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Abstract

Although large language models (LLMs) are increasingly
trained using human feedback for safety and alignment with
human values, alignment decisions often overlook human so-
cial diversity. This study examines how incorporating plu-
ralistic values affects LLM behavior by systematically eval-
uating demographic variation and design parameters in the
alignment pipeline. We collect alignment data from US and
German participants (N = 1,095 participants, 27,375 ratings)
who rated LLM responses across five dimensions: Toxicity,
Emotional Awareness (EA), Sensitivity, Stereotypical Bias,
and Helpfulness. We fine-tuned multiple Large Language
Models and Large Reasoning Models using preferences from
different social groups while varying rating scales, disagree-
ment handling methods, and optimization techniques. The
results revealed systematic demographic effects: male par-
ticipants rated responses 18% less toxic than female partic-
ipants; conservative and Black participants rated responses
27.9% and 44% higher on EA than liberal and White par-
ticipants, respectively. Models fine-tuned on group-specific
preferences exhibited distinct behaviors. Technical design
choices showed strong effects: the preservation of rater dis-
agreement achieved roughly 53% greater toxicity reduction
than majority voting, and 5-point scales yielded about 22%
more reduction than binary formats; and, Direct Preference
Optimization (DPO) consistently outperformed Group Rel-
ative Policy Optimization (GRPO) in multi-value optimiza-
tion. These findings represent a preliminary step in answer-
ing a critical question: How should alignment balance expert-
driven and user-driven signals to ensure both safety and fair
representation?

Extended version —https://arxiv.org/pdf/2511.14476

Introduction

As Large Language Models (LLMs) are deployed across
real-world applications, aligning them with human values
has become a core technical and ethical challenge (Wang
et al. 2023; Liu et al. 2024b; Ouyang et al. 2022). Yet human
values are not monolithic; they reflect diverse and often con-
flicting beliefs shaped by culture, politics, and lived expe-
rience (Chen, Zahidi, and Lespinet-Najib 2022; Khamassi,
Nahon, and Chatila 2024; Hadar-Shoval et al. 2024). It is no
longer realistic to assume that a single alignment objective
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can represent everyone (Gabriel and Keeling 2025; Sorensen
et al. 2024), particularly given concerns about whose voices
shape Al safety research (Lazar and Nelson 2023). Despite
the recognition of value pluralism, alignment norms are of-
ten defined by small groups of developers, which risks ex-
cluding underrepresented worldviews (Kirk et al. 2024a).
This is particularly evident in methods such as Constitu-
tional AI, which bypass human disagreement by specify-
ing fixed normative principles in advance (Bai et al. 2022b).
While such approaches aim for consistency, they risk enforc-
ing narrow value sets that overlook alternative perspectives.

As Gabriel (2020) argues, the central challenge is not sim-
ply deciding what values Al should align with, but identify-
ing fair processes for deciding whose values matter in plu-
ralistic societies. Recent work has begun to address this the-
oretically: Kasirzadeh (2024) distinguishes between first-
order choices (how values like fairness are defined) and
second-order questions (who defines them), while Sorensen
et al. (2024) proposes formal strategies for integrating plu-
ralism through group-specific fine-tuning.

However, a key empirical gap remains; recent studies
show that current LLMs display far less preference varia-
tion than humans across cultural and political lines (Zhang
et al. 2025), reinforcing an “algorithmic monoculture” that
overlooks human value diversity (Kleinberg and Raghavan
2021). Modeling individual annotators, by contrast, helps re-
cover minority viewpoints lost under majority voting (Gor-
don et al. 2022). Yet no work has examined how demo-
graphic diversity in feedback interacts with technical design
choices to shape alignment outcomes. Building on advances
in demographic and cultural alignment, we move from anal-
ysis to intervention.

