMFA, or prompted with
examples exclusively chosen from SNLI-dev (for SNLI-var) or MNLI-train (for MNLI-m/-mm). Test scores are S
scores on test problems, while Seed and Var are S scores on seed and variants.

threshold is set to at most ≈50%. Thus, generaliza-361

tion over only half of the variants per seed should362

be satisfactory to maintain the initial performance,363

with better generalization on SNLI than MNLI vari-364

ants. Beyond the ≈60% threshold, performance365

drops across models and datasets, especially in366

higher thresholds, as further illustrated in Figure 4,367

with a particularly steep decline for pre-trained368

LLMs. Overall, Gemma-2-9b-exc is the model that369

generalizes best across variants from both SNLI370

and MNLI, i.e. ≈60%, though still showing a dras-371

tic drop in generalization, with DeBERTa-v3-B-S372

having the highest MC, i.e., 61% on SNLI.373

Overall, our results are in line with previous stud-374

ies that showed models fail to generalize to variant375

datasets (Verma et al., 2023; Arakelyan et al., 2024;376

Glockner et al., 2018, etc), with our work addition-377

ally demonstrating this on easier datasets8 where378

correctness and consistency are equally enforced.379

Our SV scores especially show how considering380

variants per seed might reveal shortcomings in gen-381

eralization, while individual S scores blur this ef-382

fect by displaying high values, due to the models383

compensating failed variants with almost perfect384

predictions on variants of easy seeds.385

8We evaluated the hypothesis-only baselines on the gen-
erated variants for SNLI and MNLI and observed that the
hypothesis-heuristics are still substantially present in the vari-
ants, with 57% and 51%, respectively, in contrast to 33% of a
random baseline.

5.2 Which classes are more difficult to 386

generalize? 387

To investigate whether replacing nouns, verbs, or 388

adjectives affects models’ performance, we com- 389

pared the scores of variants grouped by the open- 390

class category that was replaced to form them. To 391

directly compare how replacing one of the classes 392

in a problem affects the scores of models, we only 393

used seed problems that share at least two of the 394

three open-classes. With such problems, like ‘A girl 395

carries a small girl’, we can directly compare the 396

effect of replacing the noun or adjective, while also 397

controlling for the possible interfering effect of the 398

dataset size of variants, given that seed problems 399

are not balanced across open-classes, as shown in 400

Table 2. 401

We show the model with the highest averaged 402

S scores for SNLI and MNLI Test in Figure 6. In 403

the legend, the larger acronym shows which class 404

was replaced to form variants when the seed shared 405

both classes in the acronyms. Across datasets, ad- 406

jectives are easier than verbs on higher thresholds 407

(in green lines), though they had similar scores in 408

lower thresholds. In lower CT, verbs are easier than 409

nouns in MNLI-m and SNLI, and more difficult 410

than them in MNLI-mm (red lines). In high CT, 411

verbs are more difficult than nouns across datasets. 412

Lastly, adjectives are easier than nouns in high CT, 413

with similar scores in low ones, as shown by the 414

blue lines. 415
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that the few-shot prompts for the models were exclusively from SNLI-dev (for SNLI-var), or MNLI-train (for
MNLI-m/-mm var).

5.3 Do source MLMs affect generalization?416

We further looked into the scores of NLI mod-417

els that had a MLM counterpart, e.g. BERT,418

RoBERTA, Electra and ALBERT models, to ob-419

serve whether they generalize better on variants420

generated by their corresponding MLM, as previ-421

ously it was suggested that using models for data422

generation might bias the data (Li et al., 2020; Gard-423

ner et al., 2020b).424

We plot the SV curves of the best performing425

model in Figure 7, where dataset acronyms stand426

for variants formed with replacements from the427

same MLM similar in size (Equiv), a MLM sim-428

ilar to the NLI model but of different size (Size),429

e.g. BERT-B-S evaluated on BERT-L-generated430

variants; more than one MLMs, potentially includ-431

ing the evaluated model (Multi), or a single model432

of a different architecture (One)9. To ensure that433

we isolate the effect of the origin from the imbal-434

anced seed problems across origins (see Appendix435

Table 10 for statistics), we considered only seed436

problems with variants across all four categories.437

While scores are consitently high on Equiv vari-438

ants (green lines) across datasets, the overall scores439

of other datasets suggest origin does not influence440

9Note that the same variants, e.g. from BERT-B, can be
the equivalent size variants for BERT-B-S, and of different
size for BERT-L-S.

model predictions. If it did, we would expect Size 441

(orange lines) to always have the second-highest 442

scores across datasets, which is contradicted by its 443

highest scores for SNLI and MNLI-m. Similarly, 444

we would expect One variants (black line) to have 445

the lowest scores, followed by Multi (blue line), 446

since the latter includes replacements suggested 447

by the evaluated model which could favor perfor- 448

mance. However, the graphs show that Multi has 449

the lowest scores in higher CT. 450

5.4 What the hard NLI problems look like 451

We analyzed how successfully, on average, the 452

models classified the original seed problems for all 453

three datasets. We found 0.7% SNLI (16), 0.05% 454

MNLI-m (2) and 0.29% MNLI-mm (12) problems 455

were incorrectly classified by all NLI models10, 456

with 66% problems across datasets having high la- 457

bel variation (see the problems in Table 11), adding 458

evidence to the well-known issue of annotation 459

variation in NLI (Pavlick and Kwiatkowski, 2019; 460

Weber-Genzel et al., 2024), and bigger model error 461

on such problems (Madaan et al., 2025). Models 462

are also better on seed problems initially correctly 463

classified, as also shown by Ohmer et al. (2024), i.e. 464

97% of their variants are correctly classified, com- 465

10These problems were not part of the sub-sample for in-
context models.
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last acronym in model names indicates the dataset they
were fine-tuned on, or the prompting used.

