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Abstract001

With the evolution of large language models002
(LLMs), their robustness against individual sim-003
ple biases has been enhanced. However, we004
observe that the ensemble of multiple simple005
biases still exerts a significant adverse impact006
on LLMs. Given that real-world data sam-007
ples are typically confounded by a wide range008
of biases, LLMs tend to exhibit unstable per-009
formance when deployed in high-stakes real-010
world scenarios such as clinical diagnosis and011
legal document analysis. However, previous012
benchmarks are constrained to datasets where013
each sample is manually injected with only one014
type of bias. To bridge this gap, we propose a015
multi-bias benchmark where each sample con-016
tains multiple types of biases. Experimental017
results reveal that existing LLMs and debias-018
ing methods perform poorly on this benchmark,019
highlighting the challenge of eliminating such020
compounded biases.021

1 Introduction022

Large language models (LLMs) have demonstrated023

remarkable performance across diverse domains024

(Achiam et al., 2023). However, previous works025

have shown that LLMs would also learn bias dur-026

ing the training process (Schick et al., 2021; Nav-027

igli et al., 2023; Klimashevskaia et al., 2024), lead-028

ing to poor generalizability of LLMs (Du et al.,029

2023; Cheng and Amiri, 2024; Yang et al., 2025).030

Thus, it is crucial to assess LLMs’ generalizability031

with respect to biases.032

Recently, with the evolution of LLMs, their ro-033

bustness against individual simple biases has been034

enhanced. However, we observe that the ensemble035

of multiple simple biases still exerts a significant036

negative influence on LLMs. As shown in Fig-037

ure 1(a), this example ensembles multiple types038

of simple biases that have been identified in the039

natural language inference (NLI) task (Gururangan040

et al., 2018; Anantaprayoon et al., 2024; Sun et al.,041
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Premise: Alex, recognized as a constable, patrols the entire city to 

document notable architectural features and road layouts every day.

Hypothesis: He probably patrols the entire city to document notable 

architectural features.

Gold Answer: Neutral. 

Reason: Cannot infer the gender ‘male’ from the 

occupation ‘ constable ‘.
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Figure 1: (a) An example that contains multiple types
of biases whose polarities are ‘entailment’ (i.e., each of
these biases inclines LLMs toward predicting that the
premise entails the hypothesis). (b) With the increase in
the number of manually introduced biases inherent in
each piece of data, the performance of LLMs exhibits a
rapid degradation.

2024b), and these biases have the same polarity ‘en- 042

tailment’ (i.e., each of these biases induces LLMs 043

to exhibit an identical prediction tendency toward 044

‘entailment’), thereby producing a cascading am- 045

plification effect. Current LLMs tends to predict 046

that the premise entails the hypothesis for this case 047

due to these biases. However, the gender of Alex 048

is not mentioned in the premise and constables can 049

also be women. Therefore, the true relationship 050

between the premise and the hypothesis is neutral. 051

Furthermore, our experimental results presented 052
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in Figure 1(b) demonstrate that the performance053

of different LLMs all exhibits a degradation as the054

number of manually introduced biases increases,055

which indicates that LLMs are susceptible to be-056

ing misled by a series of simple biases. Given that057

real-world data samples are typically confounded058

by a wide range of biases, LLMs tend to exhibit059

unstable performance when deployed in real-world060

scenarios. This unstable performance carries pro-061

found and far-reaching risks across diverse appli-062

cation scenarios, undermining both the reliability063

of model outputs and the trustworthiness of LLM-064

driven decision-making systems. For example, in065

high-stakes domains such as clinical diagnosis and066

legal document analysis, LLMs may generate dis-067

torted conclusions or recommendations influenced068

by a series of simple biases, thereby inflicting sub-069

stantial losses.070

However, the vast majority of prior benchmarks071

(Manerba et al., 2024; Bang et al., 2024) are lim-072

ited to datasets containing merely one category of073

manually introduced bias, with only a handful of074

exceptions that cover two distinct bias types. To075

mitigate the limitations of existing evaluation, we076

propose a Multi-Bias Benchmark (MB-Ben), in077

which each piece of data contains multiple sim-078

ple biases with consistent polarity. This design is079

motivated by the observation that biases with con-080

sistent polarity all induce LLMs to make the same081

biased prediction, thereby hindering LLMs from082

leveraging useful semantic information during the083

inference process—an cascading amplification ef-084

fect exemplified in Figure 1(a).085

Following previous works (Dasgupta et al., 2018;086

McCoy et al., 2019; Rajaee et al., 2022; Mckenna087

et al., 2023; Anantaprayoon et al., 2024), we088

choose the NLI task, on which previous researchers089

have conducted extensive studies regarding bias,090

as the task format of this multi-bias benchmark.091

Then, we select multiple types of simple biases092

with consistent polarity, and manually inject these093

biases into each data to construct the multi-bias094

benchmark. Finally, to quantify the generalizability095

of LLMs, we thoroughly evaluate the mainstream096

LLMs and debiasing methods.097

Evaluation results demonstrate that even the098

most powerful LLMs and debiasing techniques are099

insufficient in handling multi-bias ensemble sce-100

narios, exhibiting a significant performance drop101

compared to the benchmark containing only a sin-102

gle bias. Furthermore, our analysis indicates that103

relying on scaling up parameters and using slow104

GPT-5.1 entailment neutral contradiction
high semantic similarity 40.7 24.0 35.2
low semantic similarity 24.7 44.0 31.3

label distribution 33.3 33.3 33.3

Table 1: The distribution of predicted labels by GPT-5.1
and in the datasets in which each piece of data contains
bias feature ‘hypothesis longer’ or ‘hypothesis shorter’.