Prior studies have compared GPT-4’s safety annotations
with human ratings across groups (Movva, Koh, and Pier-
son 2024), investigated cultural alignment via cross-lingual
prompting and data mixtures (AlKhamissi et al. 2024), and
introduced DICES (Aroyo et al. 2023), which frames dis-
agreement as a signal for safety evaluation. Extending this
work, we examine how demographic differences in feed-
back and design choices shape the collapse of pluralistic hu-
man values into a single model behavior during fine-tuning.
Rather than implementing pluralistic alignment systems as
proposed by Sorensen et al. (2024), we study how stan-
dard training homogenizes value variation and determines



which group’s preferences dominate. Specifically, we ask:
(1) How do models behave when aligned using feedback
from different social groups? (2) How do technical choices
such as rating scales, disagreement aggregation, and opti-
mization methods affect learned values?

Our Contributions. We present a systematic empirical
study of LLM alignment that jointly varies demographic
composition and technical design using real human feed-
back (27,375 ratings from 1,095 participants). Models fine-
tuned on feedback from Liberal, White, and Female par-
ticipants show improvements of 5.0, 4.7, and 3.4 percent-
age points (relative to Conservative, Black, and Male base-
lines), across emotional awareness and toxicity. Technical
choices yield even stronger effects: preserving disagreement
improves toxicity reduction by 53% relative to majority vot-
ing, 5-point scales outperform binary formats by 22%, and
DPO outperforms GRPO by about 8x on toxicity and 3x
on emotional awareness. Together, these results demonstrate
how demographic and design parameters jointly determine
alignment behavior, advancing a framework for technically
robust and socially inclusive alignment.

Related Work

Value Pluralism in AI Alignment Value pluralism
presents a fundamental challenge for Al alignment. It holds
that multiple and potentially conflicting moral values can
each be valid without a single universal hierarchy, rejecting
the idea of a final, universally agreed-upon solution to moral
questions (Berlin 1969). This has prompted researchers to
question alignment strategies built on assumptions of uni-
versal consensus. Sorensen et al. (2024) propose technical
strategies to support pluralistic alignment, including steer-
able models that can be conditioned on specific perspectives
at inference time, approaches for matching models to target
population distributions, and methods for generating mul-
tiple reasonable responses. However, these frameworks re-
main largely theoretical, leaving open questions about how
they perform when applied with real-world data and de-
sign constraints. Our work addresses this gap by empiri-
cally testing how demographic-specific feedback, rating for-
mats, disagreement strategies, and optimization methods in-
fluence which value perspectives are amplified, suppressed,
or erased in model behavior. This provides the first empirical
grounding of value pluralism collapse in applied alignment
design.

Limitations of Current Human Feedback Pipelines for
Alignment Recent alignment pipelines have enhanced
model safety by incorporating human preferences through
norms such as helpfulness, honesty, and harmlessness
(HHH) (Askell et al. 2021; Bai et al. 2022a; Ouyang
et al. 2022). Datasets such as BeaverTails (Jin et al. 2023),
PRISM (Kirk et al. 2024b), and OASST1 (Kopf et al. 2024)
utilize crowd-sourced feedback to capture alignment sig-
nals, whereas benchmarks like BBQ (Parrish et al. 2021)
and pipelines like GenderAlign (Zhang et al. 2024) focus
on addressing fairness and stereotyping.

Reinforcement Learning from Human Feedback
(RLHF) (Ouyang et al. 2022) trains a reward model
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from human preference comparisons and uses it to optimize
the model via reinforcement learning. However, most RLHF
paradigms assume homogeneous preferences encodable
by a single reward model (Park et al. 2024). This leads
to implicit averaging that prioritizes majority preferences
while neglecting minorities (Chakraborty et al. 2024). In
extreme cases, this leads to preference collapse, where mi-
nority preferences are disregarded (Xiao et al. 2024). These
pipelines overlook how different social groups interpret
alignment concepts like harm or respect based on cultural
or political context (Kovac et al. 2023; Sorensen et al. 2024;
Pang et al. 2023; Lyu et al. 2025; Pan et al. 2025).

Recent findings on algorithmic monoculture highlight
challenges in capturing human value diversity. Zhang et al.
(2025) show that 21 state-of-the-art LLMs produce signif-
icantly less preference variation than humans across five
countries (N=15,000), limiting the diversity expressible in
current preference datasets. While their work proposes sam-
pling methods to diversify model outputs, our study ad-
dresses the complementary problem of how evaluation de-
sign, including demographic variation, rating scale format,
and disagreement handling, can preserve or suppress plural-
istic values within constrained response spaces.

