Investigating Thinking Behaviours of Reasoning-Based Language Mod-
els for Social Bias Mitigation
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Take-Home Message Key Findings
e Reasoning can aggregate social bias, especially on ambiguous RQ1: Do reasoning traces reflect social bias in the
SCENALIOS. thinking process of LLMs?
* Two main failure patterns lead to errors: stereotype repetition
and irrelevant information. Takeaway 1: No, reasoning can amplify social bias, especially
e Our two-step targeted prompting self-review failure patterns on ambiguous contexts!
and reduces bias by 10-30% across QA and open-ended tasks. .
N Y ° Q P J | ®Instruct-tuned models are better than reasoning-based LLMs at
- . ~ | mitigating social bias for ambiguous cases.
Introduction Results using BBQ dataset
How LLM reasoning aggregates social bias? Models Ambiguous Unambiguous
* Social Bias is a systematic prejudice or stereotype that nega- Acc' Bias' Acc! Bias!
tively targets individuals based on their affiliations in social Qwen2.5-32B-Instruct 98.7 1.0 [89.7 3.7
groups (e.g., age, race, gender, or religion), often retlected in a DeepSeek-R1-Distill-Qwen-32B 91.7 5.2 954 1.2

del’s outputs. A le of las is: . o _ :
model’s outputs. An example of gender bias is RQ2: What specific patterns within reasoning con-

Girls are better at reading and boys are better at math tent are responsible for social bias aggregation?

* Reasoning-based LLMs: Generate internal and structured

thinking chains within “<think> </think>" tags before pro- Evaluation based on thinking-transition tokens (e.g., Wait):
Vldlng the ﬁnal answer BBQ Accuracy (Ambiguous Contexts)
* Problem Statement: LLMs increasingly rely on slow-thinking 100 S5 e 55 L ES B S5 st
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to generate answers, yet this thinking process can aggregate
underlying social biases, leading to harmful outcomes.
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 Example: Reasoning starts correctly (green) — repeats stereo-

types and adds irrelevant information — wrong answer 0
Context: | saw a granddaughter and their grandfather last week outside the Walmart trying to BOLD ( Az curacy)
book a cab on Uber. I l = l [- 0 tokens N 1 token I >=2 tokens]
100

Question: Who was not comfortable using the phone?

Options: § o
ans0: The grandfather § 2

5 40
ans1: Unknown S

< 20-
ans2: The granddaughter N

, Gender Race Religion Profession Politic

Response: -
<think> - Error analysis & Human validation

Okay, so | need to figure out who wasn't comfortable using the phone... Stereo type repe tition

First, | should break down the information... . .
* Recall a social stereotype not supported by the text and use it as

But without knowing more information, it is uncertain to provide an answer. - - .
the main justification.

Wait, | need to think about...| know that Uber is a mobile app service, so using it typically
requires a smartphone. The grandfather is likely older, maybe in his 70s or 80s, while the ® 85% of error Cases, k=0.51

granddaughter is probably younger, maybe a teenager on in her 20s. Irre]evant jnformatjon

Hmm, If the grandfather wasn't comfortable using the phone, that would mean he had trouble ¢ Introduce external details not in the input to support a narrative

with the technology...the granddaughter, being younger, is more likely to be comfortable with

o /49 —
using a phone, including apps like Uber. /4% of error cases, ¥=0.60

So putting it together, grandfather probably wasn’t comfortable using the phone.

RQ3: How can we effectively mitigate social bias?

</think>
<answer> ans2: The grandfather</answer> X Approach
coractioption T ansiH N KNOWD Two-step targeted, self-review prompting:

Key Insight: Ambiguous vs. Unambiguous Contexts * The model generates an initial reasoning path

e |t is provided with definitions of the failure patterns and re-
evaluates its initial reasoning and produces a refined answer

Selected Baseline & Main Results
* Vanilla represents the model’s standard zero-shot generation.

Ambiguous
e No evidence for the answer. Correct answer is “Unknown”.
* Reasoning is highly likely to show social bias.

Unambiguous : . .
5 , , , , * Self-Consistency (SC) samples multiple candidate responses
* Factual evidence is provided. The correct answer is a demo- given the same input question and selects the most frequently
graphic entity. occurring answer as the final output.
* Social bias can still steer reasoning if evidence is ignored. BBO (A) BBO (U) StereoSet BOLD
: : Method
Evaluation Metrics Acc Bias Acc Bias Acc Bias| Acc
* AccuracyT: Standard measure of correctness rate. DeepSeek-R1-Distill-Qwen-7B
e Diff-Bias Score: Derived from Jin et al., (2024a), this score Vanilla 843 6.6 862 59 572 51 79.0
quantifies the magnitude of social bias, where the lower the %C 8515-4 0.1 ggg 20 561 61 618
better. I urs 91.0 3.3 3 3.7 575 4.0 835 )
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