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Abstract

Ensuring alignment with human values is essential for mod-
ern large language models (LLMs), especially amid grow-
ing concerns around Al safety and social impact. Yet achiev-
ing such alignment remains challenging due to the limited,
noisy, and often conflicting nature of human feedback from
diverse annotators. Most existing approaches, such as Di-
rect Preference Optimization (DPO), assume consistent and
conflict-free supervision, overlooking the ambiguity, incon-
sistency, and value trade-offs inherent in real-world prefer-
ences—often leading to reduced robustness and exclusion
of minority views. To address this, we propose FGD-Align,
a novel pluralistic alignment framework grounded in Fuzzy
Group Decision-Making theory. Our approach rigorously
models and aggregates human preferences while retaining
the complexity of real-world value trade-offs. Unlike tradi-
tional methods that rely on coarse-grained preference pairs,
FGD-Align introduces fuzzy preference modeling via trian-
gular fuzzy numbers to capture nuanced, multi-criteria hu-
man judgments. We further develop a new training objective,
Probabilistic Fuzzy DPO, which incorporates fuzzy prefer-
ence strength as adaptive loss weights and gradient filters,
enhancing robustness to ambiguity and inconsistency in feed-
back. Comprehensive experiments demonstrate that FGD-
Align consistently outperforms both DPO variants and ad-
vanced preference aggregation methods in terms of prefer-
ence accuracy and robustness to ambiguity. It achieves supe-
rior alignment stability and better preserves minority prefer-
ences, all with minimal computational overhead. Our work
bridges the gap between algorithmic tractability and the nu-
anced landscape of human values, enabling more scalable,
inclusive, and socially-aware Al alignment.

Code — https://github.com/pwhjy/FGD-Align

Introduction

The rapid advancement of large language models (LLMs)
and their widespread deployment across sensitive domains
have amplified the urgency of ensuring alignment with
broadly shared human values (Leike et al. 2018; Gabriel
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@7 How should I respond if a friend shares a conspiracy
‘ theory with me?

Query

[

Response A: You should calmly
explain why the theory is
incorrect and of fer trustworthy
ources—they might just need ..

J

Response B:Avoid arguing )
directly; show empathy and ask
questions so they feel heard—
people rarely change beliefs ...

Hmm... A feels like the morally right thing—set the
ii record straight, stop misinformation. But I've seen
Individual

how quickly that can turn into an argument, and
maybe B is more realistic? Still, if T say nothing, am
T complicit? But if I push too hard, will they just .../

I prefer
Response B.

Honestly, both
have flaws.

Response A is
much better

Helpful: B offers a realistic path to gradual
change, but A feels more immediately informative.

Truthful: A directly challenges falsehoods with
facts, whereas B may leave the claims uncorrected.

Harmless: B avoids escalation and protects the
relationship, while A might cause defensiveness.

Multi-Objective
Figure 1: Illustration of three fundamental uncertainties in
human preference annotation.

2020). As LLMs increasingly influence decision-making,
communication, and content generation, the challenge of
aligning their behavior with the complex landscape of hu-
man ethics and social norms has emerged as a central con-
cern in Al safety and governance (Dai et al. 2023).

Among existing alignment techniques, preference-based
methods like Direct Preference Optimization (DPO)
(Rafailov et al. 2023) and other Reinforcement Learning
with Human Feedback (RLHF) (Zheng et al. 2023b) ap-
proaches have gained prominence due to their empirical ef-
fectiveness and conceptual simplicity. These methods lever-
age preference data (Song et al. 2024), typically in the form
of pairwise comparisons, to steer model behavior toward
preferred outputs. However, such approaches face a founda-



tional tension: they presume deterministic, conflict-free su-
pervision signals, while real-world human preferences are
inherently ambiguous, inconsistent, and multi-dimensional.

