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ABSTRACT

Current benchmarks for logical reasoning in Large Language Models (LLMs) typ-
ically focus on formal deduction, induction, and abduction, implicitly assuming
that reasoning operates independently from social biases encoded in model rep-
resentations. However, in this work we review evidence indicating that reasoning
closely interacts with socially grounded priors. Recent work shows that stereo-
typical associations can influence both intermediate reasoning steps and final pre-
dictions. At the same time, leveraging this interaction, interventions on interme-
diate reasoning steps—such as filtering biased reasoning steps or self-debiasing
prompts—can reduce bias. Moreover, we provide an overview of social bias
benchmarks and metrics, across diverse cultural and geographic contexts, as a
starting point for more comprehensive evaluation of reasoning models. Content
Warning: This research involves the study of social biases. Consequently, the pa-
per contains examples of discriminatory language and stereotypes that may be
sensitive or upsetting to readers. These examples are included for the purpose of
scientific analysis and do not reflect the views of the authors.

1 INTRODUCTION

While current benchmarks for logical reasoning in Large Language Models (LLMs) focus heavily
on formal deduction, induction, and abduction using natural or symbolic language (Cheng et al.,
2025), they often overlook the impact of semantic interference caused by social biases embedded
in LLMs, implicitly assuming that reasoning operates independently of such biases. Emerging re-
search, however, shows that reasoning is deeply intertwined with socially grounded priors. When
applied to socially contextualized premises, stereotypical associations can act as logical distractors,
leading models toward intuitive but biased conclusions (Figure [I). In this light, social bias bench-
marks and metrics provide a way to obtain more comprehensive evaluations of reasoning. These
benchmarks create conditions in which multiple interpretations are plausible, and where reliance on
stereotypes can influence the reasoning process. Such conditions provide a more realistic measure of
model robustness, particularly for high-stakes applications such as legal or medical decision support.

INPUT PROMPT MODEL REASONING (EXCERPT)
The burglaries occur in the early morning hours. A truck at the

 Context: Stereo shops in the city have recently been !
1 burglarized in the early morning hours. Sergeant Adams asks | : ' rear door at 2 a.m. matches the likely burglary setup.

; bur _ . ' __ i . | The model
+ Officer Bryant to watch stores selling stereo equipment. : ; Statistically, in law enforcement exam contexts and crime | & introduces a

H I - X X . | paherns a group of young men (B) is often viewed as d hi
Question: Which situation should Officer Bryant |nvestlgate’7 | more likely to match this type of heavy-lifting burglary. sterzg;;./g;a(';/c:ﬁng

1 A. Truck at rear door at 2 a.m., two young women outside. Alternatlve As similar to B, but less likely to be the intended | men as likely

: B. Truck at rear door at 2 a.m., two young men outside. i correct” answer in a standard testing scenario compared to B.: offenders) that is not
1 C. Delivery van behind store at 11:30 p.m. : supported by the

: D. Two teenage boys looking at stereos at midnight. ' Based on the context provided by Sergeant Adams, Officer premises of the

problem.

Figure 1: Bias in intermediate reasoning steps. In an adapted prompt from LogiEval (Liu et al.,
2025])), the model bypasses logical cues and draws on a demographic stereotype (“young men are
more likely. ..”) to produce its answer. Generated using Gemini web interface (reasoning mode).

In this paper, Section 2] reviews benchmarks and metrics for evaluating social bias that can comple-
ment logical reasoning assessments. We then examine prior work showing how reasoning mech-



Accepted at the ICLR 2026 Workshop on Logical Reasoning of Large Language Models

anisms interact with social bias: Section [3] details how bias can be amplified within the reasoning
process itself, while Section 4{ explores how reasoning can also be leveraged as a tool to mitigate
these biases through targeted interventions.

2 SOCIAL BIAS BENCHMARKS AND METRICS

In this section, we categorize social bias benchmarks by structure—following the taxonomy of |Gal-
legos et al| (2025)—and by geographic origin (Table [T). This overview clarifies how bias is typ-
ically operationalized, providing a basis for more comprehensive evaluations of reasoning models
and helping interpret the analyses discussed later in this work.

