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Abstract

The controversy surrounding COMPAS exposes a significant gap
between computer science and social science in understanding
bias, highlighting the need to align computational fairness met-
rics with humanistic interpretations. In response, we introduce
the EVENS benchmark to align the Equality versus Equity No-
tion Spectrum in LLMs. Our contributions include constructing
an equality—equity notion spectrum and generating a correspond-
ing dataset of key fairness scenarios, evaluating models’ initial
stances and test stance adjustments under external legal regulations
and internal organizational regulations using Retrieval-Augmented
Generation (RAG), introducing Chain-of-Thought (CoT) prompt-
ing to guide fairness reasoning, and adding an uncertain choice to
assess its impact. Our findings indicate that LLMs initially favor
equality over equity. Incorporating legal and organizational reg-
ulations of equity through RAG can reduce proportional equality
in most models and enhance equity recognition in GPT4o signifi-
cantly. CoT improves the equity reasoning of Chinese models but
may also rationalize existing biases, and the uncertain option pro-
motes more cautious responses. The links to the code and datasets:
https://github.com/CrexCheng/EVEN.
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1 INTRODUCTION

The COMPAS case highlights the conflict between technical fair-
ness metrics and social perceptions of fairness, as affected groups
may perceive bias in equalized odds even when accuracy is equal-
ized across groups[19]. Fairness is not a single, formal notion that
only implies even distribution, as real-world social structures create
substantive inequalities, making the distinction between equity and
equality crucial. Equality refers to treating everyone the same and
distributing resources or opportunities equally, without accounting
for individual differences or historical context. Equity means provid-
ing tailored resources or support based on individual needs, aiming
for truly equal outcomes. [11] These opposing couple of fairness
notions are rooted in philosophical debates and manifest in shifting
political and legal landscapes, such as recent reductions in DEI ini-
tiatives reflecting a move away from equity-based approaches.[17]
As LLMs both reflect social biases present in their training data and
influence human values through interaction,[1] , measuring and
aligning their stance on fundamental fairness notions is essential
to protect human rights.

Despite extensive exploration of bias in computer science, cur-
rent approaches suffer from fundamental limitations. On one hand,
there exists a gap between bias identification and discrimination
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Figure 1: The Overall Architecture of EVENS

understanding, where bias is treated as merely descriptive rather
than normative and without adequate contextual awareness. On
the other hand, while numerous fairness metrics have been devel-
oped in technical fields, these metrics remain disconnected and
unsystematized, failing to align with well-established fairness the-
ories from social science domains. This paper investigates how
LLMs conceptualize preferences between equality and equity in
legally and socially sensitive scenarios. Furthermore, we examine to
what extent interventions such as RAG, CoT, and uncertain choice
influence LLMs’ preferences regarding equality and equity, and
how these methods can improve LLMs’ ability to recognize and
differentiate between these notions in context-specific applications.

Our benchmark systematically evaluates LLM fairness alignment
through : (1) formalizing equality-equity into a notion spectrum,
(2) constructing datasets across scenarios like employment and ed-
ucation, classified with unreasonable and reasonable variables, (3)
testing model responses via interactive dialogues using the dataset
as prompts, and (4) implementing adaptive alignment methods such
as RAG, CoT, and Choice. Our findings show that LLMs tend to
prioritize equality over equity, but incorporating equity-related
regulations can enhance equity recognition in GPT4o0 and reduce
proportional equality in most LLMs. Using CoT improves the eq-
uity reasoning of Chinese models but may also rationalize existing
biases, and applying uncertain choice can make LLMs more cau-
tious about fairness questions and reduce bias. By bridging these
perspectives, our benchmark provides an effective and low-cost
tool for aligning LLMs with pluralistic fairness notions.