Most current alignment methods, including DPO, rely on
the Bradley-Terry (BT) model (Hunter 2004), which com-
presses diverse and often conflicting human preferences into
scalar scores to construct a “universal standard” (Sun, Shen,
and Ton 2024). This simplification suffers from two key
flaws: algorithmically, it biases the objective and under-
mines stability under conflicting feedback; societally, it risks
marginalizing minority viewpoints, failing to capture the full
diversity of human values. The BT model assumes clean,
consistent annotations, a condition seldom met in practice
due to the inherent ambiguity of human judgment. As shown
in Figure 1, real-world preference data typically exhibits
three forms of uncertainty: individual ambiguity, group-level
inconsistency, and multi-objective conflict.

Recent works address these limitations through plural-
istic alignment (Sorensen et al. 2024; Feng et al. 2024b),
such as group-based reward modeling and personalized
feedback learning, recognizing that human preferences re-
flect cultural, demographic, and ideological diversity and
that a single perspective risks obscuring critical distinctions.
Nonetheless, many such methods still lack principled mech-
anisms to account for individual ambiguity, intra-group in-
consistency, and value conflicts across objectives.

In this paper, we propose FGD-Align, a modular frame-
work for pluralistic alignment that addresses three core chal-
lenges in modeling human preferences: individual ambigu-
ity, group inconsistency, and inter-criteria conflict. First, we
introduce a fuzzy preference modeling module that maps
linguistic and ordinal annotations into triangular fuzzy num-
bers (TFNs), allowing the model to represent uncertainty in
subjective judgments. Second, we design a hierarchical ag-
gregation scheme that combines robust intra-group consen-
sus estimation with adaptive inter-criteria weighting based
on annotator agreement, balancing majority signals with mi-
nority perspectives. Third, we extend the DPO objective
into a probabilistic formulation that incorporates fuzzy con-
sensus strength as soft supervision, enabling the model to
modulate learning intensity based on preference certainty.
Together, these components allow FGD-Align to capture
the nuance, diversity, and uncertainty of real-world feed-
back, enhancing alignment accuracy, calibration, and value
representation across benchmarks. Extensive experiments
across multiple benchmark settings demonstrate that FGD-
Align consistently outperforms strong baselines, including
both DPO variants and preference aggregation methods, in
terms of alignment accuracy, uncertainty calibration, and the
preservation of diverse human perspectives.

Our contributions can be summarized as follows:

e We formulate the Pluralistic Preference Alignment
(PPA) problem, which distinguishes between high-
consensus and high-disagreement scenarios, and empha-
sizes the need for preserving viewpoint diversity under
subjective or contested human feedback.

* We propose FGD-Align, a novel alignment framework
based on fuzzy group decision-making, which integrates
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fine-grained fuzzy modeling of multi-criteria human
preferences, a hierarchical aggregation scheme balanc-
ing consensus and minority opinions, and a probabilistic
extension of DPO that dynamically adjusts learning to
reflect confidence in human supervision.

We introduce evaluation protocols tailored to the plu-
ralistic setting, including Accuracy for consensus cases,
Probability Deviation Score for uncertainty calibration
in ambiguous samples, and AUROC for global separa-
tion quality. Extensive experiments show that FGD-Align
outperforms existing DPO variants and preference aggre-
gation methods across these axes.

Related Works

Early alignment methods (Shen et al. 2023; Wang et al.
2023b) train a reward model using human feedback, then
apply reinforcement learning algorithms such as Proximal
Policy Optimization (PPO) (Schulman et al. 2017) to ad-
just LLMs. Later, DPO removed the need for explicit re-
ward modeling by aligning models directly on preference
pairs. DPO variants (Saeidi et al. 2024) introduced finer con-
trol over alignment. However, these methods largely frame
alignment as single-objective optimization, minimizing loss
against a distilled representation of “human preference”
from a small annotator pool (Feng et al. 2024a).

Recent literature increasingly critiques this “one-size-fits-
all” paradigm (Xie et al. 2025), emphasizing that LLMs
serve diverse populations with divergent values shaped by
culture, demographics, and ideology (Artstein 2017; Plaza-
del Arco et al. 2021). Jang et al. (Jang et al. 2023) argue
that dominant objectives flatten variation, aligning toward
an averaged preference. This “tyranny of the crowdworker”
risks cultural homogenization and underrepresentation (Kirk
et al. 2024a). In response, pluralistic alignment frameworks
have emerged—approaches that recognize multiple valid
preference sets rather than forcing consensus. These ideas
draw from social choice theory (Sen 1986; Conitzer et al.
2024), employing aggregation methods like majority voting
(Gasparin and Ramdas 2024), Borda counts, and Copeland
scores to reconcile competing human values. Perspectivist
approaches (Plank 2022; Akhtar, Basile, and Patti 2021;
Muscato et al. 2025) further propose treating disagreement
as a meaningful learning signal rather than collapsing labels,
using hard and soft disaggregated annotations (van der Meer
et al. 2024; Uma et al. 2022).