Rating Scales and Disagreement Handling The choice
of rating scale, whether Likert (e.g., a 5-point scale
from “strongly disagree” to “strongly agree”), binary (e.g.,
“agree” or “disagree”), or pairwise (e.g., choosing a pre-
ferred response between two options), influences both rater
behavior and model outcomes. Survey research shows that
scale format affects response biases, including net accep-
tance, extreme responding, and misinterpretation of reverse-
coded items (Weijters, Cabooter, and Schillewaert 2010).
Likert scales are especially prone to central tendency bias,
where respondents tend to avoid the endpoints and favor the
midpoints (Douven and Schupbach 2018). In LLM align-
ment, recent studies increasingly use pairwise comparisons
for training and evaluation (Zheng et al. 2023). Despite
the widespread use of various formats in human feedback
pipelines, little is known about how these choices impact
model behavior. Our work fills this gap through a systematic
comparison of rating formats.

Disagreement between raters is often resolved using ma-
jority voting or averaging, which can erase minority perspec-
tives and obscure subjective variation (Gordon et al. 2022;
Davani, Diaz, and Prabhakaran 2022). Recent work pro-
poses alternatives such as soft-label representations that re-
tain disagreement distributions, and multi-annotator models
that predict individual judgments (Davani, Diaz, and Prab-
hakaran 2022; Aroyo and Welty 2015). Kraus and Kroll
(2025) offers a framework for distinguishing noise from
meaningful signal, arguing that tasks involving personal val-
ues should preserve disagreement rather than aggregate it.
Our work builds on this literature by systematically com-
paring how different aggregation methods, from consensus-
based to disagreement-preserving, shape the downstream
behavior of aligned models.



Data Collection

Prompt Selection and Response Generation To exam-
ine how social group differences and technical choices af-
fect model alignment, we develop a bilingual alignment
pipeline (English-German) with a focus on gender-related
scenarios. Crucially, all participants, regardless of their
own demographics, view the same set of gender-related
prompt-response pairs, isolating the effects of rater de-
mographics and design choices without confounding topic
variation. The prompts are drawn from red-teaming, gen-
der bias, and alignment (BeaverTails) benchmarks (Gan-
guli et al. 2022; Parrish et al. 2021; Ji et al. 2023), us-
ing gender-related keyword filters. Responses are gener-
ated using Wizard-Vicuna-7B-Uncensored-GPTQ
(TheBloke 2023), selected because (1) its lack of safety
filtering ensures exposure to a broad range of potentially
problematic outputs, and (2) it is a stable open-source base
model ensuring reproducibility. This yields 37,884 prompt-
response pairs, from which we select 1,761 unique pairs for
human evaluation. The pairs are translated into German us-
ing DeepL (2024) and checked for semantic equivalence by
a native speaker (see Supplementary A.1 and A.2).

Rating Dimensions and Scale Design Participants rate
model outputs along five alignment dimensions: Toxicity,
Emotional Awareness, Sensitivity & Openness, Helpfulness,
and Stereotypical Bias (see Supplementary A.3 for defini-
tions provided to participants). Following recent sociotech-
nical alignment frameworks (Kirk et al. 2023), these dimen-
sions capture how Al responses affect users, balancing ethi-
cal concerns (toxicity and stereotypical bias) with social di-
mensions (sensitivity, openness, and helpfulness) (Liu et al.
2024a; Bilquise, Ibrahim, and Shaalan 2022; Yin, Goh, and
Hu 2024; Lissak et al. 2024; Ji et al. 2023). This multi-
dimensional approach expands beyond traditional helpful-
ness and harmfulness prompt-response pairs, yielding a to-
tal of 27,375 evaluations. Each dimension addresses aspects
of human-Al interaction that different social groups may pri-
oritize differently, making them relevant for studying value
pluralism in alignment. Each dimension is rated using a 5-
point Likert scale (from “Strongly Disagree” to “Strongly
Agree”), allowing participants to express the intensity of
their judgments rather than making binary classifications.
Participants received clear definitions for each dimension
(see supplementary A.3) before rating, ensuring consistent
interpretation across cultural contexts.

