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Abstract

Computational value analysis has largely
treated values as instances of predefined univer-
sal taxonomies, making it difficult to discover
culturally specific value dimensions not fully
represented in existing schemes. We formulate
value analysis as an open-ended discovery prob-
lem grounded in the argumentative contexts in
which values are expressed. To this end, we
propose an LLM-assisted framework that dis-
covers human value dimensions directly from
text without relying on predefined taxonomies.
It extracts Premise-Conclusion-Stance (P-C-
S) argumentative edges under explicit argu-
ment tree constraints, expands each edge into
structured value-semantic descriptions span-
ning goal, principle, tradeoff, and perspective
dimensions, and induces coherent value clus-
ters via co-association consensus clustering
over the embedding representations. We evalu-
ate the framework across ten languages using
external label alignment, internal structural sta-
bility metrics, and human judgment. Results
show that the framework is robust and transfer-
able, with the induced value structures achiev-
ing low hallucination and strong alignment with
human judgments while revealing culturally
distinctive value orientations that both align
with and meaningfully complement established
psychological frameworks. By shifting compu-
tational value analysis from taxonomy-driven
classification toward open-ended discovery, our
framework offers a new approach to cross-
cultural value research, with implications for
culturally aware AI alignment. The code is
available at: https://github.com/SWnlpir/
OpenHumanValueMining.

1 Introduction

Values refer to a set of beliefs and guiding prin-
ciples held by individuals or groups that define

*Equal contribution.
†Work done during internship at Peking University.
BCorresponding author.

which goals and actions are considered important,
appropriate, and worth pursuing. They therefore in-
fluence individual and collective judgments and ac-
tions across contexts, making values a longstanding
central concern in philosophy, psychology, and the
social sciences (Allport, 1961; Rokeach, 1973; Hof-
stede, 1984; Schwartz, 2003, 1992, 2012; Hofstede,
2001). Computational analysis of values in text pro-
vides a path toward understanding human thought,
morality, and culture. Accordingly, this line of re-
search has attracted attention in areas of natural
language processing, computational social science,
and AI value alignment (Kiesel et al., 2022; Mirza-
khmedova et al., 2024; Ye et al., 2025a). Recent
advances in large language models (LLMs), es-
pecially in cross-lingual understanding, semantic
abstraction and complex reasoning, open new op-
portunities for exploring value structure from text.

Recently, researchers leverage LLMs to mea-
sure values directly from open-ended text. A repre-
sentative example is GPV, which extracts percep-
tions from open text and maps them to an exist-
ing value system via LLM-based generative psy-
chometrics (Ye et al., 2025a). This demonstrates
that LLMs can support value analysis beyond di-
rect label prediction. Yet for our goal, it still has
important limitations. First, although GPV takes
open-ended text as input, it ultimately maps gen-
erated perceptions onto existing value dimensions,
making it less suitable for discovering value di-
mensions outside predefined frameworks. Second,
it is not designed around multilingual or cross-
cultural textual structure, which limits its appli-
cability to diverse languages and cultures. Third,
its perception-generation stage lacks explicit struc-
tural constraints, and the quality of generated per-
ceptions is mainly assessed through human inspec-
tion.

To address these issues, we move beyond fixed-
taxonomy value measurement and formulate the
task as value dimension mining in an open concept
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Figure 1: The overall framework for multilingual value mining, including tree-constrained unit extraction, value
concept decomposition, consensus clustering, and evaluation.

space. Figure 1 summarizes the full pipeline. We
first synthesize paragraph-level inputs from exist-
ing Premise-Conclusion-Stance (P-C-S) pairs using
argument-structure templates while retaining the
original pairs as gold edges for evaluation. Given
each paragraph, an LLM then extracts P-C-S argu-
mentative edges under a paragraph-level argument-
tree constraint derived from classic argumentation
theory (Palau and Moens, 2009; Freeman, 1985).
This constraint grounds value expressions in ex-
plicit argumentative relations and reduces halluci-
nated or structurally incoherent edges.