pared to ≈ 80% for incorrect seeds. Occasionally,466

models correctly predicted variants of incorrect467

seeds (avg. across models of SNLI=98, MNLI-468

m=207, and MNLI-mm=210).469

6 Conclusions470

We introduced MERE, a methodology for generat-471

ing minimal generalization variants of NLI prob-472

lems automatically, while preserving their reason-473

ing and word overlap. Its strength lies in minimal,474

controlled replacements with quality filters for flu-475

ency and consistency, with MERGE testing models476

under the simplest generalization conditions.477

We show that models, across sizes and architec-478

tures, fail to generalize to more than around half of479

the variants of two datasets. More specifically, sur-480

passing the ≈50% CT yields lower scores across481

models than their original seed-obtained scores.482

Our results also indicate that verbs are more diffi-483

cult to generalize to, followed by nouns and adjec-484

tives, and that replacements from different MLMs485

do not influence models’ scores, indicating a steady486

loss in generalizability sources for replacements.487

Although MERGE is currently applied to NLI,488

we plan to extend this test to other NLU tasks (e.g.489

reading comprehension) in the future.490

85

90

95

SNLI

90

95

MNLI-m

0 20 40 60 80 100
Correctness threshold (%)

90

95

MNLI-mm

Se
ed

-V
ar

 a
cc

ur
ac

y 
(%

)
NV

VN

AdjN
NAdj

VAdj

AdjV

Figure 6: SV curves of ALBERT-XXL on seed prob-
lems sharing at least two out of the three open-class
words for SNLI (NV=202; NAdj=130; VAdj=46);
MNLI-m (NV=422; NAdj=312; VA=62); and MNLI-
mm (NV=516; NAdj=360; VAdj=88). The first
acronym shows which class was replaced to form vari-
ants.
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grouped by their origin MLM.
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Limitations491

When it comes to our methodology, we do not re-492

place words that are tokenized into subwords, as493

aggregating their probabilities could introduce arti-494

facts, a limitation that could be explored in future495

inquiries. Additionally, when original words have496

several occurrences in the problem, we mask only497

one instance at a time, leaving the other unmasked,498

which could bias the replacements of models. How-499

ever, problems with such cases are a small propor-500

tion of the seed datasets (SNLI=≈2%, MNLI-m=501

≈6%, and MNLI-mm=≈9%). Another method-502

ological limitation is that we do not replace mor-503

phological derivations of original words to avoid in-504

correctly replacing them when part of nominal com-505

pounds. However, this can result in low-fluency506

variants. For example, not replacing sleep from507

‘sleeping’ in the hypothesis ‘She sleeps, and she508

will be forever sleeping’, could result in implau-509

sible variants such as ‘She runs, and she will be510

forever sleeping’. Such cases are rare in the seed511

datasets as well (SNLI=≈5%; MNLI-m=≈7%, and512

MNLI-mm=≈6%). Lastly, another potential limi-513

tation could be that larger pre-trained models could514

be added to the analysis.515
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A Appendix 774

A.1 Variant Creation 775

Dataset R PS N C E

SNLI-dev

N 7363 33 29 38
V 3780 32 28 40
Adj 1067 34 24 42
Adv 76 26 13 61

MNLI-m
N 5,979 29 31 40
V 4,438 27 32 41
Adj 1,923 26 25 48

MNLI-mm
N 6,640 29 31 40
V 4,614 27 32 42
Adj 2,197 26 28 47

Table 3: Number and the neutral, contradiction, and
entailment labels of potential seed problems of SNLI-
test and MNLI-m/mm-dev sharing at least one replace-
ment class, i.e. at least one noun, verb, adjective, or
adverb. Note that adverbs were excluded due to their
low count in SNLI, and therefore were not computed
for MNLI.