Participant Recruitment and Demographics We obtain
ethics approval from Technical University of Munich review
board prior to data collection. We recruit 1,095 participants
from the United States and Germany via Prolific (2025),
targeting balanced distribution across gender, political spec-
trum, age, ethnicity, and country of residence (see Supple-
mentary Table 3 for participant demographics). Each partic-
ipant rates five prompt—response pairs. Participants are com-
pensated and informed that their responses will help train fu-
ture LLMs. We include attention checks to ensure data qual-
ity and collect demographic details (gender, age, ethnicity,
political orientation) to support subgroup analysis (Supple-
mentary A.4).
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Data Analyses Informing Experiment

Pervasive Disagreement Across All Dimensions Analy-
sis of unique 1,761 prompt-response pairs evaluated by mul-
tiple participants (mean: 3.1 raters per pair, all pairs with
>2 raters) reveals systematic disagreement across all align-
ment dimensions. Disagreement, defined as variation in 5-
point Likert ratings within the same prompt-response pair,
occurred in 85.3% of cases, ranging from 84.5% for sensi-
tivity to 86.2% for helpfulness. This analysis of 5,475 in-
dividual ratings from 1,095 participants demonstrates that
conflicting human preferences are fundamental characteris-
tics of alignment evaluation, not isolated incidents.

Cross-Dimensional Rating Complexity Participants fre-
quently assign seemingly contradictory ratings to the same
response across different alignment dimensions. By exam-
ining how often responses rated positively for one dimen-
sion were also rated positively for another, we found that
among responses rated as emotionally aware, 20.8% were
also rated as toxic, and 33.5% were also rated as stereotypi-
cally biased. This pattern shows that participants can simul-
taneously perceive both positive and negative qualities in the
same Al response, suggesting that alignment evaluation in-
volves complex trade-offs rather than straightforward cate-
gorization (Figure 1). This aligns with evidence that users
hold diverse, sometimes conflicting preferences rather than
a single aggregated signal (Go6lz, Haghtalab, and Yang 2025;
Fleisig, Fazelpour et al. 2025).
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Figure 1: Conditional probabilities between alignment di-
mensions. Each cell shows the probability of a positive rat-
ing in the column given a positive rating in the row.

Ordinal Regression Results

We conduct a cumulative link mixed model (CLMM) anal-
ysis (Christensen 2023) to identify demographic factors that
significantly influence alignment ratings across the five di-



mensions. Our model specification is:

CLM M (AlignmentRating, ~ Country; + Gender;+
Age, + Political Spectrum,; + Ethnicity,+
(1| ParticipantID;) + (1 | Context;))
ey
The reference group is defined as White, US-based, Lib-
eral, aged 18-30, and identifying as she/her/hers. Our anal-
ysis reveals several statistically significant demographic ef-
fects (see Table ??). Male participants rate responses as 18%
less toxic and 20.9% less stereotypically biased compared to
female participants. Conservative participants perceive re-
sponses as 27.9% more sensitive and 27% more emotionally
aware than Liberals. Black or African American participants
rate responses as 58% more sensitive and 44% more emo-
tionally aware than White participants, a pattern consistent
with work showing that Black Americans often attend more
closely to emotional nuance and cultural sensitivity in Al in-
teractions (Sandoval et al. 2025; Basoah et al. 2025). Addi-
tionally, participants aged 51-60 find responses 40.6% less
helpful compared to younger participants (see Supplemen-
tary A.6).

Dimension Gender Age Political Ethnicity
Toxicity Yes** (M J) No No No
Helpfulness No Yes*** (51-60 ) No No
Sensitivity No No Yes** (C 1) Yes*** (B 1)
Stereotypical Bias Yes*#* (M |) No No No
Emotional Awareness No No Yes* (C 1) Yes*** (B 1)

Table 1: Demographic Predictors of Participant Ratings. Ar-
rows show direction relative to baseline (1 higher, | lower);
M = Male, C = Conservative, B = Black or African Amer-
ican (baselines: White, US-based, Liberal, aged 18-30, and
female). *p < .05, **p < .01, ***p < .001.