Each extracted P-C-S edge is then expanded
into a structured value-semantic representation.
Drawing on classic value theories, we decompose
value into semantic dimensions such as goal, prin-
ciple, tradeoff, and perspective (Rokeach, 1973;
Schwartz, 1992, 2012; Hofstede, 1984). An LLM
then generates short textual descriptions for each
dimension; these descriptions are encoded with an
embedding model, concatenated, and normalized to
form the vector representation used for clustering.
We then repeatedly run K-means to obtain base par-
titions, compute pairwise co-association frequen-
cies, build a sparse consensus graph over local se-
mantic neighbors as the affinity matrix, and derive
the final clusters via spectral clustering. The result-
ing clusters are finally interpreted through LLM-
generated descriptions of representative evidence

followed by researcher review and refinement (Ye
et al., 2025a,b; Zhu et al., 2025). Because the same
procedure can be applied without language-specific
redesign, the pipeline transfers across languages
while still preserving locally meaningful value con-
cepts.

We evaluate the framework from multiple per-
spectives. First, we assess the quality of argument
unit extraction and the effect of tree-structural con-
straints on reducing hallucinated relations. Second,
we test whether the induced clusters align with an
external value-label space, providing evidence that
the recovered structure is not arbitrary. Third, we
test cross-lingual and cross-cultural transferability
by applying the method to Chinese and eight addi-
tional languages, examining whether the pipeline
recovers value structures that align with each cul-
ture’s external value space. Finally, we conduct
human validation to assess whether the same- or
different- cluster relations implied by the induced
clusters align with human judgments of value orien-
tation. Our results show that the proposed pipeline
can recover value structure in a stable and inter-
pretable manner. Our main contributions are:

• We propose a novel value mining framework
without requiring a fully predefined value tax-
onomy.

• We introduce an argument-unit extraction
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strategy tailored to value analysis, where im-
posing tree-structural constraints during ex-
traction substantially reduces hallucinated re-
lations and invalid units in LLM outputs.

• We validate the framework on multilingual
and culturally diverse data, showing its gener-
alizability across languages and its potential
to support future cross-cultural value research
and culturally aware AI alignment.

2 Related Work

2.1 Foundations of Human Values
Values are commonly defined as trans-situational
guiding principles or desirable goals that shape how
individuals and groups evaluate actions, goals, and
social norms (Schwartz, 1992, 2012). Among the
most influential frameworks in value research are
Schwartz’s theory of basic human values, which or-
ganizes values into a set of motivationally grounded
universal dimensions, and Hofstede’s cultural di-
mensions theory, which characterizes value dif-
ferences at the national-cultural level (Schwartz,
1992, 2012; Hofstede, 2001). However, such value
systems are primarily etic frameworks for univer-
sal cross-cultural comparison and therefore cannot
fully capture emic (i.e., culture-specific) value con-
cepts and modes of expression (Morris et al., 1999;
Lu, 2012). In this sense, existing value systems pro-
vide important theoretical anchors for value com-
puting, but they fall short of exhausting the full
range of value structures expressed in multilingual
and multicultural corpora.

2.2 Computational Approaches to Value
Analysis

Early work on value analysis mainly followed two
directions: lexicon-based methods and traditional
NLP approaches. One line of research followed a
psycho-lexical perspective, assuming that salient
human values leave relatively stable traces in lan-
guage, and therefore measured value expression
through lexical compilation, value dictionary con-
struction, and term matching. Representative stud-
ies include Values in Words, which predicts per-
sonal values from language use, and the Personal
Values Dictionary, a Schwartz-based lexicon for
measuring textual references to basic human val-
ues (Boyd et al., 2015; Ponizovskiy et al., 2020).
Another line incorporated value analysis into tra-
ditional NLP pipelines by using lexical features,
semantic features, or pretrained language models

to predict value orientations in text, as exemplified
by ValueNet, as well as later argument-based value
analysis datasets such as Webis-ArgValues-22 and
Touché23-ValueEval (Qiu et al., 2022; Kiesel et al.,
2022; Mirzakhmedova et al., 2024). These ap-
proaches laid the early foundation for computa-
tional value analysis and offered a certain degree of
interpretability. However, they remain strongly de-
pendent on predefined theoretical frameworks and
lexicon coverage, limiting their ability to handle
contextualized meaning, implicit expression, and
semantic composition. Moreover, when extended
to new languages or cultural contexts, they often
require rebuilding lexicons or collecting costly an-
notations, which restricts their adaptability in cross-
lingual and low-resource settings.