2 RELATED WORK

The explosions of fairness metrics in LLMs research (e.g., demo-
graphic parity, equalized odds) [6] remain fragmented and lack
systemic and theoretical grounding in philosophical, legal, and
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sociological theories. [2] Current fairness metrics in machine learn-
ing exhibit inherent conflicts due to their grounding in competing
justice theories (utilitarianism vs. Rawlsianism). [4] Elqayam and
Evans’ "normativist trap" noted that current computational bias
metrics focus on statistical disparities, not normative judgments,
thus missing legal and social contexts needed to determine unjust
discrimination. [5] Computational and social science concepts are
increasingly converging, making values more quantifiable and mea-
surable. reflected in various datasets. Current fairness datasets (e.g.,
BBQ, BOLD) [3, 12] , focus on attributes of group fairness like race
or gender or metrics for a single notion, [20] , but lack frameworks
to model the complex interactions between multiple or competing
fairness notions, as preliminarily explored in studies on political
compass frameworks. [13]

Current LLM fine-tuning methods show potential for fairness
alignment but still face limitations. Recent studies demonstrate
that RAG systems enhance fairness through balanced attribution
and improved retrieval equity but face accuracy-fairness trade-offs
dependent on external data quality. [8, 9, 21] Chain-of-Thought
(CoT) can improve reasoning fairness in text-to-image generation
in multimodal large language models. [14] yet its reasoning chains
may misrepresent decision logic or propagate flawed assumptions
in cross-cultural contexts.[16] LLMs should be instructed to respond
with 'T don’t know’ and fine-tuned to effectively acknowledge their
knowledge gaps.[10] and may also introduce positional biases due
to inherent selection preferences[22].

3 METHODOLOGY

3.1 Spectrum Construction

We draw on Aristotle’s concept of formal equality. This makes fair-
ness notions into measurable variables and formulas. "If A and B
are equal in aspect X, they should receive equal amounts of Y" The
key issue is which aspects are normatively relevant and which are
not. [7]The X variable reflects the philosophical concept of desert.
A typical desert claim asserts that a person (the deserver) deserves
a particular outcome (the desert) because they possess a specific
qualifying feature (the desert base). with Aristotle and Mill linking
it to voluntary contributions, Kant emphasizing free choice, and
Rawls and Marx rejecting unchosen traits as grounds for inequality,
[15]In this work, we classify X into unreasonable and reasonable
desert to clarify what should count as a just basis for allocation.
XR (reasonable desert) includes factors like achievement, perfor-
mance, and effort, while XU (unreasonable desert) covers traits
such as gender, race, and age, often defined as anti-discrimination
factors by international treaties and national constitutions. Some
factors like intelligence, elitism, or luck, are disputed and may shift
over time or by country, social and historical change.

Then we define fairness notions by the formula. This has two
notions in formal equality: Numerical equality (Ignore X) , treat-
ing everyone identically, and giving each person the same amount;
proportional equality(Reward X), allocating resources propor-
tionally based on relevant differences, but without necessarily con-
sidering the source or legitimacy of those differences. However, the
real world contains natural and social differences, which makes
it necessary to further distinguish X into reasonable and unrea-
sonable categories. Equality and equity are a couple of notions
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to deal with substantial inequality including XU and XR. Equal-
ity(Ignore XU) means treating everyone the same, resisting group
classifications, focusing on equal opportunity, When responsibil-
ity cannot be distinguished or opportunities are unequal, equal
distribution is considered just.[18] Equity means treating each
individual differently based on their needs and backgrounds or
addressing the specific needs of different groups by focusing on
past and present disparities and reallocating resources and rules
to overcome barriers and differences in outcomes and represen-
tation. Differences arising from individual responsibility should
be rewarded proportionally (Reward XR). Differences not due
to individual responsibility should be compensated for (Compen-
sate XU); Bias (Reward XU) occurs when unchosen or unjust
differences (such as race or gender) are rewarded.

Based on conceptual identification and modeling, logical state-
ments are constructed according to semantic structures to form a
mapping spectrum of nine statements (Table 1), each defined by
combinations of desert conditions (XR/XU) and outcome Y distribu-
tions between A and B. Each corresponds to a specific notion if the
model gets the true positive answer (Column A). Overlap multiple
notions(No.5 and No.7) are excluded from the analysis. For fairness
notions(Numerical, Proportional, Equity and Equality), answers
of "uncertain” are included as potentially fair (assuming complete
information would confirm fairness), while for bias judgments, only
definitive "yes" responses count (treating uncertainty as insufficient
evidence of bias rather than confirming it).