Experiment Setup
Fine-tuning Experiments

We conduct four fine-tuning experiments to examine how
demographic variation and technical design choices affect
model alignment. Experiments 1-3 rely on Direct Pref-
erence Optimization (DPO) (Rafailov et al. 2023), which
learns from pairwise response comparisons. We use DPO
for Experiments 1-3 because Experiment 4 shows it outper-
forms GRPO. Experiment 4 then contrasts DPO with Group-
Relative Policy Optimization (GRPO) (Shao et al. 2024),
an on-policy method that optimizes scalar rewards across
multiple sampled completions using group-normalized ad-
vantages. Each method requires distinct data formatting,
and we construct datasets accordingly. All experiments fo-
cus on toxicity and emotional awareness; these two dimen-
sions are chosen to capture complementary safety concerns
of harm avoidance and social understanding, where demo-
graphic and cultural backgrounds shape perceptions. Across
the dataset, we obtain 5,475 ratings per dimension from
1,095 raters, applied to 1,761 unique prompt-response pairs,
some of which receive multiple independent ratings (see
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Supplementary B.1, B.2 and B.3). All experiments are repli-
cated across seven model architectures to ensure robustness
(see Supplementary Table 9 for model overviews).

Experiment 1: Data Stratification by Demographic
Groups We fine-tune models on balanced subsets of hu-
man feedback to examine how demographic composition
influences alignment outcomes. Three contrasts are tested:
gender (female vs. male), political orientation (liberal vs.
conservative), and ethnicity (White vs. Black).! Each sub-
group contributed an equal number of ratings to control
for the size of the data set and distributional effects. Inter-
annotator reliability, measured using Krippendorff’s a for
toxicity annotations, was a=0.35 (White) and «=0.44
(Black) for ethnicity, «=0.39 (Liberal) and o=0.33 (Con-
servative) for political orientation, and «=0.38 for both fe-
male and male raters, consistent with prior work (Ross et al.
2016; Bui, von der Wense, and Lauscher 2025); these val-
ues indicate substantial within-group variation rather than
consensus. For each subgroup, a separate model is fine-
tuned using DPO while preserving all five-point Likert rat-
ings. The resulting models are evaluated on two alignment
dimensions: Toxicity and Emotional Awareness, and com-
pared against a baseline trained on feedback from conserva-
tive, male, and Black participants. Following Table ??, we
focus on emotional awareness for the political spectrum and
ethnicity, and on toxicity for gender, with complementary
robustness checks (Supplementary B.6). This design enables
systematic analysis of both within and cross-dimension ef-
fects.

Experiment 2: Rating Scale Granularity We investigate
how rating scale granularity influences alignment outcomes
by creating three versions of the toxicity dataset: (1) a 5-
point Likert scale (Strongly Disagree to Strongly Agree), (2)
a 3-point scale (Disagree, Neutral, Agree), and (3) a binary
scale (excluding Neutral responses). For each scale version,
we retain all participant ratings and fine-tune separate mod-
els using DPO on toxicity feedback. This setup enables us to
assess how the level of granularity impacts the model’s abil-
ity to learn alignment preferences. We focus on Likert scale
ratings rather than pairwise comparisons to capture the full
spectrum of participant sentiment and enable analysis across
multiple granularity levels.

Experiment 3: Disagreement Handling Strategies To
examine the effects of inter-annotator disagreement han-
dling, we create five training datasets using different aggre-
gation methods: (1) all data without aggregation, (2) major-
ity vote, (3) full consensus (complete rater agreement only),
(4) random selection (first rater’s rating), and (5) averaged
ratings (mean of numeric-coded responses rounded to near-
est category). We fine-tune separate DPO models on each
dataset to assess how disagreement resolution strategies im-
pact alignment performance. All models are trained using
the 5-point Likert scale and evaluated on the Toxicity di-
mension.