With the development of LLMs, value analy-
sis has increasingly relied on their cross-lingual
understanding, semantic abstraction, and genera-
tive capabilities. One line of work uses LLMs to
improve the efficiency and accuracy of existing
value identification pipelines; for example, EAVIT
first employs a local model to narrow down can-
didate values and then uses an LLM to make the
final judgment in a compressed context (Zhu et al.,
2025). Another line moves further toward open-
ended value measurement and value-system con-
struction. Examples include GPV, which extracts
perceptions from open text for value measurement,
and GPLA, which adopts a psycho-lexical perspec-
tive to construct a new value system for LLMs (Ye
et al., 2025a,b). These studies show that LLMs can
not only improve existing value analysis workflows,
but also open up new possibilities beyond conven-
tional label prediction. Still, current methods are
mainly oriented toward two goals: improving per-
formance on predefined value identification tasks or
constructing new measurement systems and value
frameworks. In contrast, there is still limited work
on directly modeling the recovery of comparable
value-concept structures from multilingual corpora
in a constrained and interpretable manner. This
gap becomes especially important when the goal is
not merely to output labels, but to jointly support
structural stability, cross-lingual adaptability, and
the discovery of distinctive values.

3 Dataset and Task Definition

3.1 Dataset

We evaluate the framework on three datasets with
distinct roles. First, ValueEval23 English serves as
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the main benchmark. It contains 8,865 annotated
argument pairs, each consisting of a Premise, a
Conclusion, a Stance, and a 20-dimensional hu-
man value label. Because these pairs are pro-
vided as isolated sentences, we reorganize them
into paragraph-level inputs guided by argument-
structure templates.

To construct more realistic argumentative con-
texts, we reorganize the original samples into five
common argument structures from prior argumenta-
tion analysis: Convergent, Serial, Divergent, Multi-
Argument, and Against (Lawrence and Reed, 2019;
Hale and Keyser, 1998). Concrete definitions of
these templates are given in Appendix B. For a
template, we select sentence-level P-C-S samples
that instantiate the desired structure, organize them
into a structured plan, and rewrite the plan into a
coherent paragraph. This procedure yields 5,000
English instances for the main method validation
and ablation.

We also evaluate on the Chinese C-VARC dataset
to test whether the English-tuned configuration ef-
fectively transfers to a different cultural context
(Wu et al., 2025). Applying the same paragraph-
level construction, we build 5,000 Chinese para-
graphs and use the 12 C-VARC core value dimen-
sions as external anchors for evaluation. This tests
the method’s transferability to Chinese.

We further evaluate cross-lingual generalization
on ValueEval24 (Kiesel et al., 2024), which pro-
vides 2,240 texts in eight non-English languages:
Bulgarian, German, Greek, French, Hebrew, Italian,
Dutch, and Turkish. These texts are annotated with
a 38-dimensional value label space, allowing us to
test whether the pipeline recovers value structures
aligned with each target language’s external anno-
tations. Across all experiments, our study therefore
covers a total of 10 languages.

3.2 Unit Extraction

Argumentative structure varies considerably across
languages and sources. The same viewpoint may
appear in a single sentence in one case, yet rely on
multiple layers of support spread across an entire
paragraph in another. We therefore begin by ex-
tracting minimal, comparable argument units from
raw text as the common input for all subsequent
experiments.

For a paragraph x, the task of unit extraction is
to generate a set of argument edges

E(x) = {(pi, ci, si)}mi=1,

where pi and ci denote the premise and conclusion
texts of the i-th argument unit, and si denotes its
stance (i.e., support or attack). We evaluate extrac-
tion at the P-C-S edge level. A predicted edge is
considered correct when its premise and conclu-
sion semantically match a gold edge and its stance
matches that of the gold edge. To allow for para-
phrases and minor boundary shifts, we compute
embedding-based edge similarity. The thresholded
metrics in Table 1 use a threshold of 0.7, while
soft F1 weights each matched pair by its semantic
similarity score.

3.3 Value Mining

Given a set of extracted argument units E =
{(pi, ci, si)}mi=1, the task of value mining is to in-
duce value concepts from these units without pre-
supposing a fixed target taxonomy. Each unit is first
expanded into a structured value-semantic represen-
tation. These representations are then grouped into
clusters, each capturing a coherent value concept
shared by multiple argument units.