thinking to improve the generalizability on multi- 105

bias ensemble scenarios are not advisable, consider- 106

ing the consumption of massive resources. We will 107

publicly release these data upon paper acceptance. 108

2 Preliminary 109

This section first overviews the bias feature and 110

bias polarity. Then, we conduct experiments for 111

exploring if LLMs still suffer from simple biases. 112

Below, X and Y denote the input instance space 113

and the answer space, respectively. 114

2.1 Bias Feature and Bias Polarity 115

Bias refers to the unwanted correlation between 116

feature b (related to x ∈ X) and specific answer 117

y ∈ Y that holds true for some data but not for all 118

(Sun et al., 2024b). Specifically, we denote b as 119

bias feature, and define bias polarity as the predic- 120

tive tendency of an LLM (e.g., a preference for a 121

specific label in discriminative tasks) that is elicited 122

by the bias feature b. Since this correlation does 123

not hold true for all the data, when LLMs leverage 124

this correlation to solve tasks, they make errors. 125

For instance, regarding the bias feature ‘high lex- 126

ical overlap’: in training datasets, ‘entailment’ is 127

generally the correct answer when there is a high 128

degree of lexical overlap between the premise and 129

hypothesis (Rajaee et al., 2022). As a result, LLMs 130

trained on such data also learn the correlation be- 131

tween ‘high lexical overlap’ and the answer ‘entail- 132

ment’, and tend to predict ‘entailment’ whenever 133

lexical overlap is high—even if the true relation- 134

ship between the premise and hypothesis is neutral 135

or contradiction. Hence, biases are a critical factor 136

that impairs the performance of LLMs. 137

2.2 LLMs Still Suffer from Simple Biases 138

In this section, we first design experiments for in- 139

vestigating whether current LLMs are still suscep- 140

tible to simple biases. Subsequently, we select the 141

bias features with the same polarity for the con- 142

struction of the benchmark. 143
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Bias Feature Bias Polarity
hypothesis shorter: the hypothesis is shorter than the premise by more than five words entailment

high lexical overlap: the lexical overlap rate between the premise and hypothesis is higher than 0.8 entailment

low lexical overlap: the lexical overlap rate between the premise and hypothesis is lower than 0.2 neutral

high semantic similarity: the Bertscore between the premise and hypothesis is higher than 0.88 entailment

low semantic similarity: the Bertscore between the premise and hypothesis is lower than 0.83 neutral

speculative word exists: speculative word (e.g., might) exists in the premise or the hypothesis entailment

male with male-biased occupations entailment

male with female-biased occupations contradiction

Table 2: This table presents eight types of different bias features and their polarities. For specific descriptions of the
last two bias features, please refer to the Appendix A).

