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Abstract

With the evolution of large language models
(LLMs), their robustness against individual sim-
ple biases has been enhanced. However, we
observe that the ensemble of multiple simple
biases still exerts a significant adverse impact
on LLMs. Given that real-world data sam-
ples are typically confounded by a wide range
of biases, LLMs tend to exhibit unstable per-
formance when deployed in high-stakes real-
world scenarios such as clinical diagnosis and
legal document analysis. However, previous
benchmarks are constrained to datasets where
each sample is manually injected with only one
type of bias. To bridge this gap, we propose a
multi-bias benchmark where each sample con-
tains multiple types of biases. Experimental
results reveal that existing LLMs and debias-
ing methods perform poorly on this benchmark,
highlighting the challenge of eliminating such
compounded biases.

1 Introduction

Large language models (LLMs) have demonstrated
remarkable performance across diverse domains
(Achiam et al., 2023). However, previous works
have shown that LLMs would also learn bias dur-
ing the training process (Schick et al., 2021; Nav-
igli et al., 2023; Klimashevskaia et al., 2024), lead-
ing to poor generalizability of LLMs (Du et al.,
2023; Cheng and Amiri, 2024; Yang et al., 2025).
Thus, it is crucial to assess LLMs’ generalizability
with respect to biases.

Recently, with the evolution of LLMs, their ro-
bustness against individual simple biases has been
enhanced. However, we observe that the ensemble
of multiple simple biases still exerts a significant
negative influence on LLMs. As shown in Fig-
ure 1(a), this example ensembles multiple types
of simple biases that have been identified in the
natural language inference (NLI) task (Gururangan
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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.

et al., 2018; Anantaprayoon et al., 2024; Sun et al.,
2024b), and these biases have the same polarity ‘en-
tailment’ (i.e., each of these biases induces LLMs
to exhibit an identical prediction tendency toward
‘entailment’), thereby producing a cascading am-
plification effect. Current LLMs tends to predict
that the premise entails the hypothesis for this case
due to these biases. However, the gender of Alex
is not mentioned in the premise and constables can
also be women. Therefore, the true relationship
between the premise and the hypothesis is neutral.
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Furthermore, our experimental results presented
in Figure 1(b) demonstrate that the performance
of different LLMs all exhibits a degradation as the
number of manually introduced biases increases,
which indicates that LLMs are susceptible to be-
ing misled by a series of simple biases. Given that
real-world data samples are typically confounded
by a wide range of biases, LLMs tend to exhibit
unstable performance when deployed in real-world
scenarios. This unstable performance carries pro-
found and far-reaching risks across diverse appli-
cation scenarios, undermining both the reliability
of model outputs and the trustworthiness of LLM-
driven decision-making systems. For example, in
high-stakes domains such as clinical diagnosis and
legal document analysis, LLMs may generate dis-
torted conclusions or recommendations influenced
by a series of simple biases, thereby inflicting sub-
stantial losses.

However, the vast majority of prior benchmarks
(Manerba et al., 2024; Bang et al., 2024) are lim-
ited to datasets containing merely one category of
manually introduced bias, with only a handful of
exceptions that cover two distinct bias types. To
mitigate the limitations of existing evaluation, we
propose a Multi-Bias Benchmark (MB-Ben), in
which each piece of data contains multiple sim-
ple biases with consistent polarity. This design is
motivated by the observation that biases with con-
sistent polarity all induce LLMs to make the same
biased prediction, thereby hindering LLMs from
leveraging useful semantic information during the
inference process—an cascading amplification ef-
fect exemplified in Figure 1(a).