4 Method

4.1 Argument Tree-Constrained Extraction

Direct LLM extraction of argument units yields low
accuracy in our setting because the model tends to
over-generate plausible yet unsupported relations
(Table 1). This produces structurally inconsistent
edges and, in some cases, hallucinated content not
grounded in the source paragraph. To address this
issue, we introduce an argument-tree-constrained
extraction method inspired by classic argumenta-
tion theory. Instead of enumerating arbitrary sen-
tence pairs, the method requires extracted relations
to form a paragraph-level argument tree, ensuring
that local links remain interpretable and the overall
structure stays coherent.

Given a paragraph, we perform extraction in four
steps (prompts are given in Appendix D). First, the
model segments the paragraph into minimal argu-
ment units and identifies those that function as con-
clusions. Second, it selects the root conclusion(s)
from among these units. Third, starting from the
root conclusion(s), the model recursively expands
support and attack relations: for each current target
conclusion, it predicts its premise units and their
corresponding support/attack relations; if a premise
is itself a conclusion unit, it is further expanded in
the next round. Finally, all valid links obtained
through this recursive process are assembled into a
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paragraph-level argument tree and exported as stan-
dardized Premise-Conclusion-Stance edges. For
refusals, malformed outputs, or predictions that
violate the required constraints, we perform a lim-
ited number of retries and retain only outputs that
satisfy the tree-structure requirement.

The benefit of this tree constraint is not merely a
reduction in the number of predicted edges. It also
helps the model organize the logic of viewpoints
within the paragraph, suppressing invalid links and
hallucinated edges while improving the structural
quality of the extracted units.

4.2 Value Concept Decomposition
After obtaining tree-constrained argumentative
units, the next question is how to represent their
value content. A simple solution would be to ask an
LLM to directly generate the value label or value
description expressed by each argumentative unit.
In our task, however, this strategy does not work
well in practice. Besides limited precision, LLMs
also tend to map arguments to familiar value cate-
gories, especially ones resembling Schwartz-style
value dimensions.

To address this issue, we decompose value con-
cepts into a set of more specific semantic dimen-
sions. This decomposition views values as nor-
mative orientations jointly constituted by multiple
associated aspects, such as goals, principles, trade-
offs, and social standpoints. Concretely, drawing
on authoritative theories of human values (Rokeach,
1973; Hofstede, 1984; Schwartz, 2003), we de-
fine seven candidate dimensions for each argumen-
tative edge: goal, principle, tradeoff, beneficia-
ries, harmed groups, norm, and perspective (Ap-
pendix F). Conditioned on the Premise-Conclusion-
Stance edge and its paragraph context, the model is
asked to generate one short description for each di-
mension. In this way, value analysis is transformed
from one-step label prediction into a process of
structured semantic expansion.

The main advantage of this decomposition is that
it separates components of value reasoning that are
often conflated in direct generation. Two argumen-
tative units may pursue a similar goal while relying
on different principles; conversely, they may in-
voke the same principle while differing in trade-off
judgments or social perspective. Once these com-
ponents are represented separately, the comparison
between argumentative units no longer depends
mainly on surface wording but can instead be car-
ried out along shared dimensions, which makes

subsequent clustering more stable.
In implementation, we start from the full seven-

dimensional representation and use ablation to iden-
tify the most effective subset, as shown in Table 4.
The results show that not all dimensions contribute
equally to value-structure recovery. In the final con-
figuration, we retain four core dimensions: goal,
principle, tradeoff, and perspective. Compared
with the remaining dimensions, these four capture
the core value logic of arguments more consistently
and yield the best clustering performance in the
main experiments. The final value-mining pipeline
is therefore built on this four-dimensional decompo-
sition rather than on direct value-label generation.

Formally, for each extracted argumentative edge
ei = (pi, ci, si), we generate the following struc-
tured semantic representation:

zi = {gi, ri, ti, qi},

where gi, ri, ti, and qi denote the textual realiza-
tions of the goal, principle, tradeoff, and perspec-
tive dimensions, respectively. We encode each se-
lected dimension text with BGE-M3, concatenate
vectors, and apply L2 normalization to obtain the
representation used for clustering.