Evaluating pluralistic alignment remains a challenge. Tra-
ditional RLHF benchmarks (Zheng et al. 2023a; Bai et al.
2024) assume a single ground truth, whereas pluralistic
alignment requires metrics that account for competing value
systems. Recent work proposes preference-aware evalua-
tion frameworks (Cheng et al. 2023; Zollo et al. 2024; Ku-
mar et al. 2024; Salemi et al. 2024), including datasets like
P-SOUP (Jang et al. 2023), which span multiple response
styles, and PRISM (Kirk et al. 2024b), which embeds per-
sona and demographic attributes into evaluations. Nonethe-
less, as Xie et al. (Xie et al. 2025) note, evaluation remains
fragmented and heuristic-driven, lacking standardized pro-
tocols for measuring pluralism and fairness.
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Figure 2: Overview of the FGD-Align framework. The framework comprises three coordinated components: (1) a fuzzy pref-
erence modeling module capturing judgment ambiguity, (2) a hierarchical group aggregation mechanism balancing conflict
resolution with minority preservation, and (3) a probabilistic training objective adapting to preference certainty levels.

While prior work has modeled preference diversity via
clustering, personalization, or voting-based aggregation,
these methods often treat disagreement as noise or force
it into discrete groups. In contrast, we propose a fuzzy
decision-theoretic framework that embraces disagreement as
a signal, enabling learning from both consensus and conflict.

Methodology

In this section, we first define the Pluralistic Preference
Alignment (PPA) problem, then present our FGD-Align
framework in detail.

Problem Definition

In the PPA setting, we consider a dataset containing N
response pair instances associated with prompts {z;} ;.
Each instance {z;,y%,?, {{ﬂik}f:l}kK:l}fvzl consists of
a prompt x;, two responses y¢ and y?, and preference an-
notations 7, from K users across C' alignment criteria,
where annotations may include relative preferences (e.g.,
” A-is-slightly-better””) or Likert-scale ratings (e.g., [1-5]).
The dataset intrinsically contains varying consensus levels,
from high-agreement to high-disagreement cases.

The goal of PPA is dual-natured: For high-agreement data,
the objective is to predict accurate binary preference labels
p(y? = yb|z) € {0,1} identifying the objectively supe-
rior response. Conversely, for high-disagreement data, the
objective shifts to avoiding strong preferences by assigning
similar probabilities to both responses, thereby reflecting the
ambiguity in human preference.

FGD-Align Framework

To effectively address the challenges posed by the PPA prob-
lem, as illustrated in Figure 2, we propose FGD-Align, a
modular framework tailored to handle subjective, inconsis-
tent, and multi-dimensional human preferences. In contrast
to conventional approaches that reduce preferences to scalar
labels or rely on simplistic majority voting, FGD-Align em-
braces the inherent fuzziness and diversity of real-world
judgments by integrating three coordinated components.
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First, we introduce a fuzzy preference modeling module
to capture the linguistic uncertainty and subjective ambi-
guity in human annotations, enabling the system to repre-
sent nuanced opinions beyond scalar values. Second, we
design a hierarchical group aggregation mechanism to ro-
bustly aggregate multiple viewpoints while preserving mi-
nority preferences, leveraging intra-group consistency and
inter-criteria reliability to inform the preference aggregate.
Finally, we develop a probabilistic fuzzy DPO objective that
softens deterministic supervision by weighting learning ac-
cording to consensus strength, thus adapting model behavior
to both high-agreement and high-disagreement examples.

Together, these components form a unified solution that
accommodates varying alignment, resolves conflicting pref-
erences without discarding diversity, and guides model train-
ing with interpretable probabilistic signals. The following
subsections detail the implementation of each module.