Following previous works (Dasgupta et al., 2018;
McCoy et al., 2019; Rajaee et al., 2022; Mckenna
et al., 2023; Anantaprayoon et al., 2024), we
choose the NLI task, on which previous researchers
have conducted extensive studies regarding bias, as
the task format of this multi-bias benchmark. Sub-
sequently, we explore and verify the polarity of the
biases that have been discovered on the NLI task
utilizing the widely used LLM GPT-5.1-2025-11-
13 (Achiam et al., 2023). Then, we select multiple
types of simple biases with consistent polarity, and
manually inject these biases into each data to con-
struct the multi-bias benchmark. Finally, to quan-
tify the generalizability of LLMs, we thoroughly
evaluate the mainstream LLMs and debiasing meth-
ods.

Evaluation results demonstrate that even the
most powerful LLMs and debiasing techniques are

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 ‘high semantic similarity’ or ‘low semantic
similarity’.

insufficient in handling multi-bias ensemble scenar-
ios, exhibiting a significant performance drop com-
pared to the benchmark containing only a single
bias. Furthermore, our analysis indicates that rely-
ing on scaling up parameters and using slow think-
ing to improve the generalizability on multi-bias
ensemble scenarios are not advisable, considering
the consumption of massive resources. The dataset
is publicly available at https://github.com/spirit-
moon-fly/MB-Ben.

2 Preliminary

This section first overviews the bias feature and
bias polarity. Then, we conduct experiments for
exploring if LLMs still suffer from simple biases.
Below, X and Y denote the input instance space
and the answer space, respectively.

2.1 Bias Feature and Bias Polarity

Bias refers to the unwanted correlation between
feature b (related to x ∈ X) and specific answer
y ∈ Y that holds true for some data but not for all
(Sun et al., 2024b). Specifically, we denote b as
bias feature, and define bias polarity as the predic-
tive tendency of an LLM (e.g., a preference for a
specific label in discriminative tasks) that is elicited
by the bias feature b. Since this correlation does
not hold true for all the data, when LLMs leverage
this correlation to solve tasks, they make errors.
For instance, regarding the bias feature ‘high lex-
ical overlap’: in training datasets, ‘entailment’ is
generally the correct answer when there is a high
degree of lexical overlap between the premise and
hypothesis (Rajaee et al., 2022). As a result, LLMs
trained on such data also learn the correlation be-
tween ‘high lexical overlap’ and the answer ‘entail-
ment’, and tend to predict ‘entailment’ whenever
lexical overlap is high—even if the true relation-
ship between the premise and hypothesis is neutral
or contradiction. Hence, biases are a critical factor
that impairs the performance of LLMs.
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Bias Feature Bias Polarity
hypothesis shorter: the hypothesis is shorter than the premise by more than five words entailment

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

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).

2.2 LLMs Still Suffer from Simple Biases

In this section, we first design experiments for in-
vestigating whether current LLMs are still suscep-
tible to simple biases. Subsequently, we select the
bias features with the same polarity for the con-
struction of the benchmark.

Take the bias features ‘high semantic similarity’
and ‘low semantic similarity’ as examples, previ-
ous work (Sun et al., 2024b) has not quantified the
high and low levels of semantic similarity. How-
ever, to investigate whether LLMs still suffer from
the bias feature ‘high semantic similarity’, it is
necessary for us to propose a definite metric for
this bias feature to identify data samples that ex-
hibit this bias feature (similar for ‘low semantic
similarity’). Specifically, we set two thresholds, α
and β, such that approximately 15% of the data
in the MNLI dataset has a Bertscore (Zhang et al.,
2020) either greater than α or lower than β (in
practice, the α and β are 0.88 and 0.83, respec-
tively). Data samples with a Bertscore exceeding
0.88 are considered to exhibit the bias feature of
‘high semantic similarity’ (the same for ‘low se-
mantic similarity’). To investigate whether LLMs
still suffer from these two bias features, we ran-
domly select 3,000 samples with balanced labels
from existing large-scale crowdsourced datasets
MNLI (Williams et al., 2018) for each bias feature,
respectively. Then, we statistically analyze the la-
bel distribution predicted by GPT-5.1-2025-11-13
(Achiam et al., 2023). If the LLM were unaffected
by a certain bias feature, the predicted proportion
of each label should follow a uniform distribution,
otherwise, it indicates that the LLM is still sus-
ceptible to this bias feature. Additionally, labels
with significantly higher proportions than those in a
uniform distribution represent the polarity of LLM

under this bias feature. Experimental results are
shown in Table 1.