Take the bias features ‘high semantic similarity’144

and ‘low semantic similarity’ as examples, previ-145

ous work (Sun et al., 2024b) has not quantified the146

high and low levels of semantic similarity. How-147

ever, to investigate whether LLMs still suffer from148

the bias feature ‘high semantic similarity’, it is149

necessary for us to propose a definite metric for150

this bias feature to identify data samples that ex-151

hibit this bias feature (similar for ‘low semantic152

similarity’). Specifically, we set two thresholds, α153

and β, such that approximately 15% of the data154

in the MNLI dataset has a Bertscore (Zhang et al.,155

2020) either greater than α or lower than β (in156

practice, the α and β are 0.88 and 0.83, respec-157

tively). Data samples with a Bertscore exceeding158

0.88 are considered to exhibit the bias feature of159

‘high semantic similarity’ (the same for ‘low se-160

mantic similarity’). To investigate whether LLMs161

still suffer from these two bias features, we ran-162

domly select 3,000 samples with balanced labels163

from existing large-scale crowdsourced datasets164

MNLI (Williams et al., 2018) for each bias feature,165

respectively. Then, we statistically analyze the la-166

bel distribution predicted by GPT-5.1-2025-11-13167

(Achiam et al., 2023). If the LLM were unaffected168

by a certain bias feature, the predicted proportion169

of each label should follow a uniform distribution,170

otherwise, it indicates that the LLM is still sus-171

ceptible to this bias feature. Additionally, labels172

with significantly higher proportions than those in a173

uniform distribution represent the polarity of LLM174

under this bias feature. Experimental results are175

shown in Table 1.176

From the table, we can find that GPT-5.1 still177

suffer from these two biases, and it tends to predict178

‘entailment’ and ‘neutral’ for bias features ‘high179

semantic similarity’ and ‘low semantic similarity’,180

respectively. As a result, the polarity of the bias 181

feature ‘high semantic similarity’ is ‘entailment’ 182

(and ‘neutral’ for the bias feature ‘low semantic 183

similarity’). For the other bias features, we also 184

conducted similar experiments (which can be found 185

in Appendix D). Eventually, the bias features that 186

still exist in GPT-5.1, as well as their polarities, 187

are shown in Table 2. To ensure the consistency 188

of polarities for selected bias features, we choose 189

the bias features ‘hypothesis shorter’ (Dasgupta 190

et al., 2018), ‘high lexical overlap’, ‘high semantic 191

similarity’, ‘speculative word exists’ (Sun et al., 192

2024b), and ‘male with male-biased occupations’ 193

(Anantaprayoon et al., 2024) to construct our multi- 194

bias benchmark (Subsequent experiments reveal 195

that the ensemble of five simple biases is sufficient 196

to demonstrate the poor performance of LLMs on 197

multi-bias ensemble scenarios). 198

3 Constructing Benchmark for 199

Evaluating Multi-bias Robustness 200

The challenge of constructing a multi-bias bench- 201

mark lies in how to achieve controllable construc- 202

tion of labels and multiple biases with the same 203

polarity. This is because, samples carrying the bias 204

we selected are predominantly labeled as entail- 205

ment in existing corpus. However, we also need to 206

construct counterfactual samples with labels of neu- 207

tral and contradiction that occur rarely in existing 208

corpus. To overcome this challenge, we design a 209

data generation process that consists of three main 210

steps, where each step introduces distinct bias fea- 211

tures to the data: (i) Template construction; (ii) 212

vocabulary construction and template completion 213

using the constructed vocabulary; (iii) verification 214

of bias features on each generated data. Below, we 215

elaborate on the dataset construction pipeline by 216
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Premise Hypothesis label

Morgan is a plumber. He builds furniture to decorate the home and
save costs, using recycled wood.

He might build furniture to decorate
the home and save costs.

Entailment

Avery works as a trader. He declared that he would organize holiday
meals only if 30 food boxes were delivered by December 10th,
however, the warehouse received only 11 boxes by the deadline.

He perhaps organized holiday meals
after having delivered 30 food boxes
by December 10th.

Contradiction

Table 3: This table presents two examples in our constructed multi-bias benchmark. For the second example, the
premise states that only 11 boxes are received by December 10th, so Avery had not delivered 30 food boxes. The
example with label ‘neutral’ has appeared in Figure 1a (this example also exhibits the bias feature ‘high semantic
similarity’, which is not represented in Figure 1a).