4.3 Consensus Clustering

Open semantic space clustering can be sensitive to
initialization, local density variation, and sample
perturbation. We therefore employ consensus clus-
tering based on co-association statistics, drawing
on prior work in cluster ensembles, evidence accu-
mulation, and resampling-based consensus meth-
ods (Strehl and Ghosh, 2003; Fred and Jain, 2005;
Monti et al., 2003). In our setting, this strategy
is adapted to compute sparse local co-association
among open-ended value-semantic edge represen-
tations.

We first construct a sparse neighborhood graph
on the argument-edge samples. For each sample,
we retain only its k nearest neighbors in the se-
mantic space, and compute co-clustering statistics
only for these local semantic neighbors. We then
generate multiple base partitions from repeated K-
means clustering with varied random seeds, differ-
ent numbers of clusters, and bootstrap subsampling.
In bootstrap partitions, samples omitted from a
subsample are treated as unobserved and excluded
from that round’s co-clustering counts.

For each candidate pair (i, j), we count how of-
ten the two samples are jointly observable across

11014



Model Pred. edges Precision Recall F1 Soft F1

TreeByGPT-4.1-mini 38,497 0.7487 0.7021 0.7246 0.6701
GPT-4.1-mini 37,675 0.5065 0.9881 0.6697 0.6141
DeepSeek-3.2-Reasoner 37,914 0.5042 0.9897 0.6681 0.6166
DeepSeek-3.2-Chat 39,141 0.4939 0.9897 0.6590 0.6071
GPT-5.2-Chat 43,866 0.4417 0.9918 0.6112 0.5621
GPT-5.2-Medium 49,880 0.3894 0.9942 0.5596 0.5115

Table 1: Argument-unit extraction results at edge-similarity threshold 0.7. Soft F1 weights matched pairs by
semantic similarity.

all base partitions and how often they are assigned
to the same cluster. The consensus weight is de-
fined as wij =

votesij
denomij

, where votesij denotes the
number of times samples i and j are clustered to-
gether, and denomij denotes the number of times
they are jointly observable. This weight measures
the stability with which a pair remains co-clustered
under repeated perturbations. Thus, the consensus
graph retains only semantic relations that repeat-
edly survive perturbation.

Let A denote the resulting sparse symmetric
affinity matrix, with Aij = wij for retained can-
didate pairs and Aii = 1. We derive the final par-
tition using fixed-K spectral clustering (Ng et al.,
2001). The method embeds the consensus graph
into a spectral space, applies K-means to the em-
bedded samples with 10 initializations and a fixed
random seed of 0, and thereby preserves stable
co-association neighborhoods while naturally ac-
commodating the sparse affinity graph. For compa-
rability with the external label space, the default K
is set to match its dimensionality.

4.4 Cluster Naming

For each cluster, we collect four types of representa-
tive argument-edge evidence, as defined in Table 2.
Each evidence item contains the premise, conclu-
sion, stance, and the generated value-semantic de-
scriptions. These evidence sets are fed into an
LLM to produce a short cluster description and
several candidate names, which are then manually
reviewed and refined by researchers. This design
grounds cluster naming in representative evidence
and human interpretation.

5 Experimental Results

5.1 Unit Extraction

We first evaluate the quality of argument-unit ex-
traction. Table 1 reports the results at similarity
threshold 0.7. Among all compared methods, the

Evidence type Selection criterion

Center Closest to the cluster centroid.
High-confidence Strongest within-cluster consensus confi-

dence.
Diverse Covers semantic variation within the clus-

ter.
Boundary Closest to neighboring clusters.

Table 2: Representative evidence types used for cluster
naming.

GPT-4.1-mini constrained by argument tree per-
forms best on the main quality metrics, achieving
the highest precision (0.7487), F1 (0.7246), and
soft F1 (0.6701). At the same time, it produces
38,497 predicted edges, which remains on a similar
scale to several direct-generation baselines.