From the table, we can find that GPT-5.1 still
suffer from these two biases, and it tends to predict
‘entailment’ and ‘neutral’ for bias features ‘high
semantic similarity’ and ‘low semantic similarity’,
respectively. As a result, the polarity of the bias
feature ‘high semantic similarity’ is ‘entailment’
(and ‘neutral’ for the bias feature ‘low semantic
similarity’). For the other bias features, we also
conducted similar experiments (which can be found
in Appendix D). Eventually, the bias features that
still exist in GPT-5.1, as well as their polarities,
are shown in Table 2. To ensure the consistency
of polarities for selected bias features, we choose
the bias features ‘hypothesis shorter’ (Dasgupta
et al., 2018), ‘high lexical overlap’, ‘high semantic
similarity’, ‘speculative word exists’ (Sun et al.,
2024b), and ‘male with male-biased occupations’
(Anantaprayoon et al., 2024) to construct our multi-
bias benchmark (Subsequent experiments reveal
that the ensemble of five simple biases is sufficient
to demonstrate the poor performance of LLMs on
multi-bias ensemble scenarios). Moreover, to in-
vestigate scenarios where different bias features
do not share the same polarity, we choose the bias
features ‘high semantic similarity’ and ‘low lexical
overlap’ to construct datasets for exploration.

3 Constructing Benchmark for
Evaluating Multi-bias Robustness

The challenge of constructing a multi-bias bench-
mark lies in how to achieve controllable construc-
tion of labels and multiple biases with the same
polarity. This is because, samples carrying the bias
we selected are predominantly labeled as entail-
ment in existing corpus. However, we also need to
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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).

construct counterfactual samples with labels of neu-
tral and contradiction that occur rarely in existing
corpus. To overcome this challenge, we design a
data generation process that consists of three main
steps, where each step introduces distinct bias fea-
tures to the data: (i) Template construction; (ii)
vocabulary construction and template completion
using the constructed vocabulary; (iii) verification
of bias features on each generated data. Below, we
elaborate on the dataset construction pipeline by
taking an example where each sample incorporates
all the five selected bias features.

3.1 Template Construction

We construct four pairs of templates for the la-
bel ‘neutral’ and the other two labels, respectively.
Each template is explicitly incorporated with the
bias features ‘male with male-biased occupations’
and ‘speculative word exists’. Below is one pair of
template, the first template is for the label neutral
and the second is for the other two labels:

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

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

where N1 is a unisex name; P1 represents a male-
biased occupation (defined as an occupation with
a statistically significant male predominance) em-
ployed to control the bias features ‘male with male-
biased occupations’; S1 stands for a speculative
word such as ‘might’; V1 and V2 are two verb
phrases used to control the bias features ‘high lexi-
cal overlap’ and ‘hypothesis shorter’, respectively.
Note that we also control that the gender informa-
tion is not introduced in V1, so that the label of
the samples constructed using the first template is
always neutral. Full list of the templates can be
found in Appendix B.

3.2 Vocabulary Construction and Template
Completion

We drew our occupation vocabulary that includes
87 male-biased occupations from Anantaprayoon
et al. (2024), and name vocabulary that contains
30 unisex names from the website1. For specula-
tive vocabulary, we manually collect 6 speculative
words (shown in Appendix C).