taking an example where each sample incorporates217

all the five selected bias features.218

3.1 Template Construction219

We construct four pairs of templates for the la-220

bel ‘neutral’ and the other two labels, respectively.221

Each template is explicitly incorporated with the222

bias features ‘male with male-biased occupations’223

and ‘speculative word exists’. Below is one pair of224

template, the first template is for the label neutral225

and the second is for the other two labels:226

(1) Premise: N1 is a P1, V1. Hypothesis: He S1 V2.227

(2) Premise: N1 is a P1. He V1. Hypothesis: He S1 V2.228

where N1 is a unisex name; P1 represents a male-229

biased occupation (defined as an occupation with230

a statistically significant male predominance) em-231

ployed to control the bias features ‘male with male-232

biased occupations’; S1 stands for a speculative233

word such as ‘might’; V1 and V2 are two verb234

phrases used to control the bias features ‘high lexi-235

cal overlap’ and ‘hypothesis shorter’, respectively.236

Note that we also control that the gender informa-237

tion is not introduced in V1, so that the label of238

the samples constructed using the first template is239

always neutral. Full list of the templates can be240

found in Appendix B.241

3.2 Vocabulary Construction and Template242

Completion243

We drew our occupation vocabulary that includes244

87 male-biased occupations from Anantaprayoon245

et al. (2024), and name vocabulary that contains246

30 unisex names from the website1. For specula-247

tive vocabulary, we manually collect 6 speculative248

words (shown in Appendix C).249

To control the answer of the generated data, we250

use GPT-4o to construct the vocabulary of verb251

phrase pairs (V1, V2) and verify their validity. For252

1https://www.behindthename.com/names/gender/unisex

each pair of them, the two verb phrases are used to 253

fill in the premise and the hypothesis, respectively. 254

To control the bias features ‘high lexical overlap’ 255

and ‘hypothesis shorter’, we utilize an automatic 256

program to ensure that each verb phrase pair has a 257

remarkably high degree of lexical overlap, and the 258

verb phrase corresponding to the premise is more 259

than three words longer than that corresponding to 260

the hypothesis (since the other part of the premise 261

is at least two words longer than that of the hypoth- 262

esis in each template). Meanwhile, we manually 263

verify whether each verb phrase pair always results 264

in the premise entailing (or contradicting to) the 265

hypothesis after inserted into the templates. Three 266

of the authors were involved in this verification pro- 267

cess, and it was ensured that all three of us deemed 268

that each verb phrase pair satisfied these require- 269

ments. Finally, we got a vocabulary containing 270

200 pairs of verb phrases (100 pairs corresponds 271

to the label ‘entailment’ and 100 pairs corresponds 272

to the label ‘contradiction’). After collecting the 273

vocabulary, we can complete the template by ran- 274

domly extracting items from the vocabulary. Note 275

that when constructing data with the ‘neutral’ la- 276

bel, we also use verb phrase pairs corresponding to 277

the label ‘entailment’. Since the ‘neutral’ label is 278

determined by templates, this does not affect the 279

correctness of the data. 280

3.3 Verification of Bias Features 281

To ensure that the constructed data meets the re- 282

quirements of five bias features, we employ an 283

automatic program to select data that satisfies the 284

requirements of these bias features. Take the bias 285

feature ‘high semantic similarity’ as an example, 286

we calculate the Bertscore (Zhang et al., 2020) be- 287

tween the premise and hypothesis and only retain 288

data where the Bertscore exceeds 0.88 during this 289

verification process. By doing these, we construct a 290

multi-bias benchmark that contains 6,000 samples 291
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Qwen3-235B-A22B Gemma3-27B-it Llama3.1-8B-Instruct

Zero-shot MNLI HANS MB-Ben3 MB-Ben5 MNLI HANS MB-Ben3 MB-Ben5 MNLI HANS MB-Ben3 MB-Ben5
Vanilla 86.3 76.2 68.6 53.2 82.6 75.4 64.7 49.8 72.8 65.5 55.6 34.2

DC 86.5 76.7 69.4 53.6 82.4 77.8 65.6 51.1 73.0 66.3 61.5 39.8
BC 86.7 76.8 69.8 53.9 82.6 78.6 65.9 51.4 73.2 66.0 62.4 41.9

Unibias 86.4 76.3 69.9 53.4 82.5 77.7 65.2 50.1 73.5 65.7 59.3 38.2
CAL 87.9 78.2 70.5 54.8 82.9 78.4 66.4 53.3 72.9 65.6 58.7 38.4
TC 87.3 77.5 70.2 54.4 83.3 78.9 65.9 52.1 73.7 66.8 62.2 40.7

Few-shot MNLI HANS MB-Ben3 MB-Ben5 MNLI HANS MB-Ben3 MB-Ben5 MNLI HANS MB-Ben3 MB-Ben5
Vanilla 88.6 79.8 71.3 56.9 84.4 80.5 67.8 52.4 77.3 72.1 62.5 37.8

DC 88.6 80.6 73.8 57.3 84.3 80.9 68.4 52.6 78.8 72.3 64.2 43.2
BC 88.7 81.2 74.6 57.5 84.4 80.7 68.7 52.8 79.1 72.5 66.2 45.5

Unibias 88.4 80.2 73.3 57.1 84.6 80.6 68.1 52.5 77.6 71.9 63.4 40.4
CAL 88.5 80.8 74.2 57.6 84.2 81.6 68.3 52.8 78.5 72.4 64.7 43.6
TC 89.2 81.6 73.7 57.9 84.9 81.2 69.2 53.3 78.7 73.2 65.5 42.3

Table 4: Evaluation results of different LLMs and different debiasing methods on MNLI, HANS, and MB-Ben
datasets. Owing to space constraints, MB-Ben-3 and MB-Ben-5 are shortened to MB-Ben3 and MB-Ben5 in this
figure. The best and the second-best results are indicated by bold and underline, respectively.