In contrast, all direct-generation baselines ex-
hibit a markedly different pattern: their recall is
extremely high, often close to 0.99, while their
precision is substantially lower, roughly ranging
from 0.39 to 0.51. This suggests that LLMs tend
to over-extract and hallucinate argumentative units.
GPT-5.2-Medium, for example, applies stronger
reasoning and extracts more units, but its precision
is only 0.3894, indicating that most of its extracted
units are incorrect. GPT-4.1-mini as well as the two
DeepSeek variants show a similar trend: recall is
nearly saturated, but precision remains around 0.50.
By contrast, the tree-constrained method achieves
the best balance between coverage and structural
correctness, greatly reducing the chance of gener-
ating invalid units.

5.2 Main Results and Ablation on
ValueEval23 English

Table 3 reports the consistency between the induced
clustering and the human-annotated value space
across three levels: global distribution, sample-
level external similarity, and internal cluster qual-
ity (metrics are defined in Appendix H). At the
dataset level, the recovered structure closely pre-
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Category Metric Value

Distribution Jensen–Shannon divergence 0.006
Pearson 0.963
Spearman 0.956

Alignment Cosine gap 0.065
Cosine AUC 0.604
Random-baseline p 0.010

Structure Max cluster ratio 0.215
Silhouette 0.100
Within-cluster confidence 0.855
Confidence ratio 0.980

Table 3: Main results on ValueEval23 English (K = 20),
covering distribution consistency, external alignment,
and cluster structure.

serves the overall shape of the original label dis-
tribution, with a low Jensen–Shannon divergence
of 0.0061 and high Pearson (0.9625) and Spear-
man (0.9564) correlations. At the sample level,
the cosine gap reaches 0.0651, yielding a cosine
AUC of 0.6045, which is significantly above the
random clustering baseline (p = 0.0099). Thus,
samples assigned to the same induced cluster are,
on average, closer to one another in the external
human-label space than those assigned to differ-
ent clusters. The internal structure of the partition
is stable and non-degenerate. The largest cluster
contains 21.55% of the samples, indicating no col-
lapse into a few dominant groups. Although the
silhouette score is relatively low, this is expected be-
cause value orientations are often overlapping and
compositional. Nevertheless, the consensus-graph
confidence scores are high (mean within-cluster co-
association = 0.8555, confidence ratio = 0.9799),
showing that most samples remain strongly con-
nected to their assigned clusters. We also reran the
full consensus-clustering pipeline with five differ-
ent random seeds on the same 18,250 samples;
the resulting partitions are stable, with average
ARI and NMI of 0.8030 and 0.9077, respectively.
Taken together, these results demonstrate that the
final method preserves the global distributional pro-
file of the original annotations and induces a par-
tition that is both externally well grounded and
internally stable.

Table 4 reports a compact summary of the
value-dimension ablation, with the full results in
Appendix Table 14. Two patterns are apparent.
First, the combination of goal + principle + trade-
off already provides a strong semantic core, and
adding perspective delivers the best overall trade-
off. While the top structured variants perform sim-

Setting Cosine gap Cosine AUC Max ratio

Core 0.0615 0.5983 0.2307
Core + N 0.0635 0.6019 0.2134
Core + N + P 0.0631 0.6010 0.2356
Final 0.0651 0.6045 0.2155
All dimensions 0.0367 0.5575 0.3586
Direct baseline 0.0215 0.5330 0.2734

Table 4: Ablation results on ValueEval23 English. Core
= goal + principle + tradeoff; N = norm; P = perspective.

ilarly, the final setting attains the strongest exter-
nal alignment without sacrificing cluster balance
or consensus confidence. Second, using more
dimensions is not uniformly beneficial: the full
seven-dimensional representation degrades substan-
tially, suggesting that extra dimensions introduce
noise rather than useful structure. Crucially, the
direct baseline falls short of every structured vari-
ant, achieving a cosine gap of only 0.0215 and a
cosine AUC of only 0.5330, both well below those
of the final configuration. Together, these findings
suggest that structured decomposition yields more
stable value representations than direct, one-step
value generation.

5.3 Generalization Across Languages and
Cultural Contexts

To assess generalization beyond English, we ap-
ply the selected configuration to the Chinese C-
VARC dataset and to the eight non-English lan-
guage datasets in ValueEval24. We retain the
same four-dimensional semantic representation and
consensus-clustering pipeline, varying only the
number of clusters to match each dataset’s eval-
uation setting.