To control the answer of the generated data, we
use GPT-4o to construct the vocabulary of verb
phrase pairs (V1, V2) and verify their validity. For
each pair of them, the two verb phrases are used to
fill in the premise and the hypothesis, respectively.
To control the bias features ‘high lexical overlap’
and ‘hypothesis shorter’, we utilize an automatic
program to ensure that each verb phrase pair has a
remarkably high degree of lexical overlap, and the
verb phrase corresponding to the premise is more
than three words longer than that corresponding to
the hypothesis (since the other part of the premise
is at least two words longer than that of the hypoth-
esis in each template). Meanwhile, we manually
verify whether each verb phrase pair always results
in the premise entailing (or contradicting to) the
hypothesis after inserted into the templates. Three
of the authors were involved in this verification pro-
cess, and it was ensured that all three of us deemed
that each verb phrase pair satisfied these require-
ments. Finally, we got a vocabulary containing
200 pairs of verb phrases (100 pairs corresponds
to the label ‘entailment’ and 100 pairs corresponds
to the label ‘contradiction’). After collecting the
vocabulary, we can complete the template by ran-
domly extracting items from the vocabulary. Note
that when constructing data with the ‘neutral’ la-
bel, we also use verb phrase pairs corresponding to
the label ‘entailment’. Since the ‘neutral’ label is
determined by templates, this does not affect the

1https://www.behindthename.com/names/gender/unisex
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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 73.7 71.8 46.7 72.8 65.5 49.6 34.2

DC 86.5 76.7 69.4 53.6 82.4 73.8 71.8 46.9 73.0 66.3 54.5 39.8
BC 86.7 76.8 69.8 53.9 82.6 73.9 71.9 47.0 73.2 66.0 55.1 41.9

Unibias 86.4 76.3 69.9 53.4 82.5 73.7 71.2 46.5 72.7 65.7 53.3 38.2
CAL 87.9 78.2 70.5 54.8 82.9 74.4 72.9 52.2 72.9 65.6 54.7 38.4

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 76.5 74.0 59.6 75.9 69.9 56.6 39.7

DC 88.6 80.6 73.8 57.3 84.3 76.9 74.2 59.4 77.8 70.6 57.4 45.3
BC 88.7 81.2 74.6 57.5 84.4 76.7 74.3 59.1 78.4 70.9 58.2 47.8

Unibias 88.4 80.2 73.3 57.1 84.6 76.6 73.6 59.2 76.3 69.5 56.4 42.4
CAL 88.5 80.8 74.2 57.4 84.2 77.6 74.0 59.4 77.1 70.4 57.8 46.4

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.

correctness of the data.

3.3 Verification of Bias Features

To ensure that the constructed data meets the re-
quirements of five bias features, we employ an
automatic program to select data that satisfies the
requirements of these bias features. Take the bias
feature ‘high semantic similarity’ as an example,
we calculate the Bertscore (Zhang et al., 2020) be-
tween the premise and hypothesis and only retain
data where the Bertscore exceeds 0.88 during this
verification process. By doing these, we construct a
multi-bias benchmark that contains 6,000 samples
with balanced labels. Some dataset samples are
provided in Table 3.

In addition to the dataset that contains all the five
selected bias features, we also construct a dataset
(including 6000 samples) where each sample ran-
domly contains three of these five bias features,
following the same construction process.

4 Experiments

In this section, we explore four core research
questions with the proposed multi-bias benchmark.
RQ1: Do LLMs exhibit a rapid degradation as the
number of manually introduced biases increases?
RQ2: Are existing state-of-the-art (SOTA) debias-
ing methods still effective in multi-bias ensemble
scenarios? RQ3: Can the challenges of multi-bias
ensemble scenarios be solved by scaling the model
parameters? RQ4: Do slow thinking mechanisms
offer a viable solution to the challenges posed by
multi-bias ensemble scenarios?