with balanced labels. Some dataset samples are292

provided in Table 3.293

In addition to the dataset that contains all the five294

selected bias features, we also construct a dataset295

(including 6000 samples) where each sample ran-296

domly contains three of these five bias features,297

following the same construction process.298

4 Experiments299

In this section, we explore three core research300

questions with the proposed multi-bias benchmark.301

RQ1: Do LLMs exhibit a rapid degradation as the302

number of manually introduced biases increases?303

RQ2: Are existing state-of-the-art (SOTA) debias-304

ing methods still effective in multi-bias ensemble305

scenarios? RQ3: Can the challenges of multi-bias306

ensemble scenarios be solved by scaling the model307

parameters? RQ4: Do slow thinking mechanisms308

offer a viable solution to the challenges posed by309

multi-bias ensemble scenarios?310

4.1 Evaluation Setup311

Models We adopt three open-sourced models312

Qwen3-235B-A22B (Team, 2025), Gemma3-27B-313

it (Team et al., 2025), and Llama3.1-8B-Instruct314

(Dubey et al., 2024) for evaluating the robustness315

of LLMs and different debiasing methods against316

multi-bias ensemble scenarios. We evaluate in317

two ways: zero-shot, few-shots prompting (without318

slow thinking). For few-shot experiments, we ran-319

domly select three examples with balanced labels320

from the MNLI training set. All experiments are321

done for three times and we report the average of322

the accuracy.323

Datasets In addition to the constructed benchmark 324

datasets where each sample incorporates either 325

three or five distinct types of bias features (here- 326

inafter denoted as MB-Ben-3 and MB-Ben-5 to 327

differentiate between the two variants based on 328

the number of bias features), we further select 329

the crowdsourced dataset MNLI (Williams et al., 330

2018), and the meticulously curated HANS (Mc- 331

Coy et al., 2019) dataset in which each instance 332

contains one type of manually controlled bias (lex- 333

ical overlap) for experimental analysis. Since the 334

gold labels for the MNLI test set are not publicly 335

available, we follow previous work and report the 336

results on the development-matched set. 337

Debiasing Methods In this work, we conduct a 338

comprehensive analysis of the existing debiasing 339

methods for LLMs, including DC (Fei et al., 2023), 340

BC (Zhou et al., 2024a), Unibias (Zhou et al., 341

2024b), CAL (Sun et al., 2024b), and TC (Li et al., 342

2025) methods. Additionally, we also report the 343

results of vanilla in-context learning. 344

More details about the specific prompts used for 345

evaluation can be found in Appendix E. 346

4.2 Main Results 347

Experimental results are shown in Table 4 (owing 348

to space constraints, MB-Ben-3 and MB-Ben-5 349

are shortened to MB-Ben3 and MB-Ben5 in this 350

figure), from which we find that: 351

(1) Comparing the performance of three LLMs 352

on the HANS, MB-Ben-3, and MB-Ben-5 datasets, 353

it is evident that the performance on MB-Ben-3 354

and MB-Ben-5 datasets is much lower than that on 355

HANS, with MB-Ben-5 yielding the lowest results. 356

5



Qwen3-235B-A22B Gemini-3-flash GPT-5.1 Claude-opus-4.5

Mode MB-Ben-3 MB-Ben-5 MB-Ben-3 MB-Ben-5 MB-Ben-3 MB-Ben-5 MB-Ben-3 MB-Ben-5
No Thinking 68.6 53.2 73.8 54.7 75.1 55.8 77.5 57.6

Thinking 68.1 53.8 77.5 56.2 78.3 57.1 79.3 58.7

Table 5: Evaluation results of different thinking modes on MB-Ben for four different LLMs.

Figure 2: Average predicted probability of three LLMs
for each label on the MB-Ben-5 dataset.

The experimental results also shows that different357

LLMs all exhibits a rapid degradation as the num-358

ber of manually introduced biases increases, which359

demonstrates that LLMs are susceptible to being360

misled by a series of simple biases.361

(2) Compared to the vanilla zero-shot and few-362

shot prompting methods, current debiasing meth-363

ods achieve better performance in general (with TC364

method performs the best). This demonstrates the365

effectiveness of current debiasing methods. How-366

ever, these methods still perform poorly on the367

MB-Ben-5 dataset, which indicates that current368

debiasing methods is not effective enough in multi-369

bias ensemble scenarios. This also highlights the370

importance of devising debiasing methods that can371

deal with multi-bias ensemble scenarios.372

(3) Compared to smaller LLMs, the performance373

of larger LLMs on the MB-Ben-3 and MB-Ben-5374

datasets is higher in general, which indicates that375

larger LLMs are more robust in multi-bias ensem-376

ble scenarios. However, scaling up model size377

requires massive resources and current LLMs’ per-378

formance is far from expectations even for the LLM379

at the 200-billion parameter scale, indicating that380

only relying on scaling up parameters to improve381

the generalizability on multi-bias ensemble scenar-382

ios is not advisable.383

4.3 Analysis of Average Predicted Probability 384

To conduct a more in-depth analysis of whether 385

increasing model scale can improve LLMs’ robust- 386

ness in multi-bias ensemble scenarios, we statisti- 387

cally analyzed the average predicted probability of 388

LLMs for each label (i.e., the mean value of the 389

probability that LLMs predict a certain label for 390

each individual data point in the dataset). Specifi- 391

cally, we selected Qwen3-8B, Qwen3-14B, Qwen3- 392

32B (Team, 2025) for experiments to eliminate the 393

confounding effects of model types and model ar- 394

chitectures (e.g., mixture-of-experts). Zero-shot 395

evaluation results for the MB-Ben-5 dataset are 396

shown in Figure 2. 397

From the figure, it can be found that the average 398

predicted probability of labels ‘neutral’ and ‘contra- 399

diction’ are significantly lower than that of the label 400

‘entailment’, which suggests that the bias features 401

contained in these data induce LLMs to exhibit a 402

strong tendency to predict ‘entailment’. This aligns 403

with the original intention of constructing the MB- 404

Ben-5 dataset. As the five injected bias features 405

all induce LLMs to tend to predict ‘entailment’, 406

these LLMs predict ‘entailment’ most of the time, 407

thereby exhibiting lower average predicted proba- 408

bility on other label categories. Furthermore, com- 409

paring the average predicted probability of the label 410

‘entailment’ among three LLMs, it can be found 411

that the average predicted probability is lower for 412

larger LLMs, which indicates that the increase in 413

the number of model parameters exerts a certain 414

effect on reducing the bias of LLMs. However, 415

the decrease of the average predicted probability 416

is relatively small. Considering the significant in- 417

crease in required computational resources, it is 418

not a good direction to improve the robustness of 419

LLMs in multi-bias ensemble scenarios only by 420

scaling up parameters. 421

4.4 Different Thinking Modes Comparison 422

Slow thinking is a thoughtful process where LLMs 423

decompose, reflect on, and plan for a problem prior 424

to generating a formal response. This line of think- 425

ing modes has been successfully implemented in a 426
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Figure 3: Error rates of four LLMs (no thinking) for
each label on the MB-Ben-5 dataset.