Table 1: Overview of social bias benchmarks categorized by continent of origin.

Continent Benchmarks

North America BBQ, BOLD, CrowS-Pairs, StereoSet, WinoBias
Europe HONEST, Multilingual CrowS-Pairs, RedditBias
Asia CBBQ, CVQA, KoBBQ, SPICE, TrustGPT
Latin America HESEIA, LACES, SHADES

Africa AfroBench, AfriStereo

Middle East ArabicStanceX, MENAValues

Global (Synthetic) HarmfulQ, SeeGULL, SeeGULL Multilingual

Question-Answering. Benchmarks: BBQ (Parrish et al., [2022), CBBQ (Huang & Xiong, [2024),
KoBBQ (Jin et al.,[2024)), HarmfulQ (Shaikh et al., 2023), CVQA (Romero et al.,[2024)), AfroBench
(subtask) (Ojo et al.|[2025), MENAValues (Zahraei & Asgari,2025) and ArabicStanceX (Alkhathlan
et al.l [2025).

These benchmarks evaluate how models retrieve information and apply reasoning when answering
socially or culturally grounded queries. They capture three complementary aspects: (1) reliance on
stereotypes in ambiguous contexts, where the information provided is insufficient for a definitive
answer; (2) cultural competence and the ability to retrieve local knowledge; and (3) alignment with
region-specific values or stances. Associated metrics are detailed in Table 2] (Appendix [A).

Counterfactual Inputs. Benchmarks: WinoBias (Zhao et al., 2018)), CrowS-Pairs (and Multilin-
gual) (Nangia et al.,2020; Névéol et al., |2022), StereoSet (Nadeem et al.,|2021)), SPICE (Dev et al.,
2023)), SeeGULL (and Multilingual) Jha et al.| (2023)); Bhutani et al. (2024), SHADES (Mitchell
et al., 2025), AfriStereo (Beux et al., [2025), RedditBias (Bariker1 et al., 2021), HESEIA (Ivetta
et al., |2025), LACES (Ivetta et al.,[2026).

These datasets usually contain pairs or tuples of sentences that can reveal differences in model
predictions across social groups. Counterfactual instances are created by replacing a social attribute
while preserving all other tokens and the underlying meaning, such that significant changes in model
predictions may indicate bias. Evaluation often relies on stereotype scores derived from pseudo-log-
likelihood, with associated metrics detailed in Table [3| (Appendix [A).

Sentence Completions. Benchmarks: BOLD (Dhamala et al.,2021), HONEST (Nozza et al.,[2021)),
TrustGPT (Huang et al.| 2023)).

These datasets provide sentence prefixes that the model must complete. Instead of relying on con-
trived bias triggers, as often done in counterfactual input datasets, these benchmarks aim to match
the distribution of human-written text to model more natural language use and potentially untargeted
biases. In these completions, bias is typically quantified through distribution analysis of word co-
occurrences, auxiliary classifiers measuring sentiment or toxicity, and lexicon-based methods that
compare generated outputs against lists of biased or harmful terms. Associated metrics are detailed
in Table ff] (Appendix [A).
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3 REASONING CAN AMPLIFY SOCIAL BIAS

In this section, we review recent studies showing how reasoning mechanisms in LLMs are inherently
tied to social bias through the amplification of stereotype-aligned responses.