MLMs The used MLMs for replacement genera- 776

tion are shown Table 4. Besides the aforementioned 777

models, DeBERTa was considered as an option, 778

but its replacements were too noisy for inclusion. 779

From the models shown in the aforementioned ta- 780

ble, BART was excluded, given its bigger contribu- 781

tion to bad variants in SNLI, as shown in Figure 9, 782

read subsection A.3 for more details about the ex- 783

clusion itself. For MNLI replacements, BART was 784

not considered by default to not create plausability 785

differences across variants of different datasets/ 786

Class & Probability Filtering We tagged re- 787

placements r in the context of their corresponding 788

problems using the spaCy model en_core_web_sm, 789

and excluded those whose classes differed from 790

the original word o. We also stored the probabil- 791

ity of each r of o in p or h from the MLM that 792

suggested it, and we excluded those of lower prob- 793

ability than the original replaced word. MERE 794

validates variants by assuming that replacements 795

11

https://doi.org/10.18653/v1/2020.findings-emnlp.418
https://doi.org/10.1162/tacl_a_00692
https://doi.org/10.1162/tacl_a_00692
https://doi.org/10.1162/tacl_a_00692
https://arxiv.org/abs/2502.08080
https://arxiv.org/abs/2502.08080
https://arxiv.org/abs/2502.08080
https://arxiv.org/abs/2502.08080
https://arxiv.org/abs/2502.08080
https://doi.org/10.34740/KAGGLE/M/3301
https://aclanthology.org/L18-1239/
https://aclanthology.org/L18-1239/
https://aclanthology.org/L18-1239/
https://aclanthology.org/L18-1239/
https://aclanthology.org/L18-1239/
https://doi.org/10.18653/v1/2023.acl-short.76
https://doi.org/10.18653/v1/2023.acl-short.76
https://doi.org/10.18653/v1/2023.acl-short.76
https://doi.org/10.18653/v1/2023.acl-short.76
https://doi.org/10.18653/v1/2023.acl-short.76
https://doi.org/10.18653/v1/2024.acl-long.123
https://doi.org/10.18653/v1/2024.acl-long.123
https://doi.org/10.18653/v1/2024.acl-long.123
https://doi.org/10.18653/v1/2024.acl-long.123
https://doi.org/10.18653/v1/2024.acl-long.123
https://doi.org/10.18653/v1/N18-1101
https://doi.org/10.18653/v1/N18-1101
https://doi.org/10.18653/v1/N18-1101
https://doi.org/10.18653/v1/2023.emnlp-main.276
https://doi.org/10.18653/v1/2023.emnlp-main.276
https://doi.org/10.18653/v1/2023.emnlp-main.276
https://arxiv.org/abs/1906.08237
https://arxiv.org/abs/1906.08237
https://arxiv.org/abs/1906.08237
https://arxiv.org/abs/2205.01068
https://arxiv.org/abs/2205.01068
https://arxiv.org/abs/2205.01068


Model Size Architecture Vocabulary

BERT (Devlin et al., 2018) B E 28,996
google-bert/bert-base-cased

BERT (Devlin et al., 2018) L E 28,996
google-bert/bert-large-cased

RoBERTa (Liu et al., 2019) B E 50,265
FacebookAI/roberta-base

RoBERTa (Liu et al., 2019) L E 50,265
FacebookAI/roberta-large

BART (Lewis et al., 2019) B E-D 50,265
facebook/bart-base

BART (Lewis et al., 2019) L E-D 50,265
facebook/bart-large

ALBERT (Lan et al., 2019) B E 30,000
albert/albert-base-v2

ALBERT (Lan et al., 2019) XXL E 30,000
albert/albert-xxlarge-v2

ELECTRA (Clark et al., 2020) B E 30,522
google/electra-base-generator

ELECTRA (Clark et al., 2020) L E 30,522
google/electra-large-generator

Table 4: Overview of MLMs used for replacement gen-
eration. The columns show the Size – Base, Large,
or XXLarge; Architecture: Encoder, Decorder or
Encoder-Decoder, or the vocabulary size of the models.

as likely as the o are less likely to be semantically796

implausible. Original words oi that were not part797

of the model’s vocabulary were also automatically798

excluded. Note that both probability and class filter-799

ing are important, as highly probable replacements800

might not have the correct class and vice versa. Ta-801

ble 5 shows the percentages of replacements with802

higher probability than o under Column Prob. ▽,803

and the average of correct replacements after ex-804

cluding different classes in POS. ▽.805

A.2 Which filtering criteria matter?806

To test if different filtering criteria for rij affect NLI807

models trained on SNLI and SMFA, we selected808

new variants for the seed problems of SNLI Var809

(ALLVar) forming datasets with: i) rij of the union810

of p− h, instead of their intersection in Equation 1811

– p∪h; ii) rij only having oc – POS; iii) rij only hav-

80.0 82.5 85.0 87.5 90.0 92.5 95.0 97.5 100.0
MinCorrVar (%)

0.70

0.75

0.80

0.85

0.90

0.95

Va
ria

nt
 a

cc
ur

ac
y

Variant accuracy  on datasets formed 
 with different quality filtering criteria.

Dataset Type
ALL_Var
P H
POS

Prob
Scr
None

Figure 8: Averaged SV curves of all models on SNLI
datasets formed with rij having any class or probability
– None, being scrambled – Scr, with higher probability
than the original word – Prob, with the same class – Pos,
suggested in either p and h – p∪h, and ALLVar.