! Age affects helpfulness only; it shows no consistent effects for
toxicity or emotional awareness, so we do not use it as a contrast.



Experiment 4: DPO vs. GRPO Optimization Method
Comparison We systematically compare DPO and GRPO
in multi-value optimization using our combined Toxicity
and Emotional Awareness dataset (5-point scale, all data
without aggregation). We format the merged dataset accord-
ing to each method’s requirements and fine-tune separate
models to evaluate their comparative effectiveness in simul-
taneously reducing toxicity and improving emotional aware-
ness in model outputs.

Experimental Design and Statistical Analysis All ex-
periments use LoRA fine-tuning (Hu et al. 2022), with
deterministic sampling (temperature=0.0) for reproducible
evaluation across seven diverse model architectures (1B-
14B parameters), ensuring consistent comparison of align-
ment effects across demographic groups and technical con-
ditions. After fine-tuning the models on human feedback,
we use GPT—4o-mini to score their toxicity and emotional-
awareness outputs. We validate these LLM-generated scores
against human expert judgements, achieving 85% agree-
ment (see Supplementary B.2 and B.3). We use a DerSi-
monian—Laird random-effects meta-analysis (DerSimonian
and Laird 1986) to pool effects across model architectures,
accounting for both within-model variance and between-
model heterogeneity. Full equations and derivations are pro-
vided in (Supplementary B.5).

Results

Experiment 1: Demographic Composition Effects
on Model Fine-tuning Qutcomes

We assess how subgroup-specific fine-tuning affects align-
ment outcomes across gender, political orientation, and eth-
nicity by comparing models trained on female, liberal, and
White feedback with models trained on male, conservative,
and Black feedback (Figure 2).

Demographic Feedback Shapes Specific Behaviors.
Models fine-tuned on Liberal and White feedback produced
higher emotional awareness scores than those trained on
Conservative and Black feedback (pooled effects: 0.049,
p = 0.010, and 0.046, p = 0.001, respectively). Similarly,
models fine-tuned on Female feedback showed lower tox-
icity than those trained on Male feedback (pooled effect:
—0.035, p = 0.002). These effects were consistent across
seven model architectures.

Effects Are Dimension-Specific. To test for general-
ization beyond the target dimensions, each demograph-
ically fine-tuned model was evaluated on both toxicity
and emotional awareness. No statistically significant cross-
dimensional effects were observed. For instance, the model
fine-tuned on Female toxicity feedback did not significantly
alter emotional awareness (p = 0.860), while Liberal and
White emotional-awareness models showed no effect on
toxicity (p = 0.500 and p = 0.880, respectively). These
findings demonstrate that demographic composition pro-
duces measurable yet dimension-specific effects on align-
ment: subgroup value preferences are reliably encoded in
fine-tuned models without introducing unintended behav-
ioral shifts across unrelated alignment dimensions.
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Experiment 2: Rating Scale Granularity Effects on
Alignment Training

We examine how the granularity of the rating scale affects
alignment effectiveness by comparing 5-point, 3-point, and
binary scales using data from the toxicity dimension and
DPO fine-tuning. We examine scale granularity with a fo-
cus on toxicity ratings (Figure 3).

Granular Scales Improve Alignment Performance All
scales produce a reduction in toxicity relative to the con-
trol model (no fine-tuning), but with substantially different
effect sizes. The 5-point scale achieves the largest effect
(—0.242), followed by the 3-point scale (—0.225) and bi-
nary scale (—0.198). Pairwise comparisons reveal that the
5-point scale outperforms the binary scale (p = 0.0141) and
marginally outperforms the 3-point scale (p = 0.0140), indi-
cating that scale granularity has an impact on model training
outcomes. The difference between 3-point and binary scales
is statistically marginal yet directionally consistent, confirm-
ing that finer scales yield stronger alignment effects.