Shaikh et al|(2023)) show that zero-shot prompt-induced CoT reasoning can reduce model accuracy
(defined in Table 2 in ambiguous multiple-choice question-answering settings, increasing the like-
lihood of biased responses. The study evaluates CoT reasoning triggered by the phrase “Let’s think
step by step” against a standard prompt that directly asks for an answer, across GPT-3 (text-davinci-
001 to 003) (Brown et al., [2020; |Ouyang et al., 2022) and Flan-T5 models (Chung et al., [2024)).
The experimental setup includes the CrowS-Pairs, StereoSet, and BBQ benchmarks. The first two
were reformulated as multiple-choice tasks with an explicit uncertainty option, treated as the cor-
rect response under ambiguous conditions. Results show that CoT reasoning consistently reduces
accuracy in ambiguous contexts compared with direct prompting for GPT-3 models. Under the ac-
curacy definition introduced in Table 2] this decrease indicates that when models are encouraged to
reason step by step, they become less likely to acknowledge uncertainty and more likely to produce
stereotype-consistent answers. This suggests that reasoning traces can function as a mechanism for
rationalizing socially grounded assumptions rather than correcting them. For Flan-T5 models, the
authors observe an inverse scaling effect: under CoT, accuracy on stereotype benchmarks decreases
and then plateaus as model size increases, while performance on general reasoning benchmarks such
as MMLU (Zhao et al.|[2025)), BBH (Suzgun et al., |2023)) and MGSM (Shi et al.,2022) steadily im-
proves with scale. This pattern suggests that improvements in general reasoning benchmarks do not
necessarily translate into greater robustness to socially grounded ambiguity.

Complementing work on prompt-induced CoT, Wu et al.[(2025) focus on models with native rea-
soning capabilities and show that these improve question-answering performance, but do not reduce
social bias. Their results further indicate that biased reasoning is particularly associated with incor-
rect answers. To examine this, reasoning-oriented DeepSeek (8B, 32B) models (Hu et al.} [2025) are
compared with similarly sized instruction-tuned baselines, including Llama-3.1-8B-Instruct (Meta
Llama Team, [2024) and Qwen2.5-32B-Instruct (Qwen Team) 2024), on the BBQ benchmark across
both ambiguous and disambiguated contexts. In contrast to [Shaikh et al.[ (2023), where accuracy
is used as a proxy for bias, Wu et al.| (2025)) evaluate accuracy and bias separately. Accuracy is
defined as the proportion of correct answers over the total number of questions, while bias mea-
sures the extent to which model responses align with stereotypical answers when a response other
than “Unknown” is provided (see Table [2|for details). Results indicate that while reasoning models
consistently achieve higher accuracy than their counterparts in both ambiguous and disambiguated
settings, they also exhibit higher levels of bias. Consistent with |Shaikh et al.| (2023), increasing
model size does not mitigate this effect. Beyond outcome-level evaluation, [Wu et al.|(2025) apply
an LLM-as-a-judge method (Kumar et al.| 2024)), instantiated with GPT-40, to analyze intermediate
reasoning steps. Their analysis shows that while stereotypical reasoning can occasionally appear in
correct answers, it is far more prevalent in the reasoning traces of incorrect responses, suggesting a
strong link between biased reasoning and prediction errors.

Taken together, these results indicate that stronger reasoning capabilities do not necessarily translate
into more reliable decisions. Instead, reasoning processes can amplify social bias, particularly in
ambiguous contexts where stereotypes provide an intuitive shortcut.

4 REASONING CAN CONTROL SOCIAL BIAS

Since reasoning can amplify bias, recent work has begun to explore reasoning itself as a point of
intervention for detecting and mitigating bias.

Building on their earlier findings that incorrect answers from reasoning models often contain bi-
ased intermediate steps (Section , Wu et al.| (2025)) investigate whether removing such steps could
improve model accuracy on cases that were initially answered incorrectly. Their Stereotype-free
Reasoning Pattern (STRP) filters out biased intermediate steps and injects the remaining clean traces
into the instruction-tuned models Llama-3.1-8B-Instruct and Qwen2.5-32B-Instruct, comparing out-
comes against using the original unfiltered traces. Results show that guiding models with the filtered
traces increases answer accuracy, suggesting that biased assumptions can shape intermediate reason-
ing steps and that intervening on these steps can reduce bias while improving prediction accuracy.
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Wau et al.| (2025)) further propose Answer Distribution as a Bias Proxy (ADBP), a mitigation strategy
that operates directly on model outputs without external judge models. The approach assumes that
when bias affects the reasoning process, model predictions become unstable as intermediate steps are
progressively revealed. To capture this behavior, ADBP prompts the model with increasingly longer
prefixes of its reasoning chain while monitoring changes in its predictions. When inconsistencies
are detected, the model is prompted to reconsider potential bias before finalizing its answer. Applied
to DeepSeek (8B, 32B) on initially incorrect predictions, ADBP improves answer accuracy. This
suggest that reasoning-time dynamics contain signals about the presence of bias, and that monitoring
answer stability can help detect and mitigate biases that emerge during the reasoning process.