4.1 Evaluation Setup

Models We adopt three open-sourced models
Qwen3-235B-A22B (Team, 2025), Gemma3-27B-
it (Team et al., 2025), and Llama3.1-8B-Instruct
(Dubey et al., 2024) for evaluating the robustness
of LLMs and different debiasing methods against
multi-bias ensemble scenarios. We evaluate in
two ways: zero-shot, few-shots prompting (without
slow thinking). For few-shot experiments, we ran-
domly select three examples with balanced labels
from the MNLI training set. All experiments are
done for three times and we report the average of
the accuracy.
Datasets In addition to the constructed benchmark
datasets where each sample incorporates either
three or five distinct types of bias features (here-
inafter denoted as MB-Ben-3 and MB-Ben-5 to
differentiate between the two variants based on
the number of bias features), we further select
the crowdsourced dataset MNLI (Williams et al.,
2018), and the meticulously curated HANS (Mc-
Coy et al., 2019) dataset in which each instance
contains one type of manually controlled bias (lex-
ical overlap) for experimental analysis. Since the
gold labels for the MNLI test set are not publicly
available, we follow previous work and report the
results on the development-matched set.
Debiasing Methods In this work, we conduct a
comprehensive analysis of the existing debiasing
methods for LLMs, including DC (Fei et al., 2023),
BC (Zhou et al., 2024a), Unibias (Zhou et al.,
2024b), and CAL (Sun et al., 2024b) methods. Ad-
ditionally, we also report the results of vanilla in-
context learning.

More details about the specific prompts used for
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Qwen3-235B-A22B Gemini-3-flash GPT-5.1 Claude-opus-4.7

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 59.1 53.2 77.5 54.7 70.7 55.8 81.9 61.1

Thinking 71.4 53.8 81.7 56.2 87.9 57.1 82.3 63.4

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.

evaluation can be found in Appendix E.

4.2 Main Results

Experimental results are shown in Table 4 (owing
to space constraints, MB-Ben-3 and MB-Ben-5
are shortened to MB-Ben3 and MB-Ben5 in this
figure), from which we find that:

(1) Comparing the performance of three LLMs
on the HANS, MB-Ben-3, and MB-Ben-5 datasets,
it is evident that the performance on MB-Ben-3
and MB-Ben-5 datasets is much lower than that on
HANS, with MB-Ben-5 yielding the lowest results.
The experimental results also shows that different
LLMs all exhibits a rapid degradation as the num-
ber of manually introduced biases increases, which
demonstrates that LLMs are susceptible to being
misled by a series of simple biases.

(2) Compared to the vanilla zero-shot and few-
shot prompting methods, current debiasing meth-
ods achieve better performance in general (with BC
and CAL methods perform the best in few-shot and
zero-shot scenarios, respectively.). This demon-
strates the effectiveness of current debiasing meth-
ods. However, these methods still perform poorly
on the MB-Ben-5 dataset, which indicates that cur-
rent debiasing methods is not effective enough in
multi-bias ensemble scenarios. This also highlights
the importance of devising debiasing methods that
can deal with multi-bias ensemble scenarios.

(3) Compared to smaller LLMs, the performance
of larger LLMs on the MB-Ben-3 and MB-Ben-5
datasets is higher in general, which indicates that
larger LLMs are more robust in multi-bias ensem-
ble scenarios. However, scaling up model size
requires massive resources and current LLMs’ per-
formance is far from expectations even for the LLM
at the 200-billion parameter scale, indicating that
only relying on scaling up parameters to improve
the generalizability on multi-bias ensemble scenar-
ios is not advisable.

4.3 Analysis of Average Predicted Probability

To conduct a more in-depth analysis of whether
increasing model scale can improve LLMs’ robust-
ness in multi-bias ensemble scenarios, we statisti-
cally analyzed the average predicted probability of
LLMs for each label (i.e., the mean value of the
probability that LLMs predict a certain label for
each individual data point in the dataset). Specifi-
cally, we selected Qwen3-8B, Qwen3-14B, Qwen3-
32B (Team, 2025) for experiments to eliminate the
confounding effects of model types and model ar-
chitectures (e.g., mixture-of-experts). Zero-shot
evaluation results for the MB-Ben-5 dataset are
shown in Figure 2.