Figure 2 visualizes the cross-lingual patterns af-
ter normalizing each metric for comparison across
languages, and Table 5 reports the overall gen-
eralization results. The multilingual results on
ValueEval24 provide strong evidence for cross-
lingual generalization. Averaged across the eight
non-English languages, the method achieves a co-
sine gap of 0.1375 ± 0.0175 and a cosine AUC
of 0.6598 ± 0.0246. Moreover, the results for all
eight languages significantly outperform random
baselines, with cosine AUC values above 0.62 in ev-
ery case. This indicates that the proposed pipeline
can recover a stable, shared value structure across
languages, even though the strength of this signal
varies by language.

On the Chinese C-VARC dataset, the selected
configuration also aligns positively with the exter-
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Cosine gap Cosine AUC Silhouette Max. cluster ratio

BG (Bulgarian)

DE (German)

EL (Greek)

FR (French)

HE (Hebrew)

IT (Italian)

NL (Dutch)

TR (Turkish)

0.119 0.637 0.112 0.095

0.141 0.675 0.110 0.079

0.169 0.697 0.097 0.092

0.146 0.641 0.130 0.137

0.150 0.688 0.109 0.069

0.118 0.630 0.095 0.094

0.132 0.650 0.104 0.083

0.124 0.660 0.115 0.087
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Figure 2: Heatmap of multilingual generalization results on the eight non-English languages in ValueEval24.

Setting Cosine gap Cosine AUC Silhouette Max cluster ratio

Chinese C-VARC 0.0283 0.5408 0.0299 0.2716
ValueEval24 8-languages (mean) 0.1375 ± 0.0175 0.6598 ± 0.0246 0.1090 ± 0.0110 0.0919 ± 0.0200

Table 5: Generalization results on Chinese C-VARC and the eight non-English languages in ValueEval24.

nal value space, attaining a cosine gap of 0.0283
and a cosine AUC of 0.5408. Although this signal
is weaker than in the English main experiment, the
induced partition remains structurally sound, with
a maximum cluster ratio of 0.2716.

5.4 Sensitivity to the Number of Clusters

We assess sensitivity to the final cluster count by
varying only K while holding the value-semantic
representations, base partitions, and consensus
graph fixed. We test K ∈ {12, 16, 20, 24, 28} for
English, K ∈ {8, 10, 12, 14, 16} for Chinese, and
K ∈ {d−8, d−4, d, d+4, d+8} for each ValueE-
val24 language, where d denotes the dimensional-
ity of the corresponding external label space. The
main findings remain stable across these ranges.
English external alignment peaks near the default
K = 20; Chinese alignment improves with finer
partitions and shows no cluster collapse; and the
eight-language mean cosine AUC rises from 0.645
at d − 8 to 0.676 at d + 8, while the maximum-
cluster ratio falls from 0.112 to 0.080. Thus, the
default choices reproduce the main results and lie
within the stable range. Full results are reported in
Appendix M.

5.5 Case Study

Table 6 presents three qualitative cases that relate
induced clusters to established value theories; rep-
resentative evidence summaries are provided in
Appendix N. In the Chinese data, Patriotic Com-

mitment combines national identification, civic
duty, service-oriented dedication, and community
orientation, thereby spanning several theoretical
value categories. Social Order closely aligns with
Schwartz’s Conformity and extends it by linking
rule-following to harmony, civility, public safety,
and a positive social ethos. In the Turkish data, Re-
ligious Tradition Adherence aligns with Schwartz’s
Tradition and instantiates it through religious com-
mitment, cultural heritage, historical continuity,
and normative adherence.

5.6 Human Validation

We sample 300 English argument-edge pairs
from the final clustering and have three annota-
tors independently judge whether each pair ex-
presses the same value orientation. We com-
pare majority-vote human judgments with cluster-
implied same/different labels, excluding majority-
uncertain cases when computing agreement. The
average pairwise agreement is 71.9%, with a mean
Cohen’s κ of 0.5419 and a Krippendorff’s α of
0.5409. After excluding uncertain cases, the
majority-vote judgments agree with the cluster-
implied same/different labels in 82.1% of cases.

6 Conclusion

In this work, we present an open-ended value di-
mension mining framework that moves computa-
tional value analysis beyond fixed-label predic-
tion toward recovering interpretable value struc-
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Language / Cluster
Name

Key Orientations Interpretation

CN / Patriotic
Commitment

Patriotism, Dedication, Civility, Harmony Organizes national identification, civic duty, and
service-oriented commitment into a coherent
community-oriented value cluster.