Gallegos et al.| (2025) propose a zero-shot self-debiasing prompting method that leverages
explanation-based reasoning to reduce bias. Instead of modifying or monitoring reasoning steps,
the model is prompted to examine multiple-choice options and identify those based on invalid as-
sumptions before producing a final answer. Tested on the ambiguous subset of BBQ using the bias
metric introduced by |Parrish et al.| (2022)) (Table |2)) with GPT-3.5 Turbo, the method reduces bias
scores by encouraging more uncertainty-aware responses. These findings indicate that explicitly
reasoning about stereotypical assumptions can alter model predictions.

Yang et al| (2025) extend this perspective to the evaluation stage. They propose the Reasoning-
based Bias Detector (RBD), a model-agnostic module that generates reasoning to identify and mit-
igate systematic biases in LLM-as-a-judge settings. Unlike prior approaches that filter, monitor, or
prompt over reasoning traces, RBD relies on reasoning models fine-tuned to produce bias-aware
explanations (e.g., variants of DeepSeek-R1-Distill, Qwen-7B, LLaMA-8B, and Qwen-14B). Given
an input and an initial judgment, RBD predicts whether the decision is affected by evaluation biases
such as verbosity, position, bandwagon, or sentiment bias. When bias is detected, the evaluator is
re-prompted with a bias label and reasoning trace to encourage self-correction. Experiments across
multiple evaluators and bias types show consistent improvements in evaluation accuracy, with larger
RBD models yielding greater gains. Although this work targets evaluation-specific biases, it simi-
larly highlights reasoning as a useful tool for detecting and correcting biased behavior.

Overall, these findings highlight that reasoning and bias are closely linked, rather than being inde-
pendent processes. Moreover, focusing on their interaction provides an effective way to detect and
mitigate undesired biased behaviors.

5 CONCLUSIONS

Current evaluation paradigms often treat logical reasoning in LLMs as a “cleanroom” process, as-
suming that reasoning operates independently from socially grounded knowledge. Evidence shows
that reasoning mechanisms strongly interact with social priors, sometimes amplifying stereotypical
conclusions in ambiguous contexts, but also offering opportunities for bias detection and mitiga-
tion. These findings highlight that reasoning and social bias are intertwined and jointly shape model
behavior.

Our analysis suggests that reasoning evaluation can benefit from measuring robustness to socially
contextualized premises. Integrating social bias benchmarks would allow to test whether models
maintain logically grounded conclusions when demographic or cultural attributes vary. This interac-
tion depends on the cultural and geographic priors embedded in training data: a model that appears
unbiased in one context (e.g., BBQ) may fail under the social nuances of others (e.g., AfriStereo).
This underscores the role of participatory and cross-cultural benchmarks that capture locally situated
forms of bias, rather than relying solely on Western-centric settings. In this work, we provide a set
of benchmarks and metrics as evaluation resources. However, developing metrics that specifically
capture the interaction between reasoning and social bias remains an open challenge.

This survey highlights the importance of incorporating social bias benchmarks and metrics into
reasoning evaluation pipelines. Integrating social robustness into the evaluation of reasoning systems
is key to developing models that behave reliably in high-stakes, real-world applications.
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A APPENDIX

Table 2: Bias metrics for the Question-Answering category as introduced in the
taxonomy in Section 2] and under multiple choice settings.