Fuzzy Preference Modeling We model subjective human
preferences using a multi-criteria fuzzy decision system that
transforms linguistic or numerical annotations into fuzzy
representations. For each response pair (y¢,y?) and align-
ment criterion ¢, individual annotations are converted into
triangular fuzzy numbers (TENs) a7, = (I,m,u), where [,
m, and u denote the pessimistic bound, core value, and opti-
mistic bound, respectively. This representation captures the
uncertainty and imprecision inherent in human judgment.

For annotations based on Likert-scale ratings (e.g., 1-5),
we derive fuzzy preferences using the score difference As =
s(y#)—s(y?) between the two responses. The mapping from
As to TFNS is defined as:

B-is-clearly-better (0.0,0.1,0.2) |As| < —2
B-is-slightly-better (0.2,0.3,0.4) |As| = -1
fiS, = { Tie (0.4,0.5,0.6) As=0
A-is-slightly-better (0.6,0.7,0.8) |As| =1
A-is-clearly-better (0.8,0.9,1.0) |As| > 2

This formulation enables the model to treat both ordinal an-
notations and soft linguistic labels in a unified fuzzy frame-



work. The resulting fuzzy preference vectors fif . serve as
the input for downstream aggregation and training modules.

Hierarchical Group Aggregation To integrate multiple
annotators’ preferences across diverse alignment criteria, we
implement a hierarchical aggregation procedure consisting
of intra-group and inter-group aggregation stages.

(1) Intra-group Opinion Aggregation. Within each
criterion ¢, we aggregate annotators’ fuzzy preferences
{i¢ . H< | into a robust group consensus using an itera-
tive M-estimation process. Starting with the median TFN as

the initial estimate ﬁr(ggust, we iteratively reweight annotators

based on their residual deviation from the current consensus:

2
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Here, MAD stands for Median Absolute Deviation, which
is less sensitive to outliers than standard deviation, making
it suitable for robust estimation. The factor 1.4826 is used
to make MAD a consistent estimator for the standard devia-
tion under normality. The updated consensus is obtained by
weighted averaging:

®
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The process continues until convergence.
For each annotator, we compute a consistency score:
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Annotators are sorted by descending C; ;> and their pref-
erences are aggregated using Ordered Weighted Averaging
(OWA) (Yager 1993). Given positional ratios ry, = k/K and
a fuzzy quantifier Q(r) = t=#t—y, Where a and 3 con-
trol the shape of the sigmoid, we compute weights:

Tk T — 1
= > 3
w=Q (%) Q( K ) )
The intra-criterion aggregated preference is then:
K
Foge (i = wb) = Y wi - By = o) )
k=1

(2) Inter-group Criteria Aggregation. To combine pref-
erences across multiple criteria, we compute criterion-level
reliability weights based on inter-annotator agreement. For
each criterion ¢, we calculate the quadratic weighted Co-
hen’s kappa (Warrens 2012; Wang et al. 2024):

:po_pe

Fe=T_p. ®)
1 K K d2
_ kK’
pepyy(-E)  ©
k=1k'=1 max
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Here, ord(uf,) denotes the defuzzified scalar (e.g., centroid)
of the fuzzy preference pif, used to compute the ordinal dif-
ference between annotators. d,,,, is the maximum possi-
ble ordinal difference for normalization. p. is the expected
agreement under random annotator behavior. The normal-
ized reliability-based criterion weight is given by:

Ke + €

-8
We=—g——, €=10 (8)
Zc/=1(’{c/ +¢€)
The final fused fuzzy preference is:
c
(U] = U9) =Y we - fisgg (W = y)) )
c=1

Finally, we apply centroid defuzzification to obtain a scalar
consensus strength:

Zﬁnal + MMfinal + Ufinal
3

where lgnar, Minal, Una are the components of the final ag-
gregated triangular fuzzy number fifip,.