812

ing oi> – Prob; iv) rij of any class or probability – 813

None; v) rij with their letters randomly scrambled 814

– Scr. Except for Scr, the datasets are more diverse 815

given the less strict filtering, while still excluding 816

punctuation signs and vij already part of P&H . We 817

plot the averaged SV scores of all models in Fig- 818

ure 8, highest performance being achieved on Scr, 819

followed by Var, Prob, Pos, None, and P∪H . While 820

Scr starts as the lowest curve (in green), it ends up 821

as the one with the highest scores on very high 822

thresholds. The other variant datasets seem to fol- 823

low a constant downward trend where the more 824

variants are considered, the lower the scores get. 825

Out of these, P∪H , Pos, and None have the lowest 826

scores, which might be caused by the higher num- 827

ber of unique variants11 per dataset, which enlarges 828

its overall lexical diversity. Thus, the number of 829

variants seems more important than controlling for 830

factors such as probability, or plausibility. 831

A.3 Annotation 832

Two authors annotated variants for SNLI, and one 833

for MNLI. Replacements were evaluated consid- 834

ering how much they changed the fluency and the 835

original logical label of the NLI problems, which 836

were considered to be correct. The scores used 837

were: 1 – poor, 2– mostly poor, 3– uncertain, 4– 838

mostly good, 5–good. Table 9 shows the annota- 839

tion guidelines, alongside an explanation for them. 840

Variants were classified as poor if they were: 1) 841

ungrammatical; 2) had missing arguments; 3) non- 842

sense; or 4) logic non-preserving. Aspects 1) and 843

2) were chosen given that they directly hinder the 844

evaluation of fluency and reasoning. 845

The instructions in the annotation guidelines are 846

provided below with the demo examples in Table 9: 847

The NLI problems are assessed on the flu- 848
ency (grammaticality and sensibility) and reason- 849
ing. The reasoning component focuses on the 850
relation between the meaning of p and h rather 851
than their fluency. However, poor fluency can 852
negatively affect the reasoning part. For example, 853
"Colorless green ideas sleep furiously" entailing 854
"Green thoughts is angrily sleeping" should be 855
assessed with fluency 1 and reasoning 5, in short 856
F1-R5. 857

The original SNLI problems could suffer 858
from fluency and reasoning; however, the ob- 859
tained NLI problem variants should be assessed 860
with respect to the original NLI problems. Anno- 861
tation should assess the fluency and reasoning of 862
the variants while assuming that the fluency and 863
reasoning of the original NLI problems are fine. 864
That’s why variant NLI problems are provided 865

11All three datasets have around ≈ 380k unique variants
each, while each of the others have ≈ 190k.
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SNLI MNLI-m MNLI-mm

POS ▽ Prob. ▽ POS ▽ Prob. ▽ POS ▽ Prob. ▽
Model Class

ALBERT-B A 52 17 53 34 55 33
N 93 18 88 34 89 32
V 72 12 75 11 74 11

ALBERT-XXL A 52 18 54 22 56 22
N 94 20 90 23 90 21
V 76 13 76 8 75 7

BART-B A 36 15 37 28 38 27
N 78 14 73 28 73 27
V 63 12 58 11 58 11

BART-L A 35 16 34 27 34 28
N 75 16 72 26 72 26
V 63 13 59 11 60 10

BERT-B A 52 10 53 19 56 18
N 91 13 86 22 87 21
V 72 9 73 7 72 6

BERT-L A 53 8 53 15 56 16
N 91 11 86 18 88 18
V 71 7 73 6 72 5

Electra-B A 52 14 53 22 54 22
N 90 16 86 26 86 25
V 72 12 71 8 70 8

Electra-L A 52 12 53 20 55 19
N 90 14 86 22 87 21
V 74 11 71 7 70 6

RoBERTa-B A 49 9 53 18 54 17
N 92 10 88 19 89 19
V 68 7 71 6 71 6

RoBERTa-L A 50 8 53 15 55 14
N 92 8 88 16 89 16
V 68 6 71 5 71 5

Table 5: Average percentages of replacements per datasets with the same class (Pos ▽) and equal or higher
probability than the original replaced word (Prob ▽) out of 200 replacements, for both the Premise and Hypothesis

.

with the origin word that helps to reconstruct the866
original SNLI problem.867

Below are several examples to demonstrate868
different combinations of fluency and reasoning.869
The scale 1-5 should be interpreted as: poor,870
mostly poor, uncertain, mostly good, good.871

The Cohen’s kappa for annotators was 80% for872

nouns, 77% for adjectives, and 89% for verb-873

formed variants. In SNLI, only a few (5%) variants874

received scores lower than 3 on R, due to a lack875

of label preservation or ungrammaticalities. After876

annotation, BART replacements were excluded as877

they contributed more to bad variants, as shown878

in Figure 9, resulting in a minor reduction of 318879

SNLI seed problems. Other models were not ex-880

cluded as a confusion matrix, shown in Figure 11,881

indicated there were more unique than overlapping882

replacements across models, with BERT and Elec-883

tra models showing nearly equal proportions of884

both. Replacements for MNLI variants already ex-885

cluded BART ones, and the annotation for both886

MNLI-m and MNLI-mm, i.e. 100 problems for887

each open-class category, had all problems with888

good R scores, and only one problem with a lower889

fluency score, indicating the aforementioned exclu-890

sion of the model was sufficient in overall creating891

plausible variants.

F+R averaged scores for SNLI variants

formed by replacing nouns, verbs & adjectives
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Figure 9: Averaged Fluency and Reasoning scores
for the normalized counts of 100 random SNLI vari-
ants for nouns, verbs, and adjectives. The red lines
show bar plots weighted considering the distribution of
open classes of SNLI seed problems (N=67%, V=23%,
ADJ=10%). Good variants have a score of F +R ≥ 9.

892

A.4 Evaluated models 893

Evaluated Models The models we evaluated 894

alongside with their model cards are in Table 7. 895
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F+R scores across classes for SNLI variants.
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91 out of the 100 examples evaluated had F +R ≥ 9.
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the averaged number of model-specific replacements
on the diagonal. For instance, a replacement like ‘bear’
counts on the diagonal if unique to one model, or in the
other cells if shared between models.

