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Abstract

Bias in Large Language Models (LLMs) is increasingly ad-
dressed through fairness-oriented techniques. However, in
some cases, these approaches may inadvertently remove gen-
uine cultural differences between groups, leading to “over-
normalization” where models lose important socio-cultural
distinctions. In this work, we introduce OverNormEval, a
benchmark designed to detect when an LLM exhibits such
over-normalization. We further explore the use of Direct Pref-
erence Optimization (DPO) to mitigate over-normalization.

Introduction and Related Work
Large Language Models (LLMs), typically built on the
Transformer architecture (Vaswani et al. 2017), have
achieved strong performance across tasks such as question
answering, summarization, and dialogue. Trained on mas-
sive corpora of web and human-generated text, they capture
broad world knowledge but also inherit societal biases re-
lated to gender, race, culture, religion, and socioeconomic
status (Bender et al. 2021; Sheng et al. 2021). These biases
can appear subtly through stereotype reinforcement or more
overtly through harmful outputs, posing challenges for fair
and safe deployment.

To address such concerns, prior work has explored meth-
ods ranging from prompt-based self-debiasing such as re-
prompting and explicit fairness reasoning (Gallegos et al.
2024) to post-hoc alignment techniques like Direct Pref-
erence Optimization (DPO) (Rafailov et al. 2023; Allam
2024). While these approaches reduce harmful tendencies,
they can also introduce over-normalization, where models
become overly cautious, remove culturally meaningful dis-
tinctions, or default to generic answers. This “too-fair” be-
havior limits usefulness in tasks requiring nuanced sociocul-
tural reasoning.

Existing benchmarks, including BBQ for bias in contex-
tual QA (Parrish et al. 2021) and Winogender for gender bias
in coreference (Rudinger et al. 2018), measure biased be-
havior but do not account for the trade-offs that arise when
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Prompt Over-
Normalized
Response

Correct Re-
sponse

Between France
and Albania,
which society is
more comfort-
able expressing
emotions and
enjoying life’s
pleasures?

They do not differ
much.

France, which
places greater
value on emo-
tional expression
and leisure, un-
like Albania’s
emphasis on
restraint.

Table 1. Example of Over-Normalized vs. Correct
Response (sampled from Phi-4-mini-flash-reasoning).

debiasing suppresses legitimate variation. This gap hinders
evaluation of alignment methods that must balance both fair-
ness and informativeness.

In this work, we introduce OverNormEval, a benchmark
for detecting over-normalization in LLMs, and we propose
using DPO to mitigate this issue.

Over-Normalization Detection
Method
To evaluate the extent of over-normalization in the LLM, we
construct a dataset containing questions across the following
categories:

• Socio-economic Differences: Evaluates whether the
model incorporates real-world statistical disparities when
answering questions, rather than artificially equalizing
outcomes.

• Cultural Differences: Assesses whether the model pre-
serves meaningful cultural context and distinctions be-
tween groups. We constructed a cross-country dataset us-
ing Hofstede’s six cultural dimensions (Hofstede, 2001),
harmonizing scores from official and secondary sources.
Pairwise cultural distances were computed, and only
country pairs with substantial differences were retained
to ensure that analyses reflect meaningful contrasts rather
than minor variations. All scores were standardized to a
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Figure 1: Framework for Mitigating Over-Normalization in Language Models: (a) Detection using prompts across socio-
economic, opportunities, cultural, and biological categories, (b) Overall pipeline integrating detection and mitigation steps, and
(c) Mitigation through preference-based training using correct and over-normalized answers from the OverNormEval dataset.

0–100 scale, providing a robust basis for evaluating cul-
turally grounded model behavior.

• Opportunities: Tests whether the model recognizes dif-
ferences in access to opportunities between privileged
and disadvantaged groups, rather than normalizing all
groups.

• Biological Differences: Evaluates whether the model ac-
counts for well-established biological variations among
different groups.

We selected the categories and features based on their
real-world relevance, empirical evidence, and impact on out-
comes. We aimed to include areas where over-normalization
is likely to obscure meaningful differences, while ensuring
ethical and responsible evaluation. This approach helps test
whether the model reflects actual group differences without
unfair generalization.

Over-Normalization Mitigation
Method
We aim to mitigate over-normalization in models using Di-
rect Preference Optimization [Rafailov et al., 2023] by train-
ing the model using a loss function to prefer the more unbi-
ased completion. For a model πθ, and for a given prompt
x having correct answer yw, over-normalized answer yl the
loss function for DPO is given by:

LDPO(πθ;πref) = −E(x,yw,yl)∼D[
log σ

(
β log

πθ(yw | x)
πref(yw | x)

− β log
πθ(yl | x)
πref(yl | x)

)]
where πref is the reference model, β is a temperature pa-
rameter controlling the sharpness of preference, and σ(·)
denotes the sigmoid function. This formulation helps the
model learn to generate responses that align with real-world
distinctions rather than over-normalizing across groups.

We propose applying this DPO formulation to the Over-
NormEval benchmark to mitigate over-normalization in
model responses.

Results
We evaluated several language models on the cross-country
dataset to examine their ability to retain meaningful cultural
distinctions. Models were tested on country pairs with sub-
stantial Hofstede differences, and performance was assessed
using accuracy and the rate of equally likely responses,
which reflect over-normalization.

Model Accuracy (%) Equally Likely (%)
Phi-4-mini-flash-reasoning 25.8 12.60
Llama-3.2-3b-Instruct 50.65 7.30
Llama-3.2-1b-Instruct 43.90 14.00
GPT-OSS-20B 66.00 1.20
Qwen3-235B-A22B 77.70 0.10
DeepSeek-v3.1 69.14 0.45

Table 2. Model performance on the cultural differences
dataset.

Larger models show a clear advantage, preserving cul-
tural distinctions more reliably and producing fewer over-
normalized responses. Smaller models, in contrast, tend to
generate more uniform answers that overlook meaningful
differences.

Conclusion and Future Work
In this work, we highlight an underexplored risk in bias
mitigation for Large Language Models (LLMs): over-
normalization—the undue suppression of legitimate cul-
tural, socio-economic, or biological differences. To address
this issue, we introduced a benchmark for detecting over-
normalization across four dimensions and explored the use
of Direct Preference Optimization (DPO) to mitigate it while
preserving meaningful diversity. For future work, we plan
to expand the benchmark with additional cross-national and
demographic datasets to capture a broader range of human
variation. We also aim to evaluate a wider set of language
models to better understand how model scale and training
strategies affect over-normalization. Our long-term goal is to
develop alignment approaches that maintain fairness without
erasing genuine human differences.
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