From the figure, it can be found that the average
predicted probability of labels ‘neutral’ and ‘contra-
diction’ are significantly lower than that of the label
‘entailment’, which suggests that the bias features
contained in these data induce LLMs to exhibit a
strong tendency to predict ‘entailment’. This aligns
with the original intention of constructing the MB-
Ben-5 dataset. As the five injected bias features
all induce LLMs to tend to predict ‘entailment’,
these LLMs predict ‘entailment’ most of the time,
thereby exhibiting lower average predicted proba-
bility on other label categories. Furthermore, com-
paring the average predicted probability of the label
‘entailment’ among three LLMs, it can be found
that the average predicted probability is lower for
larger LLMs, which indicates that the increase in
the number of model parameters exerts a certain
effect on reducing the bias of LLMs. However,
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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.

the decrease of the average predicted probability
is relatively small. Considering the significant in-
crease in required computational resources, it is
not a good direction to improve the robustness of
LLMs in multi-bias ensemble scenarios only by
scaling up parameters.

4.4 Different Thinking Modes Comparison

Slow thinking is a thoughtful process where LLMs
decompose, reflect on, and plan for a problem prior
to generating a formal response. This line of think-
ing modes has been successfully implemented in a
wide range of LLMs such as Qwen3-235B-A22B
(Team, 2025), Gemini-3-flash-preview (Comanici
et al., 2025), GPT-5.1-2025-11-13 (OpenAI, 2025),
and Claude-opus-4.7 (Anthropic, 2025). To investi-
gate whether slow thinking enhances the robustness
of LLMs against multi-biases ensemble scenarios,
we utilize the above four LLMs for experiments.
For these models, we conduct experiments on the
MB-Ben-3 and MB-Ben-5 datasets with and with-
out slow thinking. For GPT-5.1 and Claude-opus-
4.7, we set the reasoning effort to high and xhigh

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

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.

when conducting experiments of slow thinking. For
experiments of slow thinking, we set the max to-
kens to 8,192. Experimental results are shown in
Table 5. From the table, we can find that using slow
thinking can improve the performance on multi-
bias ensemble scenarios for the same LLM in gen-
eral. However, the performance improvement is
relatively low. Considering the significant increase
in inference time, it is inappropriate to enhance the
robustness of LLMs in multi-bias ensemble scenar-
ios through using slow thinking.

For a more in-depth analysis, we statistically ana-
lyzed the error rates of four LLMs with and without
slow thinking for each label. Specifically, we con-
duct a statistical analysis on the evaluation results
of the MB-Ben-5 dataset. As shown in Figure 3,
the error rate of data whose gold answer is ‘neutral’
and ‘contradiction’ are significantly higher than
those with the gold answer ‘entailment’, which
suggests that the bias features contained in these
data induce LLMs to exhibit a tendency to predict
entailment. This aligns with the original intention
of constructing the MB-Ben-5 dataset. Though this
phenomenon is also observed in Figure 4, the error
rates of data whose gold answer is ‘neutral’ and
‘contradiction’ are relatively lower than that in Fig-
ure 3, which indicates that slow thinking can exert
a certain degree of debiasing effect for LLMs.

4.5 Analysis of LLMs’ Behavior with
Different Polarity of Bias Features

To investigate scenarios where different bias fea-
tures do not share the same polarity, we choose
two bias features with distinct bias polarities to
conduct experiments. Specifically, we adopt two
representative bias features—high semantic simi-
larity (with an entailment polarity) and low lexical
overlap (with a neutral polarity)—as illustrative
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cases to construct a 2-bias dataset for in-depth ex-
ploratory analysis.