A.4.1 Pre-trained models 896

Seed problems From each dataset, we randomly 897

selected 100 random 500 seed problems and com- 898

pared models’ NLI S scores on them. Model scores 899

on subselected seeds varied around 3% from their 900

scores on the bigger seed datasets, indicating that 901

random subsampling preserves original seed dis- 902

tribution. From these sub-samples, we selected a 903

random sample from each dataset to test pre-trained 904

models on. 905

Instructing and evaluation We ob- 906

tained logits for google/gemma-2-9b and 907

meta-llama/Llama-3.1-8B with: temperature=0, 908

max. no. of tokens=20, torch dtype=torch.bfloat16, 909

and attention = sdpa. The prompt structure is 910

shown in Table 6, while the few-shot examples 911

per dataset appear in Table 8. Note that the 912

few-shot examples are balanced across labels 913

and of 2 types, i.e. randomly drawn once only 914

from the variants’ source dataset, or a mix from 915

both datasets. With our evaluation method, we 916

replicated the scores of Madaan et al. (2025) of 917

Llama-3.1-8B on SNLI dev twice: with the current 918

batch of exclusively SNLI-dev shots from Table 8, 919

and 6 other randomly chosen ones. In both cases, 920

our scores were around 74-76% accuracy, which is 921

slightly higher than their reported 70% for 5-shot 922

examples. Finally, for our variant evaluation, both 923

models were only evaluated once over the set 924

of unique variants to halve computing time. We 925

investigated whether running Llama directly on the 926

whole variant dataset, which contains duplicates, 927

changes its prediction, and found that they do so in 928

0.1% of the cases. 929

Prompt Template

{% for x in few_shot -%}
Premise: {{ x["premise"] }}
Hypothesis: {{ x["hypothesis"] }}
A. Entailment
B. Neutral
C. Contradiction
Answer: {{ x["answer"] }}

{% endfor -%}
Premise: {{ premise }}
Hypothesis: {{ hypothesis }}
A. Entailment
B. Neutral
C. Contradiction
Answer: {{ choice_text, e.g. A }}

Table 6: Prompt template used for pre-trained model
evaluation from Madaan et al. (2025).
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Model Model Card

SNLI-only models
BART-B-S varun-v-rao/bart-base-snli-

model1
BERT-B-S textattack/bert-base-

uncased-snli
BERT-L-S varun-v-rao/bert-large-

cased-lora-1.58M-snli
DeBERTa-v3-B-S pepa/deberta-v3-base-snli
DeBERTa-v3-L-S pepa/deberta-v3-large-snli
GPT-2-L-S varun-v-rao/gpt2-large-snli-

model3
OPT-1-3b-S utahnlp/snli_facebook_opt-

1.3b_seed-3
RoBERTa-B-S pepa/roberta-base-snli

SMFA models
ALBERT-XXL-SMFA ynie/albert-xxlarge-v2-

snli_mnli_fever_anli_R1_R2_R3-
nli

BART-L-SMFA ynie/bart-large-
snli_mnli_fever_anli_R1_R2_R3-
nli

Electra-L-SMFA ynie/electra-large-
discriminator-
snli_mnli_fever_anli_R1_R2_R3-
nli

RoBERTa-L-SMFA ynie/roberta-large-
snli_mnli_fever_anli_R1_R2_R3-
nli

XLNet-L-SMFA ynie/xlnet-large-cased-
snli_mnli_fever_anli_R1_R2_R3-
nli

MNLI-only models
BERT-B-M textattack/bert-base-

uncased-mnli
RoBERTa-B-M roberta-base-mnli
RoBERTa-L-M roberta-large-mnli
BART-L-M facebook/bart-large-mnli

Pre-trained LLMs
Gemma-2-9b-exc/mix google/gemma-2-9b-it
Llama-3.1-8B-exc/mix meta-llama/Meta-Llama-3-

8B

Table 7: Evaluated models and their Hugging Face ref-
erences.
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Dataset Few-shot examples

SNLI Premise: A man with a beard skateboarding and a boy with a blue and black backpack riding a green
bike in the background.
Hypothesis: There is a man and a boy outside.
A. Entailment B. Neutral C. Contradiction Answer: A

Premise: There is a room full of pictures all in the wall and a woman in a coat is looking back
over her shoulders strangely.
Hypothesis: the room is large
A. Entailment B. Neutral C. Contradiction Answer: B

Premise: A Black woman on the street is talking on her cellphone.
Hypothesis: A black woman is on the payphone, ordering pizza
A. Entailment B. Neutral C. Contradiction Answer: C

Premise: The side of a building next to a church is painted with a brightly colored Coca-Cola sign.
Hypothesis: There is a Coca-Cola sign on a church next to a building.
A. Entailment B. Neutral C. Contradiction Answer: C

Premise: A butterfly costumed girl waves at the crowd.
Hypothesis: A butterfly costumed girl is standing on the stage.
A. Entailment B. Neutral C. Contradiction Answer: B

Premise: A man holding his two adorable babies.
Hypothesis: A man has more than one child.
A. Entailment B. Neutral C. Contradiction Answer: A

MNLI Premise: Ras Mohammed National Park has over 1,500 species of fish and 150 types of coral along
with an offshore vertical sea wall.
Hypothesis: The national park contains many types of fish and coral.
A. Entailment B. Neutral C. Contradiction Answer: A

Premise: Celebrating Trajan’s campaigns against the Dacians in what is now Romania, the minutely
detailed friezes spiraling around the column constitute a veritable textbook of Roman warfare
utilizing some 2,500 figures.
Hypothesis: The friezes were added to the column four centuries ago.
A. Entailment B. Neutral C. Contradiction Answer: B

Premise: And fell.
Hypothesis: Did not fall.
A. Entailment B. Neutral C. Contradiction Answer: C

Premise: On the radio, they are still talking about the Brooklyn Museum’s controversial art exhibit.
Hypothesis: The Brooklyn Museum has an exhibit that is making people talk.
A. Entailment B. Neutral C. Contradiction Answer: A