Probabilistic Fuzzy DPO We extend the Direct Prefer-
ence Optimization (DPO) objective by incorporating fuzzy
consensus strength into a probabilistic training formula-
tion. Given a dataset of prompt-response triplets (z, Y., ¥1),
where v, is the preferred response and y; the less preferred
one, the standard DPO objective is defined as:

Hfinal = (10)

_ o (Yw|2)
EDPO o E(I’yw’yl)ND {k)g U(ﬂ log Wref(yw |1')
7o (yi|T)
— fBlog ——~ 11
Blog 200 ) (11)

This formulation implicitly assumes that all annotated
preference pairs (y,,, y;) exhibit deterministic preference re-
lations, where y,, is strictly preferred over y; (i.e., p(yw >
y1) = 1). However, in real-world settings involving sub-
jective human judgments, preferences are often uncertain or
contested, and such hard supervision may lead to overconfi-
dent or biased learning.

To address this, we propose Probabilistic Fuzzy DPO
(PF-DPO), which generalizes the binary supervision by in-
troducing a fuzzy preference strength pina € [0, 1] derived
from hierarchical aggregation. The modified objective is:

Lpr.ppo = —E (0 ,5)~D {

pimatog S1og LT glop T )
7z'ref(yw | I) Wref(yl | l‘)
(0= ) o (810 TAILLL — 510 T 20
71'ref(yl | 1') ﬂ'ref(yw | -T)

(12)

This formulation enables the model to adapt its optimiza-
tion strength to the degree of preference certainty. When
Winal approaches 1 or 0, it enforces confident directional
learning; when pg,, = 0.5, it softly balances between com-
peting views, mitigating overfitting to noisy or ambiguous
annotations.



Experiments

In this section, we comprehensively evaluate the proposed
FGD-Align framework on three conflict-annotated datasets.
Furthermore, we introduce novel metrics to quantify the
preference divergence identified by the DPO models and
perform an entropy-based analysis to gain deeper insights
into the model’s behavior.

Datasets. We utilize two human-annotated preference
datasets and one LLM-annotated preference dataset to study
diverging preferences: Multipref ! (Zhang et al. 2024) con-
tains 10K user-LLM preference pairs with fine-grained hu-
man annotations indicating the strength of preference. 39%
of examples exhibit annotator disagreement (x = 0.268), of-
ten caused by verbosity, task underspecification, and safety-
related refusals. HelpSteer2 2 (Wang et al. 2024) includes
12K response pairs with 3—5 Likert-scale helpfulness ratings
per sample. 24% show diverging preferences (v = 0.389),
with disagreements arising from verbosity, format, and sub-
jective taste.

Multipref-LLMs is an LLM-annotated extension of Mul-
tipref, where four top-tier models (GPT-4-0409, Claude 3.5
Sonnet, Gemini 2.0 Flash, and Qwen-Max) act as annota-
tors under multiple alignment criteria. More detailed dataset
descriptions can be found in the Appendix.

For evaluation, we randomly sample 200 high-agreement
and 200 high-disagreement instances from both the Mul-
tipref and HelpSteer2 datasets. However, the Multipref-
LLMs dataset includes 200 high-agreement and 115 high-
disagreement instances, as only 115 such cases were identi-
fied based on model annotation disagreement.

Metrics. We adopt distinct evaluation strategies for
high-agreement and high-disagreement test sets: High-
Agreement Test Sets: For samples where human prefer-
ences converge, we follow standard practices in reward
model evaluation (Lambert et al. 2024) and use Accuracy
for binary preference classification. This measures how well
a model predicts the majority human preference when anno-
tations are consistent. High-Disagreement Test Sets: For
samples where human preferences diverge, we propose the
Probability Deviation Score (PDS) to evaluate a model’s
ability to express uncertainty. Specifically, PDS measures
how close the model’s predicted preference probabilities are
to 0.5, the ideal value for ambiguous cases:

1
PDS =1 < > IP(yw =y | 2i) =05 (13)

i€Dy

where Dy is the high-disagreement subset (Ng; = 200).
PDS ranges from 0 to 1, with higher values indicating
better uncertainty calibration. The theoretical basis is that
models should avoid overconfident predictions in the pres-
ence of subjective or conflicting human judgments. AUROC
(Across All Samples): To further assess how well a model
distinguishes between ambiguous and clear preference pairs,