To construct the 2-bias dataset, we filter out data
samples from the SNLI dataset (Bowman et al.,
2015) that exhibits these two bias features while
excluding those with the other bias features listed
in Table 2. Ultimately, a label-balanced dataset
with 6,000 samples was constructed. We did not
adopt this method to develop the multi-bias bench-
mark, primarily because existing datasets rarely
contain samples that simultaneously exhibit more
than two bias features. Additionally, we also fil-
ter out samples from the SNLI dataset which only
exhibit the bias feature ‘high semantic similarity’
or ‘low lexical overlap’ while excluding those with
the other bias features (these two datasets are short
for S-bias and L-bias respectively in Table 6). Fi-
nally, we get two label-balanced 1-bias datasets
with 6,000 samples. We conduct experiments on
these two 1-bias datasets and the 2-bias dataset
using Gemma3-27B-it and Llama3.1-8B-Instruct.
The experimental results are shown in Table 6.

Comparing the vanilla zero-shot method be-
tween two 1-bias datasets and the 2-bias dataset,
it can be found that the performance on the 2-bias
dataset is higher than that on two 1-bias datasets
for two LLMs. This demonstrates that bias features
with different polarities (entailment and neutral)
counteract each other to a certain extent, so that the
bias features’ impact on LLMs is relatively lower
for the 2-bias dataset. Additionally, we also ob-
serve that previous debiasing methods is also effec-
tive for data with different bias polarities. However,
the performance improvement of these debiasing
methods on 2-bias dataset is relatively low, which
indicates that current debiasing methods are also
not effective enough in scenarios with different
polarity of bias features.

5 Related Work

Bias Evaluation Benchmarks Some recent stud-
ies (Fei et al., 2023; Zhou et al., 2024c; Sun et al.,
2024a; Zhou et al., 2024a) have revealed that LLMs
still utilize biases during the inference stage, and
found that this phenomenon leads to poor perfor-
mance when generalizing to out-of-distribution sce-
narios. Zhou et al. (2024d) found that LLMs uti-
lized lexical and style biases in sentiment anal-
ysis tasks and propose a benchmark for verifica-
tion. Anantaprayoon et al. (2024) proposed the
NLI-CoAL benchmark to examine the gender bias

within LLMs, which indicates that LLMs exhibit
gender bias even in the NLI task. Steen and Mark-
ert (2024) focused on the news summarization task
and proposed a dataset to explore the biases ex-
ploited by LLMs. They found that LLMs exhibit
entity hallucination bias on this dataset, thus de-
creasing the performance of LLMs. Lin et al.
(2025) also showed that premise order bias exists in
the mathematical reasoning task. Sun et al. (2024b)
proposed a causal-guided active learning frame-
work to automatically identify biases without the
prior knowledge, and found that LLM utilizes the
bias of semantic similarity and speculative word on
the NLI task.

Though there are many benchmarks proposed
to investigate the generalizability of LLMs, each
piece of data contains only one type of controlled
bias in most of these benchmarks (few of them
contains two types). However, a single piece of
data may simultaneously contain multiple types of
biases in practical applications. To mitigate this
gap, we propose a multi-bias benchmark in which
each piece of data contains multiple types of bias
features. By ensuring that these biases share the
same polarity, it can be very challenging even for
the most powerful LLMs.
Debiasing Methods for LLMs There are also
some works aiming at mitigating biases of LLMs.
Domain-context calibration method (Fei et al.,
2023) uses random words sampled from the un-
labeled evaluation dataset as the content-free text,
and then calibrates the outputs based on the content-
free text to mitigate label bias. Batch calibration
(Zhou et al., 2024a) method models the bias from
the prompt context by marginalizing the LLM
scores in the batched input. Lv et al. (2025) in-
troduces a historical bias calibration strategy that
leverages deviations in the model’s past response
logits to mitigate cognitive biases in its current
knowledge boundary assessment, and this methods
works well in retrieval-augmented generation sce-
narios. Causal-guided active learning method (Sun
et al., 2024b) first automatically identifies biased
instances and induces explainable biases. Subse-
quently, this method utilizes these biased instances
and explainable biases to debias LLMs. UniBias
(Zhou et al., 2024b) identifies and eliminates bi-
ased feed-forward network layer (FFN) vectors and
attention heads within LLMs.