Premise: and for i don’t know it must have been two or three weeks there they were doing this
expanded nightly news
Hypothesis: The nightly news wanted to provide more extensive coverage of what was happening.
A. Entailment B. Neutral C. Contradiction Answer: B

Premise: The sheets are creamy white and the tissue lining in the envelope a bluer white.
Hypothesis: The sheets and the lining are black.
A. Entailment B. Neutral C. Contradiction Answer: C

Mixed Premise: A man with a beard skateboarding and a boy with a blue and black backpack riding a green
bike in the background.
Hypothesis: There is a man and a boy outside.
A. Entailment B. Neutral C. Contradiction Answer: A

Premise: There is a room full of pictures all in the wall and a woman in a coat is looking back
over her shoulders strangely.
Hypothesis: the room is large
A. Entailment B. Neutral C. Contradiction Answer: B

Premise: A Black woman on the street is talking on her cellphone.
Hypothesis: A black woman is on the payphone, ordering pizza
A. Entailment B. Neutral C. Contradiction Answer: C

Premise: This was enlarged by Herod, sacked in a.d. 70, and totally flattened by Emperor Hadrian
in a.d. 135.
Hypothesis: 65 year passed between being sacked and flattened.
A. Entailment B. Neutral C. Contradiction Answer: A

Premise: it’s slow it’s uh there are many better machines on the market right now for
Hypothesis: This machine is too old, that’s why it’s slow.
A. Entailment B. Neutral C. Contradiction Answer: B

Premise: well i think it made parts of it a lot easier i i is this your first that you’re having
Hypothesis: I think it did not help at all.
A. Entailment B. Neutral C. Contradiction Answer: C

Table 8: Few-shot examples used for pre-trained model evaluation. Note that few-shot for SNLI and MNLI contain
random examples exclusively from SNLI-dev and MNLI-train, while the mixed row corresponds to few-shots
comprised of examples from both datasets.
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Premise Hypothesis Label Original Suggested F R Explanation
A man in a black
shirt, in a detached
kitchen, holding up
meat he took out of
a bag.

A woman in a black
shirt, in a detached
kitchen, holding up
meat he took out of
a bag.

C commercial detached 5 5 Good: the variant is fluent
and preserves reasoning.

A teenage dog is
running in a field
near a mountain.

A teenage dog is
running outdoors.

E yellow teenage 5 5 Good: the variant is fluent
and preserves reasoning.

A man driving
while at a restau-
rant.

A man driving
while at a restaurant
eating.

N laughing driving 4 5 Mostly good: the variant
might be likely in a certain
scenario (e.g. there might be
a restaurant where tables are
like cars).

A man is celebrat-
ing his victory
while smiling and
wearing champagne
in the air with his
teammate.

A man is happily
celebrating his vic-
tory while smiling
and wearing cham-
pagne in the air

N shooting wearing 3 5 Uncertain: the variant might
be likely in a certain sce-
nario (e.g. the man is wear-
ing a champagne-shaped cos-
tume), but a less likely one.

A man slung into
the ear wearing a
striped shirt in a
small boat filled
with many people.

A man is slung into
the ear and wearing
a light striped shirt.

N pointing slung 2 5 Mostly poor: the scenario is
very unlikely, e.g. a man be-
ing forced to hear something.

clutched to her ear,
a woman bends for-
ward at the side of a
busy street.

clutched to her ear,
a woman bends for-
ward

E Phone clutched 1 5 Poor: the variant is ungram-
matical, thus making it dif-
ficult to verify its fluency,
i.e. missing the theme of
‘clutched’.

A hole is on a cherry
picker in a palm
tree.

A hole falls out of a
tree.

C worker hole 1 5 Poor: the variant is not flu-
ent, until we consider a very
specific metaphorical con-
text, i.e. a hole cannot be
have agency.

A shirt booth with a
man got a shirt.

The man is got
some pants.

C printing got 1 4 Mostly Good: the variant is
still fluent, despite it being
metaphorical, and it is still
likely to preserve the initial
inference label, despite the
ungrammaticality of the hy-
pothesis.

This child is took a
pedicure.

Child took a mani-
cure.

C getting took 1 3 Uncertain: the ungrammti-
cality of the premise makes
it difficult to asses its fluency,
however the main source of
the contrast giving the con-
tradiction (i.e. pedicure vs.
manicure) is kept.

A brown dog wear-
ing a collar is chas-
ing and running on
a red broom.

There is an animal
running a broom.

E biting running 4 2 Very Poor: Even though
‘running a broom’ might be
running with a broom, run-
ning on something does not
entail running with X.

Two construction
workers produced
the steel ribbed
exterior of a new
building at their
work site.

Two workers are
produced a building

N climbing produced 1 1 Poor: the hypothesis is hard
to understand given its un-
grammaticality, while the
subject of ‘produced’ is un-
clear, which makes reason-
ing impossible to asses.

Table 9: Examples of annotation scores for NLI variants, considering their fluency (F) and the preservation of the
original NLI label (R), alongside explanations for their scores. Note that the labels under Column Label are Neutral,
Entaliment, and Contradiction.