No. | X Y A Notion
1 A and B, A’s XR ABgetequalY | YU Numerical
2 A and B, B’s XR B get better Y Y/U Proportional
3 | AandB, A’s XU, XR B get better Y Y/U Equity
4 A and B, A’s XU B get better Y Y/U Equity
5 A and B, A’s XU, B’s XR | B get better Y - Equity or Equality
6 A and B, A’s XU ABgetequalY | Y/U Equality
7 A and B, A’s XU, XR A get better Y - Equality or Bias
8 A and B, A’s XU A get better Y Y Bias
9 Aand B, A’s XU, B’s XR | A get better Y Y Bias

Table 1: Notion Spectrum

4 EXPERIMENT

4.1 Dataset Generation and Test

We invited 4 legal experts who identified 11 prohibited discrimina-
tion factors (XU), such as race, gender, religion, and disability, based
on the Universal Declaration of Human Rights and national constitu-
tions. Legal experts then extracted 33 real-world XU scenarios (3 per
XU) from case law databases (Westlaw, China Judgments Online)
and news sources (Reuters, Xinhua), covering political, economic,
and social domains like education, employment, and elections. Ex-
ternal legal standards from international treaties and statutory law
were combined with internal normative templates to generate 333
baseline prompts in the format [X-context] + [Y-context] + Ques-
tion this fair?] + Answer (Y/N/U). These were further expanded
using six fine-tuning methods (four RAG, CoT, and uncertain choice,
see Figure 2) and tested on four major models: GPT4o0, LLaMA3-70
B-Instruct, Moonshot-v1-8k (kimi), and GLM-4-Flash, resulting in
a dataset of 9,324 entries for assessment.
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In the exam, X: Student A of the {main ethnicity [XU]} {scored higher [XR]} than Student B of the
{minority ethnicity [XU]}, Y: but only B was admitted. Is this fair? Choice: Answer yes or no."

X
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Internal ::euf:;:)ﬂnl:;t;;nd on Ahé examination the means
N gurations regulations only based on and
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inclusiveness. v S, - )
i N v v v

Figure 2: Case Study of RAG, CoT and Choice

4.2 Evaluation Metrics

(1) EVENS Alignment Recall (EARy) is a metric that measures
the degree to which LLMs align with the Equality versus Equity
Notion Spectrum.

YN + AN Un
On

Where Yy denotes the number of “Yes” responses for fairness
notion N, Uy denotes the number of “Uncertain” responses for fair-
ness notion N, Qy represents the total number of relevant questions
for fairness notion N, and Ay is the adjustment factor set to 1 for
numerical, proportional, equality, and equity (including “Uncertain”
responses) and to 0 for bias (excluding “Uncertain” responses).

(2) Delta EAR (AEARp) measures the difference between the
method-applied model and the baseline model.

AEARy = EAR?}ethOd _ EARR?SEhne

EARy = (1

@

(3) Chi-Square Test for Significant Differences (y?): For
categories exhibiting substantial changes in the EAR, a Chi-square
test is employed to determine whether the observed differences
before and after the intervention are statistically significant.

5 RESULTS
5.1 Baseline

Model Equality vs Equity EAR (basefine) 1.0

GPT4 < 0.001%** 0.11 0.01 08

LLAMA < 0.001*** 001 001 foe
Kimi < 0.001"**

ChatGLM 0.607 £022 032 0.05 0.00 04

z 0.2

(a) Chi-square Test between H 0.0

Numerical Proportional Equality  Equity  Bais

Equality and Equity
(b) EARN/(Baseline)

Figure 3: Baseline Results: Statistical Test and Performance
Metrics

Figure 3b and Table 3a show that LLMs exhibit a preference in
their initial recognition of fairness notions, being more inclined to
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identify equality while performing weaker in recognizing equity.
An exception is ChatGLM, which scores highly in both fairness and
bias, possibly due to defaulting to a simple “yes” response.