Implications of Scale Granularity for Model Learning
5-point scales are 22% more effective than binary scales at
reducing toxicity (effect sizes: —0.242 vs. —(0.198); this pat-
tern is consistent with findings that multi-level cardinal feed-
back (such as 5-point scale) yields more learnable reward
models than pairwise preferences, while maintaining similar
levels of inter-rater reliability (Kreutzer, Uyheng, and Rie-
zler 2018). This performance gap reveals that reducing hu-
man feedback to binary choices for alignment tasks under-
utilizes available preference information. Although binary
formats are widely used, our findings show measurable costs
to the effectiveness of alignment.

Experiment 3: Disagreement Handling Strategy
Effects on Alignment Training

We examine how approaches to handling inter-annotator dis-
agreement affect alignment outcomes by comparing five ag-
gregation strategies: preserving all ratings, averaging, ma-
jority vote, random selection, and full consensus (Figure 4).

Complete Rating Preservation Demonstrates Superior
Alignment Performance All strategies reduce toxicity
relative to the control model, but their effectiveness varies
substantially. Preserving all ratings yields the strongest re-
duction (—0.242), closely followed by averaging ratings
(—0.229). Other approaches perform less effectively: ma-
jority vote (—0.158), random selection (—0.146), and full
consensus (—0.039). Pairwise comparisons confirm that
preserving all ratings consistently outperforms consensus-
based and random selection methods, while the averaged-
rating strategy performs comparably to full preservation.
Preserving all ratings is approximately 53% more effec-
tive than majority vote and nearly 6x more effective than
full consensus in reducing toxicity. The strong performance
of preserving or averaging all ratings shows that disagree-
ment carries meaningful signal. Majority vote and con-
sensus filtering suppress minority perspectives and weaken
alignment. Treating disagreement as information rather than



Fine-Tuned Model Effects and Survey-Estimated Differences by Demographic Across Evaluation Dimensions
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Figure 3: Rating Scale Effects on Toxicity Reduction. (A)
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tuning), with the 5-point most effective. (B) 5-point scales
significantly outperform binary. Error bars: 95% ClIs. Lower
values indicate reduced toxicity.

noise improves robustness and inclusivity, yielding stronger
alignment across diverse preferences.

Experiment 4: DPO vs GRPO Comparison

DPO outperforms GRPO Training We compare DPO
and GRPO using a multi-objective loss that jointly opti-
mizes toxicity and emotional awareness (Figure 5). When
trained on the same-sized dataset, DPO consistently outper-
forms GRPO across both dimensions. The DPO-Toxic+EA
model achieves toxicity reduction (—0.159, p < 0.001) and
emotional awareness improvement (0.084), while GRPO-
Toxic+EA shows only marginal effects (—0.020, p = 0.045;
0.029, p = 0.034). These correspond to effect sizes roughly
8% larger for toxicity and nearly 3 larger for emotional
awareness, demonstrating DPO’s advantage over GRPO for
multivalue alignment. All effects relative to the control (no
fine-tuning) are statistically significant (p < 0.05).
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Figure 4: Disagreement Handling Strategy Effects on Align-
ment Training. (A) Strategy performance relative to the con-
trol (no fine-tuning) on toxicity. (B) Pairwise strategy com-
parisons. Error bars show 95% ClIs. Lower values indicate
better performance.

Single-Objective DPO Outperforms Multi-Objective
Training Comparing DPO variants reveals clear trade-
offs between single- and multi-objective training. For toxic-
ity reduction, DPO-Toxic yields the largest effect (—0.243,
p < 0.001), significantly outperforming both DPO-EA (dif-
ference: 0.097, p < 0.001) and the multi-objective DPO-
Toxic+EA model (difference: —0.084, p = 0.022). DPO-
EA and DPO-Toxic+EA exhibit comparable toxicity effects
(difference: 0.013, p = 0.743). For emotional awareness,
all three DPO variants perform similarly: DPO-EA achieves
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Figure 5: DPO and GRPO Optimization Methods Comparison. (A-B) Performance of each DPO and GRPO trained model.
(C-D) Pairwise comparisons between single-objective and multi-objective DPO approaches. Error bars show 95% Cls.