17



SNLI MNLI-m MNLI-mm

Model Raw % Raw % Raw %

ALBERT-B 7,814 5 37,568 10 40,802 10
ALBERT-XXL 12,820 7 13,657 4 15,784 4

BERT-B 1,979 1 4,308 1 5,209 1
BERT-L 1,043 1 2,405 1 2,890 1

Electra-B 7,750 5 10,156 3 11,117 3
Electra-L 2,827 2 4,749 1 5,476 1

RoBERTa-B 1,441 1 4,114 1 4,658 1
RoBERTa-L 775 0 2,825 1 3,242 1

Multi 135,615 79 281,866 78 325,113 78

Table 10: Variants across datasets grouped by the source model for their replacement, with raw and % counts shown.
The Multi row shows replacements that were validated by at least two models.
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Figure 12: Seed-Var accuracy scores for SNLI seed problems with at least two out of the three open replaced classes
in each seed. The legend shows, by the bigger letter of each dataset, which class was replaced in the seed problems
that had both of them.
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Figure 13: Seed-Var accuracy scores for Mnli-mm seed problems with at least two out of the three open replaced
classes in the seed problems.
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Figure 14: Seed-Var accuracy scores for Mnli-m seed problems that have at least two out of the three open replaced
classes in them.
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Figure 15: Seed-var accuracy curves across datasets for variants grouped by the origin model that suggested them.
We only show the models fine-tuned on SMFA and MNLI, as SNLI fine-tuned models had lower scores and were
less informative.
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Training Model SNLI MNLI-m MNLI-mm
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Figure 16: Results of all models, grouped by their training either fine-tuned on SNLI, MNLI, SMFA, or pre-trained
models prompted with examples exclusively chosen from SNLI-dev (for SNLI-var) or MNLI-train (for MNLI-m/-
mm). Test scores are S scores on the test problems of each dataset, while Seed and Var are S-acc scores on seed
and variant problems. The green triangles in front of the models from each category show which two models were
best, while the red ones show the worst.
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Figure 17: Matching correctness thresholds across all models and datasets: the numbers show on which CT models
get the closest SV scores to their initial S seed scores. As most numbers are ≈ 50%, they indicate models do not
generalize to more variants than that.
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Figure 18: SV accuracy curves on variants from SNLI-var, and MNLI-m/-mm-var. The legend shows NLI models
and the datasets they were fine-tuned on, i.e. SNLI, MNLI or a combination of NLI datasets, e.g., SMFA, or, if
applicable, the type of few-shot prompts we used for pre-trained models, i.e. exclusively taken from SNLI-dev (for
SNLI-var), or MNLI-train (for MNLI-m/-mm var).
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SNLI

P: A man pushing a hand-truck of boxes is bending over to pick up a pear.
H: A happy man is picking up a pear.
Gold label: E Correct label: N Annotations: E(3) N(2) C(0) Avg rate: 0.00
P: A man in a colorful shirt and a lady in a white blouse sign copies of books for people.
H: Two people sign copies of their latest novel.
Gold label: E Correct label: N Annotations: E(3) N(2) C(0) Avg rate: 0.00
P: A black dog is swimming with a ball in his mouth.
H: A black dog found a ball in the water and is bring it back to its owner.
Gold label: E Correct label:N Annotations: E(3) N(2) C(0) Avg rate: 0.00
P: A wet child stands in chest deep ocean water.
H: The child s playing on the beach.
Gold label: E Correct label:N Annotations: E(3) N(1) C(1) Avg rate: 0.00
P: The man in the brown shirt is holding the hand of the long-haired child in front of a painting.
H: A male has clothes on with his hand holding another young male in front of a painting.
Gold label: N Correct label:N Annotations: E(2) N(3) C(0) Avg rate: 0.00
P: A mom and her boy are riding in a bumper car.
H: The mom and boy are at an amusement park.
Gold label: E Correct label:N Annotations: E(3) N(2) C(0) Avg rate: 0.00
P: A man wearing a blue apron and long rubber boots is dragging a flotation device from a long row of flotation devices.
H: A man in rubber boots and a work apron is rubbing his face in between pulling floating objects.
Gold label: E Correct label:N Annotations: E(3) N(1) C(1) Avg rate: 0.00
P: One girl sips a soda while another looks on, standing on a street in front of a bunch of bicycles.
H: A girl drinks a soda on the street in front of people
Gold label: N Correct label:N Annotations: E(2) N(3) C(0) Avg rate: 0.00
P: people standing at a beach with Cameras.
H: A group of people standing at a beach filled with cameras.
Gold label: N Correct label:N Annotations: E(2) N(3) C(0) Avg rate: 0.00
P: A woman holds a newspaper that says "Real change".
H: a woman on a street holding a newspaper that says "real change"
Gold label: E Correct label:N Annotations: E(3) N(2) C(0) Avg rate: 0.00
P: A young man blew up balloons to craft into animals for the seven excited children that looked on.
H: The children watch the man make dogs and giraffes out of balloons
Gold label: E Correct label:N Annotations: E(3) N(2) C(0) Avg rate: 0.00
P: A train conductor in coveralls is standing in the door of the trail.
H: The conductor is walking in a field.
Gold label: N Correct label:C Annotations: E(0) N(3) C(2) Avg rate: 0.00
P: An older gentleman looks at the camera while he is building a deck.
H: An older gentleman in overalls looks at the camera while he is building a stained red deck in front of a house.
Gold label: E Correct label:N Annotations: E(3) N(2) C(0) Avg rate: 0.00
P: Children, including one with a painted face, pet tiny turtles that are crawling in the green grass.
H: Turtles are crawling in the white grass.
Gold label: E Correct label:N Annotations: E(3) N(0) C(2) Avg rate: 0.00
P: A group of people are in a rowboat in the ocean surrounded by seagulls.
H: A bunch of people are in a wooden object on the water.
Gold label: N Correct label:N Annotations: E(2) N(3) C(0) Avg rate: 0.00
P: A man in a hard hat looks intimidated.
H: He is working in a potentially dangerous field that requires a hard hat.
Gold label: E Correct label:N Annotations: E(4) N(1) C(0) Avg rate: 0.00