Though there are some methods proposed to de-
bias LLMs, they cannot deal with multi-bias ensem-
ble scenarios as shown in our experiments. This
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highlight the necessary of devising methods that
can eliminate multiple types of biases simultane-
ously.

6 Conclusions

In this paper, we focus on examining the validity of
LLMs and debiasing methods in multi-bias ensem-
ble scenarios. Concretely, we propose MB-Ben,
the first multi-bias benchmark where each piece
of data contains 5 types of biases, for probing into
the performance boundary of LLMs and debiasing
methods in multi-bias ensemble scenarios. Then,
an evaluation of current LLMs and debiasing meth-
ods on MB-Ben is conducted. Evaluation results
show that current LLMs and debiasing methods
exhibit unsatisfied on this benchmark. Addition-
ally, our analysis shows that relying on scaling up
parameters or using slow thinking to improve the
generalizability on multi-bias ensemble scenarios
is not applicable considering the consumption of
massive resources. These results highlight the chal-
lenge of multi-bias ensemble scenarios.

Limitations

Although benchmarking the robustness of LLMs
under multi-bias ensemble scenarios, further explo-
ration is still needed to improve the robustness of
LLMs in multi-bias ensemble scenarios.
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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

Take the bias feature ‘male with female-biased oc-
cupations’ (Anantaprayoon et al., 2024) as an exam-
ple, this bias feature means that occupations statis-
tically related to female appears in the premise, and
male appears in the hypothesis (similar for male
with male-biased occupations). When gender infor-
mation is not explicitly stated in the premise, and
the actions described in the hypothesis can be logi-
cally inferred from those in the premise, LLMs tend
to infer the gender of the character in the premise
as female based on the occupation. Consequently,
LLMs may incorrectly judge that the character in
the premise and that in the hypothesis are not the
same individual (due to gender conflict), thereby
predicting that the premise contradicts to the hy-
pothesis. However, since no gender information is
provided in the premise, the relationship between
the premise and the hypothesis should actually be
neutral. For example, the premise is ‘the nanny
makes a face as she sits in front of a pizza at a
table.’, and the hypothesis is ‘the man makes a
face as she sits in front of a pizza at a table’. For
this case, models tend to infer that Alex is female
because of the stereotype associated with the occu-
pation ‘nancy’, and thus predicting that the premise
contradicts to the hypothesis. Nevertheless, the oc-
cupation ‘nancy’ is not inherently gender-specific,
so the true relationship between the premise and
the hypothesis is neutral.

B Templates

We provide the templates that are used for con-
structing out benchmark in Table 7.

C Speculative Vocabulary

Here we provide the full list of the speculative vo-
cabulary that are used for constructing our bench-

mark, including ‘could’, ‘might’, ‘probably’, ‘pre-
sumably’, ‘must’, ‘may’.

D More Experiments about Bias Polarity
Study

We provide the experimental results for exploring
the bias polarity which is shown in Table 8. For
the bias features ‘male with male-biased occupa-
tions’ and ‘male with female-biased occupations’,
we follow (Anantaprayoon et al., 2024) to devise
datasets for experiments due to the difficulty in
automatically extracting data containing these two
types of bias features from existing datasets. For
the other bias features, we construct the dataset for
experiments by adopting the same methodology as
illustrated in Sec. 2.

E Prompts

We provide the specific prompts used for zero-shot
and few-shot experiments in Figure 5.
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GPT-5.1 entailment neutral contradiction

hypothesis shorter 39.4 25.2 35.4
label distribution 33.3 33.3 33.3

GPT-5.1 entailment neutral contradiction

speculative word exists 39.5 25.8 34.7
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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