"https://huggingface.co/datasets/allenai/multipref
Zhttps://huggingface.co/datasets/nvidia/HelpSteer2/tree/main/
disagreements
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we compute the Area Under the Receiver Operating Char-
acteristic Curve (AUROC). AUROC evaluates the model’s
ability to assign higher uncertainty (i.e., probabilities closer
to 0.5) to disagreement-prone samples (D), and more confi-
dent probabilities to agreement-prone samples (D, ). Specif-
ically, high-disagreement samples are treated as the posi-
tive class, and high-agreement samples as the negative class.
AUROC is a threshold-independent metric ranging from 0.5
(random guessing) to 1.0 (perfect separation). It provides
a holistic view of how well the model can identify and
separate uncertain cases from reliable ones, regardless of
whether predictions are ultimately correct.

Compared Methods. We systematically compare our ap-
proach with two primary categories of baselines: (1) DPO
Variants: Standard DPO (Rafailov et al. 2023) is the fun-
damental preference optimization method, which directly
optimizes language models using pairwise preference data;
KTO (Kahneman-Tversky Optimization) (Ethayarajh et al.
2024) is a variant focusing on optimizing for human util-
ity judgments using a Kahneman-Tversky theoretic loss;
SimPO (Simple Preference Optimization) (Meng, Xia, and
Chen 2024) is an efficient variant designed to maximize the
likelihood of preferred responses with simplified objectives;
IPO (Identity Preference Optimization) (Azar et al. 2024)
introduces a KL regularization to DPO to mitigate overfit-
ting and better preserve the model’s original capabilities;
and (2) Preference Aggregation Methods: Majority Vote
(Wang et al. 2023a; Li et al. 2023) is the most commonly
used strategy, selecting the option favored by the most anno-
tators; Social Choice Methods (Dai and Fleisig 2024) adopt
voting-theoretic approaches, such as Borda, which scores
each option based on ranking positions. Condorcet, which
seeks an option that wins all pairwise comparisons, and
Copeland, which counts net wins across pairwise matchups,
to more comprehensively aggregate individual preferences
into a global ranking.

Implementation Details. For all methods, we train using
5 epochs with a warmup ratio of 0.1 and a cosine learning
rate scheduler. Each model is trained using both learning
rates: 2e-6 and Se-6, and the preference loss weight is set to
0.1. Our proposed FGD-Align additionally introduces two
hyperparameters, « = 0.5 and § = 10. All experiments are
conducted on 8 NVIDIA A100 GPUs.

Main Results

Performance Comparison Table 1 and Table 2 present
a comprehensive evaluation of alignment methods on
Qwen?2.5-Instruct-7B across three preference datasets. All
DPO Variants methods are trained using datasets constructed
via Majority Vote aggregation, while our proposed method,
FGD-Align, leverages fuzzy preference modeling through
PF-DPO. From Table 1, we observe the following: 1) Re-
wardBench leaderboard models achieve strong Preference
Accuracy but suffer from lower Div.PDS scores, suggesting
reduced robustness under annotator disagreement and poten-
tial overfitting to dominant signals. 2) FGD-Align consis-
tently outperforms all baselines across all datasets and met-
rics, particularly excelling on disagreement-sensitive met-



Method Multipref

HelpSteer2 Multipref-LLMs

Pref.Acc Div.PDS AUROC Pref.Acc Div.PDS AUROC Pref.Acc Div.PDS AUROC

Representative Top-Ranked DPO Models from RewardBench

stablelm-2-chat-12B  0.7950 0.8055 0.7449 0.9300 0.8091 0.7877 0.7800 0.7604 0.5512

Tulu-2-dpo-70B 0.7300 0.8954 0.6994 09150 0.8964 0.7623 0.7400 0.8218 0.5420

MMPO_Gemma-7B 0.8250 0.7210 0.7428 0.9500 0.7158 0.7944 0.8550 0.6795 0.5628
Baselines with DPO Variants

Qwen2.5-Instruct-7B - 0.7250 0.9199 0.7257 0.8900 0.9018 0.7918 0.7100 0.8759 0.5222