MNLI-m

P: Robust came in third among words and phrases submitted (220 citations in the CR ), and unlike the previous two, it seems to
be a genuinely new cliche; at any rate, Chatterbox hadn’t previously been aware of its overuse.
H: Robust is a legitimately new cliche unlike its predecessors.
Gold label: N Correct label:E Annotations: E(2) N(3) C(0) Avg rate: 0.00
P: 3) The gap between the productivity of women and the productivity of men.
H: The gap of genders.
Gold label: N Correct label: N Annotations: E(2) N(3) C(0) Avg rate: 0.00
P: A 1994 Roper Poll concluded that the NewsHour is perceived by the public as the most credible newscast in the country.
H: A 1984 Poll concluded NewsHour is seen as the most credible newscast by the public.
Gold label: E Correct label: E Annotations: E(3) N(0) C(2) Avg rate: 0.00
P: Once the pious devotions are over, however, wine flows, fireworks explode, espetada (kebab) stalls flourish, and Monte regains
normality for another 363 days.
H: Monte is a normal location, outside of a period of pious devotion.
Gold label: N Correct label:E Annotations: E(2) N(3) C(0) Avg rate: 0.00
P: Christ on a crutch, what does he have to do to lose your support, stab David Geffen with a kitchen knife?
H: Your support is unwavering.
Gold label: E Correct label: E Annotations: E(3) N(1) C(1) Avg rate: 0.00
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MNLI-mm

P: Hani Hanjour, assigned to seat 1B (first class), soon followed.
H: Bob was assigned to seat 2a
Gold label: N Correct label:E Annotations: E(0) N(4) C(1) Avg rate: 0.00
P: For example, even at age 2, they waited patiently to open a small gift until a guest had departed’proper etiquette in Chinese
culture.
H: They waited to open a small gift when they were very small because they’d been taught to do so.
Gold label: E Correct label:E Annotations: E(3) N(2) C(0) Avg rate: 0.00
P: . . . You got a conflict on that direction?
H: No one brought up a varying opinion on that direction.
Gold label: N Correct label:N Annotations: E(0) N(3) C(2) Avg rate: 0.00
P: This information infrastructure proved most beneficial when it gave Penney’s major vendors access to sales data via direct
broadcast satellite.
H: This infrastructure of information was used in order to provide customers with information regarding sales.
Gold label: C Correct label:E Annotations: E(0) N(1) C(4) Avg rate: 0.00
P: The operator must first select the work to be done, put aside the tickets that indicate she performed the sewing appropriate for
those bundles and should be paid at the specified rate for the job, open the appropriate bundles, and position the pieces to be
joined on the sewing table in preparation for sewing.
H: Some operators prefer to set aside the tickets first.
Gold label: C Correct label:N Annotations: E(0) N(2) C(3) Avg rate: 0.00
P: However, we recognize that contributions at the Maennerchor Society level are not possible for all.
H: Maennerchor Society level contributions are impossible for most everyone.
Gold label: C Correct label:N Annotations: E(0) N(1) C(4) Avg rate: 0.00
P: They’re actually both teachers.
H: The are teachers together.
Gold label: N Correct label:N Annotations: E(2) N(3) C(0) Avg rate: 0.00
P: Even though we receive operating funds from the state, there are a myriad of additional expenses to be met, such as welding
equipment for sculpture, pottery wheels for ceramics, and computers for graphics.
H: The state won’t fund welding equipment, pottery wheels or computers.
Gold label: E Correct label:N Annotations: E(3) N(1) C(1) Avg rate: 0.00
P: Business units adopting both bar codes and EDI are therefore able to reduce the transaction costs for processing information
about sales and orders.
H: Business units use either bar codes or EDI.
Gold label: N Correct label:N Annotations: E(0) N(4) C(1) Avg rate: 0.00
P: Did your dad read to you too?
H: Did someone read to you?
Gold label: N Correct label:E Annotations: E(1) N(4) C(0) Avg rate: 0.00
P: But he places most blame on how contemporary children are reared.
H: People put the most blame on how contemporary children are reared.
Gold label: N Correct label:N Annotations: E(1) N(4) C(0) Avg rate: 0.00
P: I forgot about comic books!
H: I did not mention comic books yet.
Gold label: N Correct label:N Annotations: E(1) N(3) C(1) Avg rate: 0.00

Table 11: The original SNLI, and MNLI-m/-mm problems whose variants were most poorly classified by all NLI
models, in-context models were also considered, but their sub-selected seed did not contain these problems. Avg
rate represents the average accuracy of NLI models across all variants per seed/original problem. Annotations
reports the annotation labels of 5 annotators from the SNLI data, where the gold label is selected based on the
majority voting. Correct label is an inference we thought is correct. We are aware of the inherent disfigurements in
NLI labeling (Pavlick and Kwiatkowski, 2019), especially in SNLI, but we dub our corrected labels as the most
likely label. Note that we also further looked into the problems that were classified with <5% average accuracy
across all models (SNLI=27, MNLI-m=29, MNLI-mm= 24), out of which only 13 for SNLI, and MNLI-m, and 10
for MNLI-mm had a correct gold label.
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