Figure 4: Error rates of four LLMs (slow thinking) for
each label on the MB-Ben-5 dataset.

wide range of LLMs such as Qwen3-235B-A22B427

(Team, 2025), Gemini-3-flash-preview (Comanici428

et al., 2025), GPT-5.1-2025-11-13 (OpenAI, 2025),429

and claude-opus-4-5-20251101 (Anthropic, 2025).430

To investigate whether slow thinking enhances the431

robustness of LLMs against multi-biases ensem-432

ble scenarios, we utilize the above four LLMs for433

experiments. For these models, we conduct exper-434

iments on the MB-Ben-3 and MB-Ben-5 datasets435

with and without slow thinking. For GPT-5.1, we436

set the reasoning effort to high when conducting437

experiments of slow thinking. For experiments of438

slow thinking, we set the max tokens to 8,192. Ex-439

perimental results are shown in Table 5. From the440

table, we can find that using slow thinking can im-441

prove the performance on multi-bias ensemble sce-442

narios for the same LLM in general. However, the443

performance improvement is relatively low. Con-444

sidering the significant increase in inference time,445

it is inappropriate to enhance the robustness of446

LLMs in multi-bias ensemble scenarios through447

using slow thinking.448

For a more in-depth analysis, we statistically ana-449

Gemma3-27B-it Llama3.1-8B-Instruct

Zero-shot L-bias S-bias 2-bias L-bias S-bias 2-bias
Vanilla 71.5 73.6 74.3 61.2 64.9 65.3

DC 71.7 73.8 75.7 62.3 66.2 66.4
BC 71.8 73.8 75.9 62.5 66.5 66.6

Unibias 71.7 73.4 75.3 61.9 65.5 65.6
CAL 71.6 74.1 74.7 61.5 65.3 65.4
TC 72.1 74.6 76.5 62.6 66.3 67.3

Table 6: The table presents the accuracy of two LLMs
and five debiasing methods on L-bias, S-bias, and 2-bias
datasets. L-bias and S-bias represents datasets which
only exhibit the bias of ‘low lexical overlap’ or ‘high se-
mantic similarity’ while excluding those with the other
bias features listed in Table 2.

lyzed the error rates of four LLMs with and without 450

slow thinking for each label. Specifically, we con- 451

duct a statistical analysis on the evaluation results 452

of the MB-Ben-5 dataset. As shown in Figure 3, 453

the error rate of data whose gold answer is ‘neutral’ 454

and ‘contradiction’ are significantly higher than 455

those with the gold answer ‘entailment’, which 456

suggests that the bias features contained in these 457

data induce LLMs to exhibit a tendency to predict 458

entailment. This aligns with the original intention 459

of constructing the MB-Ben-5 dataset. Though this 460

phenomenon is also observed in Figure 4, the error 461

rates of data whose gold answer is ‘neutral’ and 462

‘contradiction’ are relatively lower than that in Fig- 463

ure 3, which indicates that slow thinking can exert 464

a certain degree of debiasing effect for LLMs. 465

4.5 Analysis of LLMs’ Behavior with 466

Different Polarity of Bias Features 467

To investigate scenarios where different bias fea- 468

tures do not share the same polarity, we choose 469

two bias features with distinct bias polarities to 470

conduct experiments. Specifically, we adopt two 471

representative bias features—high semantic simi- 472

larity (with an entailment polarity) and low lexical 473

overlap (with a neutral polarity)—as illustrative 474

cases to construct a 2-bias dataset for in-depth ex- 475

ploratory analysis. 476

To construct the 2-bias dataset, we filter out data 477

samples from the SNLI dataset (Bowman et al., 478

2015) that exhibits these two bias features while 479

excluding those with the other bias features listed 480

in Table 2. Ultimately, a label-balanced dataset 481

with 6,000 samples was constructed. We did not 482

adopt this method to develop the multi-bias bench- 483

mark, primarily because existing datasets rarely 484

contain samples that simultaneously exhibit more 485
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than two bias features. Additionally, we also fil-486