DPO 0.7950 0.8998 0.7506 0.9250 0.8827 0.8099 0.7850 0.8243 0.5410

KTO 0.8150 0.8824 0.7360 0.9450 0.8460 0.7911 0.7350 0.8548 0.5677

SimPO 0.8950 0.5974 0.7464 0.9550 0.5779 0.7517 0.8600 0.7447 0.5834

1IPO 0.8400 0.7478 0.7742 0.9200 0.7330 0.7935 0.8200 0.8312 0.5319

FGD-Align w/ PF-DPO  0.9000 0.9214 0.8119 0.9650 0.9216 0.8606 0.9000 0.8778 0.6491

Table 1: Performance comparison of alignment methods on Qwen2.5-Instruct-7B across Multipref, HelpSteer2, and Multipref-
LLMs. The table first lists representative top-ranked DPO models from the RewardBench leaderboard, followed by a compar-
ison of various DPO variant methods (DPO, KTO, SimPO, IPO) trained using datasets constructed via majority voting. Best
results are highlighted in bold, and second-best results are underlined.

Method Multipref-LLMs
Pref.Acc DivPDS AUROC
Majority Vote 0.7850 0.8243 0.5410
Borda 0.7850 0.8273 0.5474
Condorcet 0.7950 0.8253 0.5557
Copeland 0.8150 0.8258 0.5641
FGD-Align w/ DPO  0.8550 0.8687 0.6004

Table 2: Experiment results of different Preference Aggre-
gation Methods. All datasets aggregated by these methods
are trained using DPO. The Best results are highlighted in
bold, while the second-best results are underlined.

rics (Div.PDS, AUROC), demonstrating better calibration
and generalization under uncertainty. 3) SimPO achieves the
second-best Preference Accuracy, which we attribute to its
use of the sequence’s mean log-probability as an implicit re-
ward, mitigating length bias. However, due to the removal of
the reference model and introduction of a target reward mar-
gin + in the Bradley-Terry objective, SimPO tends to over-
optimize, leading to substantially degraded Div.PDS scores.
Table 2 evaluates various preference aggregation strate-
gies under a DPO framework, using the Multipref-LLMs
dataset with complete pairwise annotations. Compared with
classical aggregation methods, FGD-Align with fuzzy ag-
gregation achieves the best overall results across all met-
rics. By modeling annotator consensus as a continuous,
uncertainty-aware signal, it captures nuanced preferences
more effectively and yields robust alignment performance.

Comparison of different model sizes Figure 3 illustrates
the performance of Qwen2.5-Instruct models ranging from
1.5B to 32B parameters. As model size increases, Preference
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Qwen2.5-Instruct Performance on Multipref Dataset
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Figure 3: Performance comparison of Qwen2.5-Instruct
models across different sizes.

Accuracy improves steadily. However, Detection Accuracy
declines, indicating a trade-off: larger models are more con-
fident but less sensitive to ambiguous or uncertain inputs.
This suggests potential overfitting to dominant preference
patterns in larger models.

Additional experiments with Qwen3 and LLaMA 3.1
models are presented in the appendix.

Comparison of different epochs Figure 4 shows the
training dynamics of DPO, SimPO, and FGD-Align from
epochs 1 through 5. Preference Accuracy (left panel):
SimPO increases rapidly and peaks at epoch 4. FGD-Align
shows a steady upward trend, reaching the highest accuracy
(0.9000) at epoch 5, highlighting its strong generalization.
DPO improves until epoch 3 but then plateaus, suggesting
limited optimization capacity. Probability Deviation Score
(right panel): SimPQO’s PDS drops sharply (from 0.9037 to
0.5877), reflecting overconfidence and diminished sensitiv-
ity to ambiguous cases. DPO shows a gradual decline, stabi-
lizing above 0.90. In contrast, FGD-Align maintains consis-
tently high PDS (improving from 0.9185 to 0.9214), indicat-
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Figure 4: Performance of DPO variants on Multipref: Prefer-
ence Accuracy (left) and Probability Deviation Score (right)
over epochs.

Multipref
Pref. Acc Div.PDS AUROC

FGD-Align w/ Singlem 0.8550 0.9189  0.8040
FGD-Align w/ TFN ~ 0.9000 0.9214 0.8119

Method

Table 3: Ablation study comparing scalar-based and TFN-
based annotator modeling for FGD-Align.

ing superior robustness and alignment with the underlying
preference distributions.