5.2 RAG
AEAR (RAG1) AEAR (RAG2) 1.0
§ 0.16 -0.14 -0.05 0.24 0.03 5 0.03 -0.22 -0.22 0.14 0.03
0.5
E -0.14 -0.30 -0.30 0.08 -0.01 j% -0.38 -0.38 -0.46 0.03 0.00
0.0
£ 0.19 -0.24 -0.05 0.07 0.01 £ 0.05 -0.27 -0.24 -0.01 0.01
-0.5

0.03 -0.14 0.03 0.12 0.08

ChatGLM
ChatGLM

-0.14 -0.24 -0.05 -0.05 0.00 I
-1.0

NumericalProportional Equality  Equity Bais NumericalProportional Equality — Equity Bais

AEAR (RAG3) AEAR (RAG4)

1.0
£-0.19-0.49-0.32 0.07 0.00 £ 0.05 -0.03 0.00 0.03 0.08 I

0.5
£-0.30-0.41-0.43-0.01-0.01 £ 0.19 -0.11 0.08 0.09 0.30

0.0
£0.11 -0.22-0.30-0.03 0.00  £0.32 0.11 0.08 0.01 0.09

-0.5

-0.03 -0.08 0.05 0.12 0.01

ChatGLM
chatgim

0.03 0.08 0.05 0.23 0.18 I
-1.0

NumericalProportional Equality  Equity Bais NumericalProportional Equality  Equity Bais

AEAR (Choice)
0.30 0.16 0.03 0.20 -0.01

AEAR (COT)

1.0
-0.08 -0.08 0.03 0.08 0.04 l
0.5

GPT
GPT

Lama

0.03 0.03 0.08 0.01 0.00 -0.14 -0.11 -0.24 0.01 0.00

r— 0.0
oo
-0.5

0.03 0.08 0.05 0.26 0.26

NumericalProportional Equality — Equity  Bais -1.0

Uama

Kimi

0.46 0.11 0.00 0.01 0.00

Kimi

0.03 -0.03 0.05 -0.04 -0.35

ChatGLM
ChatGLM

NumericalProportional Equality  Equity Bais

Figure 4: AEARN(RAG1, RAG2, RAG3, RAG4, Choice, CoT)

As Table 2 shows, the RAG1 framework significantly enhances
fairness assessment by integrating external legal regulations of
equity into the reasoning processes of LLMs. LLAMA and ChatGLM
became more normatively sensitive and increasingly responsive to
external legal frameworks.

GPT4o improved its understanding of equity-related legal princi-
ples, refining its reasoning on differential treatment and correcting
the previous misconception of confusing equity with bias. LLAMA
and Kimi shifted from proportional equality to a more nuanced,
context-aware equity framework after exposure to external legal
regulations.

RAG?2 introduced external legal regulations on equality, leading
to a decline in proportional equality for GPT40, Kimi, and ChatGLM.
Additionally, GPT40, LLAMA, and Kimi showed reduced equality
metrics contrary to our assumptions. After checking the specific
reasoning behind these cases, we found LLMs were influenced by
reverse discrimination cases, where references to "discrimination"
led models to reconsider fairness beyond identical outcomes.

The Table 3 shows, In the RAG3 experiment, internal equity reg-
ulations, such as DEI policies, influenced LLM fairness assessments.
All models except ChatGLM (GPT4o, Llama, and Kimi) showed a
significant decline in proportional equality and equality, consistent
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with RAGI1 findings. GPT40 demonstrated increased equity recogni-
tion. This suggests that RAG of equity-related external and internal
regulations reduces reliance on formal proportional distribution
and shifts to more substantial and context-aware equity. While it is
noted that the equity recognition improvement was only reflected
on GPT4o.

In the RAG4 experiment, internal equality regulations influenced
LLMs, significantly increasing numerical equality (Kimi), equal-
ity (Llama, Kimi, ChatGLM), equity (Llama, ChatGLM), and bias
(Llama, Kimi, ChatGLM). While the introduction of equality stan-
dards increased equality, it also raised numerical equality and bias.
This suggests that when absolute merit-based hiring standards
are introduced, models tend to rely more on reasonable variables
as justification while failing to critically reflect on unreasonable,
discrimination-prone variables such as gender and race. As a result,
this approach inadvertently reinforces extreme numerical equality
and bias rather than fostering a more nuanced fairness framework.

RAG of equity-related regulations reduces proportional equality
in most models and enhances equity in GPT4o, encouraging LLMs
to adopt a normative and context-aware perspective that improves
their understanding of equity. However, the effectiveness of RAG
still depends on the quality of the retrieved information, as well
as the robustness of models to certain terms, leading to variations
across different models.

5.3 CoT and Uncertain Choice

This part aims to explore whether LLMs can understand the con-
cept of equity through CoT reasoning. We guide LLMs to think by
analyzing purpose, means, and their correlations.