ter out samples from the SNLI dataset which only487

exhibit the bias feature ‘high semantic similarity’488

or ‘low lexical overlap’ while excluding those with489

the other bias features (these two datasets are short490

for S-bias and L-bias respectively in Table 6). Fi-491

nally, we get two label-balanced 1-bias datasets492

with 6,000 samples. We conduct experiments on493

these two 1-bias datasets and the 2-bias dataset494

using Gemma3-27B-it and Llama3.1-8B-Instruct.495

The experimental results are shown in Table 6.496

Comparing the vanilla zero-shot method be-497

tween two 1-bias datasets and the 2-bias dataset,498

it can be found that the performance on the 2-bias499

dataset is higher than that on two 1-bias datasets500

for two LLMs. This demonstrates that bias features501

with different polarities (entailment and neutral)502

counteract each other to a certain extent, so that the503

bias features’ impact on LLMs is relatively lower504

for the 2-bias dataset. Additionally, we also ob-505

serve that previous debiasing methods is also effec-506

tive for data with different bias polarities. However,507

the performance improvement of these debiasing508

methods on 2-bias dataset is relatively low, which509

indicates that current debiasing methods are also510

not effective enough in scenarios with different511

polarity of bias features.512

5 Related Work513

Bias Evaluation Benchmarks Some recent stud-514

ies (Fei et al., 2023; Zhou et al., 2024c; Sun et al.,515

2024a; Zhou et al., 2024a) have revealed that LLMs516

still utilize biases during the inference stage, and517

found that this phenomenon leads to poor perfor-518

mance when generalizing to out-of-distribution sce-519

narios. Zhou et al. (2024d) found that LLMs uti-520

lized lexical and style biases in sentiment anal-521

ysis tasks and propose a benchmark for verifica-522

tion. Anantaprayoon et al. (2024) proposed the523

NLI-CoAL benchmark to examine the gender bias524

within LLMs, which indicates that LLMs exhibit525

gender bias even in the NLI task. Steen and Mark-526

ert (2024) focused on the news summarization task527

and proposed a dataset to explore the biases ex-528

ploited by LLMs. They found that LLMs exhibit529

entity hallucination bias on this dataset, thus de-530

creasing the performance of LLMs. Lin et al.531

(2025) also showed that premise order bias exists in532

the mathematical reasoning task. Sun et al. (2024b)533

proposed a causal-guided active learning frame-534

work to automatically identify biases without the535

prior knowledge, and found that LLM utilizes the 536

bias of semantic similarity and speculative word on 537

the NLI task. 538

Though there are many benchmarks proposed 539

to investigate the generalizability of LLMs, each 540

piece of data contains only one type of controlled 541

bias in most of these benchmarks (few of them 542

contains two types). However, a single piece of 543

data may simultaneously contain multiple types of 544

biases in practical applications. To mitigate this 545

gap, we propose a multi-bias benchmark in which 546

each piece of data contains multiple types of bias 547

features. By ensuring that these biases share the 548

same polarity, it can be very challenging even for 549

the most powerful LLMs. 550

Debiasing Methods for LLMs There are also 551

some works aiming at mitigating biases of LLMs. 552

Domain-context calibration method (Fei et al., 553

2023) uses random words sampled from the un- 554

labeled evaluation dataset as the content-free text, 555

and then calibrates the outputs based on the content- 556

free text to mitigate label bias. Batch calibra- 557

tion (Zhou et al., 2024a) method models the bias 558

from the prompt context by marginalizing the LLM 559

scores in the batched input. Causal-guided active 560

learning method (Sun et al., 2024b) first automat- 561

ically identifies biased instances and induces ex- 562

plainable biases. Subsequently, this method utilizes 563

these biased instances and explainable biases to de- 564

bias LLMs. UniBias (Zhou et al., 2024b) identifies 565

and eliminates biased feed-forward network layer 566

(FFN) vectors and attention heads within LLMs. 567

6 Conclusions 568

In this paper, we focus on examining the validity of 569

LLMs and debiasing methods in multi-bias ensem- 570

ble scenarios. Concretely, we propose MB-Ben, 571

the first multi-bias benchmark where each piece 572

of data contains 5 types of biases, for probing into 573

the performance boundary of LLMs and debiasing 574

methods in multi-bias ensemble scenarios. Then, 575

an evaluation of current LLMs and debiasing meth- 576

ods on MB-Ben is conducted. Evaluation results 577

show that current LLMs and debiasing methods 578

exhibit unsatisfied on this benchmark. Addition- 579

ally, our analysis shows that relying on scaling up 580

parameters or using slow thinking to improve the 581

generalizability on multi-bias ensemble scenarios 582

is not applicable considering the consumption of 583

massive resources. These results highlight the chal- 584

lenge of multi-bias ensemble scenarios. 585
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Limitations586

Although benchmarking the robustness of LLMs587

under multi-bias ensemble scenarios, further explo-588

ration is still needed to improve the robustness of589

LLMs in multi-bias ensemble scenarios.590
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Premise Hypothesis

N1 is a P1, V1. He S1 V2.
N1 is a P1. He V1. He S1 V2.

N1, a P1 by trade, V1. He S1 V2.
N1, a P1 by trade. he V1. He S1 V2.

N1 works as a P1, V1. He S1 V2.
N1 works as a P1. He V1. He S1 V2.

N1, recognized as a P1, V1. He S1 V2.
N1 is recognized as a P1. He V1. He S1 V2.

Table 7: This table presents four pairs of templates for
constructing MB-Ben.