0.083 (p = 0.002), DPO-Toxic achieves 0.068 (p = 0.003),
and DPO-Toxic+EA achieves 0.084 (p = 0.003), with no
significant pairwise differences (all p > 0.13). These find-
ings show that single-objective toxicity fine-tuning max-
imizes performance on its targeted dimension, whereas
emotional-awareness gains remain indistinguishable across
all models optimized with DPO.

Optimization Method and Training Objective Matter
Two findings emerge from our dataset. First, the choice
of optimization method significantly influences alignment
outcomes: DPO yields larger and more reliable gains than
GRPO on the same data. Second, focused single-objective
DPO fine-tuning produces stronger and more interpretable
effects than multi-objective training. Taken together, these
results challenge the assumption that multi-objective align-
ment or newer optimization methods automatically perform
better, highlighting the need for methodological precision in
preference-based fine-tuning.

Discussion and Conclusion

How should alignment processes balance expert-driven and
user-driven signals to ensure both safety and fair represen-
tation? Lazar and Nelson (2023) argue that Al safety is
shaped by a demographic monoculture that lacks legitimacy
and intellectual breadth, while Gyevnar and Kasirzadeh
(2025) call for an epistemically inclusive and pluralistic ap-
proach. Anthis et al. (2025) show that even a single rigorous
fairness criterion becomes intractable for general-purpose
LLMs across diverse contexts, and Kleinberg, Mullainathan,
and Raghavan (2016) formally demonstrate that core group-
fairness conditions cannot be satisfied simultaneously ex-
cept in highly restricted cases. Taken together with our em-
pirical results, this suggests that known pathologies in algo-
rithmic fairness also appear in alignment research, with lim-
ited participation and structural limits jointly produce sys-
tematic distortions in model behavior.

Safety judgments are not universal but reflect specific de-
mographic perspectives. Male and female participants rated
identical responses with an 18% difference in perceived tox-
icity, while Conservative and Black participants reported
27.9% and 44% higher emotional awareness ratings, re-
spectively, compared to Liberal, White participants. Cur-
rent alignment approaches that aggregate these differences
away may systematically exclude safety-relevant perspec-
tives. Preserving disagreement achieved the strongest tox-
icity reduction, outperforming the majority vote by 53%,
and other strategies. This suggests alignment annotators’
“noise” may be an essential safety signal. Technical choices

37228

such as rating scales (5-point exceeding binary by 22%) and
optimization methods (DPO exceeding GRPO) profoundly
impact safety performance. Rather than trading off safety
against inclusivity, we find that inclusive approaches en-
hance safety outcomes.

Our findings reveal systematic demographic effects: mod-
els trained on White, Liberal, and Female feedback achieve
higher emotional awareness and lower toxicity respectively
than those trained on Black, Conservative, and Male feed-
back. These shifts occur because demographic groups dif-
fer fundamentally in how they evaluate harm and emotional
quality. Together, these results show that demographic diver-
sity is not a one-time dataset choice but an ongoing align-
ment requirement. Safety judgments vary across popula-
tions and shift over time, demanding continuous reassess-
ment of whose perspectives are prioritized. Since both train-
ing data and technical design systematically advantage cer-
tain groups over others, robust alignment requires periodic
audits: Which demographic groups dominate our data? How
do our methodological decisions suppress minority voices?
This reflexive practice can help ensure that alignment does
not unintentionally center the values of specific groups.

Rather than relying only on prescriptive value choices
made by researchers or model developers (Kirk et al. 2024a),
expert technical knowledge should serve democratic inclu-
sion rather than replace it. Our findings support systems that
preserve diverse safety perspectives rather than require com-
plete agreement. Robust Al safety requires both expert so-
phistication and comprehensive democratic representation
as complementary requirements for effective alignment.

We conclude with limitations (see more in Supplementary
A.5). Our dataset covers only two WEIRD-dominant coun-
tries and has uneven demographic representation (underrep-
resenting conservatives, gender minorities, and older adults).
Model evaluation used GPT-40-mini, though its judgments
are in high agreement with human reviewers. Our optimiza-
tion analysis focused on DPO and GRPO, leaving other
methods for future work. These constraints do not affect the
core patterns but highlight the need for more diverse datasets
and broader evaluation of optimization approaches.
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