Ablation Studies

Impact of Fuzzy Preference Modeling As shown in Ta-
ble 3, modeling annotator preferences with a TFN yields
consistently better results than using a single scalar value.
The TFN-based variant improves accuracy, disagreement
handling, and calibration, highlighting the advantage of cap-
turing uncertainty in human annotations.

Effect of Consensus Strength Modeling As shown in Ta-
ble 4, FGD-Align outperforms conservative DPO (cDPO)
(Mitchell 2023), which applies uniform label smoothing
with fixed pgn. While cDPO treats all preferences as
equally reliable, FGD-Align adaptively modulates learning
strength based on fuzzy uncertainty, resulting in better pref-
erence accuracy, diversity preservation, and calibration.

Analysis From Entropy Perspective

To better understand the diversity of model outputs, we
specifically select prompts that are labeled with annota-
tor disagreement—a strong indicator that multiple valid an-
swers may exist. Such prompts naturally require the model
to preserve diversity in its responses to reflect the inherent
ambiguity in the task. Table 5 reports the performance of
three models—Qwen?2.5-Instruct-7B, SimPO, and our pro-
posed FGD-Align—across three core diversity metrics: 1)
Self-BLEU: Measures the similarity between generated out-
puts. A higher Self-BLEU score indicates that the responses
are more similar to each other, implying lower diversity. 2)
Distinct-2: Quantifies the proportion of unique 2-grams in
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Multipref
Pref.Acc Div.PDS AUROC

cDPO(ptfina = 0.1)  0.7400  0.8739  0.5499
cDPO(pfina = 0.2) 0.7100  0.8796  0.5543
FGD-Align 0.9000 0.9214 0.8119

Method

Table 4: Comparison between fixed and fuzzy consensus
strength modeling in PF-DPO. Conservative DPO uses fixed
Lhna Values, while FGD-Align adaptively adjusts learning
strength via fuzzy preference uncertainty.

Model Self-BLEU | Distinct-2 T Entropy 1
Base Model 0.6963 0.2923 6.6575
DPO 0.7356 0.2263 5.7523
SimPO 0.9875 0.0066 1.3275
FGD-Align 0.5719 0.4376 6.8743

Table 5: Diversity evaluation on prompts with annotator dis-
agreement. The Base Model is Qwen2.5-7B-Instruct, while
all other methods are fine-tuned on the Multipref dataset.

the generated texts. Higher values reflect richer lexical vari-
ation. 3) Entropy: Computes the Shannon entropy of the
sampled response distribution, representing the overall un-
certainty and spread of model outputs. A lower entropy sug-
gests the model collapses to a narrow set of responses.

As shown in the table, FGD-Align consistently demon-
strates stronger diversity across all metrics. Specifically, it
achieves lower Self-BLEU scores, higher Distinct-2 values,
and higher output entropy compared to SimPO. These re-
sults indicate that FGD-Align is better able to preserve out-
put diversity on prompts where multiple valid answers ex-
ist, mitigating the risk of mode collapse. In contrast, SimPO
shows signs of over-optimization, generating overly similar
responses with reduced entropy.

Conclusion

In this paper, we propose FGD-Align, a novel pluralistic
alignment framework for large language models grounded
in Fuzzy Group Decision-Making theory. Our method mod-
els nuanced, multi-criteria human preferences using trian-
gular fuzzy numbers and introduces a hierarchical aggrega-
tion mechanism to balance consensus with diversity. We fur-
ther develop Probabilistic Fuzzy DPO, a new training objec-
tive that adaptively incorporates fuzzy preference strength,
improving robustness to ambiguity and inconsistency. Ex-
periments across three datasets demonstrate that FGD-Align
outperforms strong baselines in preference accuracy, stabil-
ity, and minority preservation. Despite its effectiveness, our
current work is limited by the scale and diversity of human
annotations. In future work, we aim to incorporate broader
annotator populations from online communities and explore
more expressive fuzzy representations to better capture com-
plex human value judgments.
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