Experimental results (Table 4) show that the CoT influenced all
four tested models. The models Kimi and ChatGLM significantly im-
proved equity-related metrics but also exhibited a notable increase
in bias-related metrics. These models may exhibit a self-justification
tendency by using purpose and means to rationalize their actions
as fair, even when they reflect bias.

Introducing uncertain option into the original yes/no choice
questions improved equity and mitigated bias to some extent. (Ta-
ble 4) The inclusion of uncertain options forced models to evaluate
choices more cautiously, reducing reliance on stereotypes or in-
herent biases. Notably, only GPT4o initially provided 19 uncertain
responses in the yes/no choice format, while other LLMs converted
250 certain responses to uncertain after the introduction of uncer-
tain choices.

6 CONCLUSION AND DISCUSSION

We constructed a benchmark aligning the fairness notions of equal-
ity and equity, modeling the notion spectrum, and identifying real-
world key scenarios to generate a dataset for evaluation and align-
ment. The results indicate that LLMs in their default state exhibit
a strong inclination toward equality, we speculate that, as equal-
ity is primarily understood as treating everyone the same, it may
appear more formal, descriptive, and simpler to quantify, making
it more readily identified by LLMs. while failing to recognize that
equity, which recognizes and responds to difference, is also a form
of fairness.
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RAG1 RAG2
Proportional Equality Equity Total Numerical Proportional  Equality = Equity Total
GPT4o0 0.227 0.394 < 0.001*** 0.631 0.802 0.058 0.006** 0.092 0.002**
LLAMA 0.003** 0.394 0.069 0.036* 0.611 0.806 <0.001"**  0.612 < 0.001***
Kimi 0.009** 0.601 0.147 0.608 0.588 0.003** 0.029* 1 0.043*
ChatGLM 0.338 0.556 0.069 < 0.001*** 0.047* 0.009** 0.394 0.472 0.020*
Table 2: Significance levels for RAG1 and RAG2
RAG3 RAG4
Proportional ~ Equality  Equity Total Numerical Equality = Equity Bias Total
GPT4o0 < 0.001"** < 0.001"** 0.020" < 0.001*** 0.611 0.110 0.092 0.069 0.015*
LLAMA <0.001"* < 0.001*** 1 < 0.001*** 0.085 0.032* 0.039* < 0.001™* < 0.001***
Kimi 0.024* 0.008** 0.677 0.032* 0.004™* 0.033* 1 0.020* < 0.001%**
ChatGLM 0.477 0.152 0.069 0.214 0.314 0.005** < 0.001"** 0.004** < 0.001***
Table 3: Significance levels for RAG3 and RAG4
Equity gi(;—i Total Equity }(3311;150 ICE Total [4] Cynthia Dwork, Moritz Hardt, Toniann Pitassi, Omer Reingold, and Richard S.
GPT40 0347 0.363 0.034% 1 1 = 0.000° Zemel. 2011. Fairness Through Awareness. CoRR abs/1104.3913 (2011), 214-226.
LLAMA 1 1 0.059 1 1 0.460 arXiv:1104.3913
Kimi <0.001™** < 0.001"* < 0.001™** 1 1 < 0.001%** [5] Shira Elqayam and Jonathan St B. T. Evans. 2011. Subtracting "ought" from "is":
ChatGLM | < 0.001"** < 0.001"** < 0.001"** | 0587 < 0.001™** 0.073 descriptivism versus normativism in the study of human thinking. The Behavioral

and Brain Sciences 34, 5 (Oct. 2011), 233-248; discussion 249-290.

Pratyush Garg, John Villasenor, and Virginia Foggo. 2020. Fairness Metrics: A
Comparative Analysis. Issue: arXiv:2001.07864 arXiv:2001.07864 [cs].

Paula Gottlieb. 2015. Aristotle: nicomachean ethics. In Central Works of Philosophy
v1. Routledge, London, 46-68.

Mengxuan Hu, Hongyi Wu, Zihan Guan, Ronghang Zhu, Dongliang Guo, Daiging
Qi, and Sheng Li. 2024. No Free Lunch: Retrieval-Augmented Generation Under-

Table 4: Significance level of CoT,CHOICE
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