Question-Answering (multiple choice)

Metric Formula, variables & interpretation Authors
Accuracy Acc = Bk Shaikh et al{(2023)
(bias proxy)

Nunk: number of Unknown answers
N: number of questions

Used in ambiguous QA settings with an uncertainty option.
Lower values indicate a higher tendency to avoid the
Unknown option, potentially relying on stereotypes.

SAMB sams = (1 — Acc) [2(L> - 1] Parrish et al.| (2022)

Nnon-unk
Niiereo: number of stereotype-aligned non-Unknown answers
Npon-unk: number of non-Unknown answers

Ace: accuracy (proportion of instances in which the model
correctly selects the Unknown option for ambiguous
questions)

Used in ambiguous QA settings with an uncertainty option.
Higher values indicate stronger bias.

Biasams Biasamp = Nuonstereo Wu et al.| (2025)

non-unk
Nion-stereo: NUMber of answers avoiding the stereotype
Nion-unk: number of non-Unknown answers

Used in ambiguous QA settings with an uncertainty option.
Lower values indicate less avoidance of stereotypical
responses, reflecting stronger bias.

Biasais' Biasgs = 2 = — 1 Wu et al.| (2025);
. Parrish et al.| (2022)
Niiereo: number of stereotype-aligned answers
Npon-unk: number of non-Unknown answers

Used in disambiguated QA settings with an uncertainty
option. Higher values indicate stronger bias.

! Referred to as spis in [Parrish et al.| (2022); both denote the same metric.
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Table 3: Bias metrics for the Counterfactual Inputs category, as introduced in the
taxonomy in Section

Counterfactual Inputs

Metric Formula, variables & interpretation Authors
CrowS-Pairs CPS(S) = ey log P(u | Uyy, M; 6) Nangia et al.|(2020)
Score U': shared tokens between stereotypical and anti-stereotypical

sentences

M tokens encoding the modified social attribute
0: model parameters

Evaluates preference between counterfactual sentence pairs
by estimating the likelihood of shared tokens U conditioned
on modified attribute tokens M. Higher values indicate
stronger bias.

Context CAT(S) = 13y X nenr log P(m | U; 6) Nadeem et al.|(2021)
Association Test

U': sentence context

M candidate completions (stereotypical, anti-stereotypical,

unrelated)

0: model parameters

Evaluates counterfactual completions by estimating the
likelihood of each attribute in M given a context U, and
quantifies bias as the model’s relative preference (the
percentage of instances where the stereotypical option is
preferred over the anti-stereotypical one).

10
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Table 4: Bias metrics for the Sentence Completion category, as introduced in the
taxonomy in Section

Sentence Completion

Metric Formula, variables & interpretation Authors
Co-Occurrence CoBias(w) = log gé:ﬁ:ﬁ?; Bordia & Bowman
Bias Score ! 2019)

w: target token

A;, Aj: sets of attribute words (e.g., feminine vs. masculine
terms)

Measures the association of a token with different attribute
groups based on co-occurrence statistics in generated text.
Values above zero indicate stronger association with A;,
below zero with A;.

Counterfactual ~ CSB(Y) = Wi(P(c(Yi) | A = 1), P(c(Y;) | A = j)) Huang et al{(2020)
Sentiment Bias PN
Y;, Y;: generated texts under counterfactual prompts

A: protected attribute

¢(Y): sentiment score from some classifier c
Wi (-): Wasserstein-1 distance between distributions

Measures differences in sentiment distributions across
counterfactual groups. Higher values indicate stronger bias.

oy 29, ev Zyev, Mutex (9)

HONEST HONEST(Y) T Nozza et al.|(2021)

Yi: top-k generated completions per prompt
g: individual generated token

Thuriex (9): indicator for words in the HurtLex lexicon
(Bassignana et al.} 2018)

k: number of completions per prompt

Measures the proportion of generated words that appear in a
lexicon of hurtful terms. Higher values indicate more harmful
or biased content.
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