A Details about the bias feature 766

Take the bias feature ‘male with female-biased oc- 767

cupations’ (Anantaprayoon et al., 2024) as an exam- 768

ple, this bias feature means that occupations statis- 769

tically related to female appears in the premise, and 770

male appears in the hypothesis (similar for male 771

with male-biased occupations). When gender infor- 772

mation is not explicitly stated in the premise, and 773

the actions described in the hypothesis can be logi- 774

cally inferred from those in the premise, LLMs tend 775

to infer the gender of the character in the premise 776

as female based on the occupation. Consequently, 777

LLMs may incorrectly judge that the character in 778

the premise and that in the hypothesis are not the 779

same individual (due to gender conflict), thereby 780

predicting that the premise contradicts to the hy- 781

pothesis. However, since no gender information is 782

provided in the premise, the relationship between 783

the premise and the hypothesis should actually be 784

neutral. For example, the premise is ‘the nanny 785

makes a face as she sits in front of a pizza at a 786
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table.’, and the hypothesis is ‘the man makes a787

face as she sits in front of a pizza at a table’. For788

this case, models tend to infer that Alex is female789

because of the stereotype associated with the occu-790

pation ‘nancy’, and thus predicting that the premise791

contradicts to the hypothesis. Nevertheless, the oc-792

cupation ‘nancy’ is not inherently gender-specific,793

so the true relationship between the premise and794

the hypothesis is neutral.795

B Templates796

We provide the templates that are used for con-797

structing out benchmark in Table 7.798

C Speculative Vocabulary799

Here we provide the full list of the speculative vo-800

cabulary that are used for constructing our bench-801

mark, including ‘could’, ‘might’, ‘probably’, ‘pre-802

sumably’, ‘must’, ‘may’.803

D More Experiments about Bias Polarity804

Study805

We provide the experimental results for exploring806

the bias polarity which is shown in Table 8. For807

the bias features ‘male with male-biased occupa-808

tions’ and ‘male with female-biased occupations’,809

we follow (Anantaprayoon et al., 2024) to devise810

datasets for experiments due to the difficulty in811

automatically extracting data containing these two812

types of bias features from existing datasets. For813

the other bias features, we construct the dataset for814

experiments by adopting the same methodology as815

illustrated in Sec. 2.816

E Prompts817

We provide the specific prompts used for zero-shot818

and few-shot experiments in Figure 5.819
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GPT-5.1 entailment neutral contradiction

hypothesis longer 39.4 25.2 35.4
hypothesis shorter 32.8 34.0 33.2
label distribution 33.3 33.3 33.3

GPT-5.1 entailment neutral contradiction

speculative word exists 39.5 25.8 34.7
speculative word absents 33.8 34.3 31.9

label distribution 33.3 33.3 33.3

GPT-5.1 entailment neutral contradiction

high lexical overlap 43.1 21.4 35.4
low lexical overlap 31.6 37.2 31.2
label distribution 33.3 33.3 33.3

GPT-5.1 entailment neutral contradiction

male with male-biased occupations 58.9 6.3 34.8
male with female-biased occupations 36.0 6.3 57.7

label distribution 33.3 33.3 33.3

Table 8: This table presents the distribution of the predicted labels by GPT-5.1 and in the dataset.

Zero-shot:

Examine the pair of sentences and determine if they exhibit entailment, neutral, or contradiction. Answer with either 'entailment', 'neutral', or 'contradiction':

Few-shot 1:

Examine the pair of sentences and determine if they exhibit entailment, neutral, or contradiction. Answer with either 'entailment', 'neutral', or 'contradiction’:

Premise: I am asserting my membership in the club of Old Geezers.

Hypothesis: I am proclaiming that I am now a member of the club of Old Geezers.

Answer: 'entailment’

Premise: Jon's feeling of age and weariness must have shown.

Hypothesis: Jon had traveled longer than his body could handle.

Answer: 'neutral’

Premise: oh really it wouldn't matter if we plant them when it was starting to get warmer.

Hypothesis: It is better to plant when it is colder.

Answer: 'contradiction’

Few-shot 2:

Examine the pair of sentences and determine if they exhibit entailment, neutral, or contradiction. Answer with either 'entailment', 'neutral', or 'contradiction’:

Premise: uh i don't know i i have mixed emotions about him uh sometimes i like him but at the same times i love to see somebody beat him.

Hypothesis: I like him for the most part, but would still enjoy seeing someone beat him.

Answer: 'entailment’

Premise: The new rights are nice enough. 

Hypothesis: Everyone really likes the newest benefits.

Answer: 'neutral’

Premise: This site includes a list of all award winners and a searchable database of Government Executive articles.

Hypothesis: The Government Executive articles housed on the website are not able to be searched.

Answer: 'contradiction'

Few-shot 3:

Examine the pair of sentences and determine if they exhibit entailment, neutral, or contradiction. Answer with either 'entailment', 'neutral', or 'contradiction’:

Premise: New York Times columnist Bob Herbert asserts that managed care has bought Republican votes and that patients will die as a result.

Hypothesis: Managed care bought Republican votes and patients will end up dead because of this.

Answer: 'entailment’

Premise: Dirt mounds surrounded the pit so that the spectators stood five or six people deep around the edge of the pit.

Hypothesis: The hole is seven feet deep.

Answer: 'neutral’

Premise: There are many homes built into the hillsides; some have been converted into art galleries and shops selling collectibles.

Hypothesis: All of the homes in the hillside have been converted into art galleries and shops selling collectibles.

Answer: 'contradiction'

Figure 5: Prompts utilized in out experiments.
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