CN / Social Order Kindness, Harmony, Rule of Law, Fairness Organizes respect, civility, legal compliance, and
non-violent public conduct into a norm-centered
value cluster for maintaining social order.

TR / Religious
Tradition Adherence

Religious belief, historical continuity,
traditional legitimacy, sacred use

Organizes religious belief, historical continuity, and
the normative priority of traditional sacred use into a
culturally grounded value cluster.

Table 6: Qualitative cluster cases illustrating culturally meaningful values recovered from Chinese and Turkish data.

Metric Value

Average pairwise agreement 71.9%
Average Cohen’s κ 0.5419
Krippendorff’s α 0.5409
Majority-vote vs. cluster assignment 82.1%

Table 7: Human validation on the same 300 sampled
English argument-edge pairs independently labeled by
three annotators.

tures in an open concept space. Our method in-
tegrates tree-constrained argument-unit extraction,
structured value-semantic decomposition, and co-
association consensus clustering. Experimental
evaluation across ten languages shows that the in-
duced clusters align with human-annotated value
spaces, remain structurally stable, and correspond
to human judgments of value consistency. By
enabling culture-specific value discovery without
language-specific redesign, this work provides a ro-
bust, transferable, and empirically grounded foun-
dation for cross-cultural value research and cultur-
ally aware AI alignment.

Limitations

Our work has several limitations. First, LLM-based
value concept expansion and cluster description
currently lack direct evaluation benchmarks; we
therefore assess them through complementary evi-
dence from external alignment, structural stability,
and human judgment. Second, the tree-constrained
extraction stage uses GPT-4.1-mini for efficiency.
While it already performs well, comparisons with
larger models would clarify how scale affects ex-
traction quality. Third, our human validation is
currently limited to English argument-edge pairs
and annotators from a relatively narrow cultural
background. Extending validation to more diverse

language communities and cultural contexts would
strengthen the evidence, complementing the exist-
ing cross-lingual alignment and case-study findings.
Fourth, as with any LLM-assisted cultural analyt-
ics pipeline, the method may inherit biases from
models, embedding spaces, annotators, and refer-
ence datasets. Future work should therefore pair
the computational framework with local expertise
and bias-aware qualitative analysis.
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A Model Settings

In the unit extraction stage, we use GPT-4.1-mini-
2025-04-14, mainly due to the cost considerations
associated with Argument-Tree construction. For
all other stages, we use GPT-5.2-2025-12-11. The
temperature is set to 0 throughout the process to
ensure reproducibility. We use BGE-M3 as the em-
bedding model for encoding value-semantic dimen-
sion texts and for computing semantic similarity in
edge-level extraction evaluation.

B Paragraph Construction Templates

Table 8 defines the five structural templates used
to construct paragraph-level inputs from isolated
P-C-S pairs. Each template specifies a target ar-
gument pattern, and the original pairs selected for
that pattern are retained as gold edges for extraction
evaluation.

C Example of Paragraph Construction

Table 9 shows a compact example of the template-
guided paragraph construction procedure. The ex-
ample uses a divergent structure, where a shared
concern about children’s agency and exploitation
supports two related conclusions, while additional
premises provide conclusion-specific support. The
LLM is asked to realize the structured plan as a co-
herent paragraph, but the original P-C-S pairs are
retained as gold edges for extraction evaluation.

Realized paragraph

A key concern in the entertainment industry is
that child actors are for the most part thrown
into a role they do not wish to be in, while
their parents pocket the gains. This shared
issue highlights the lack of agency and poten-
tial exploitation faced by children, which sup-
ports two important conclusions: We should
ban the use of child actors and We should ban
kids’ reality shows. The reasoning applies to
both situations, as children in reality shows
may also be pushed into roles for the bene-
fit of adults. Furthermore, almost all reality
shows involves the process of eliminating
participants one by one at each level. Facing
defeat infront of everyone is not that easy for

children. This may put an emotional toll on
children, strengthening the call that we should
ban kids’ reality shows. In addition, child ac-
tors are robbed of their childhood, and child
actors miss out on socialization with kids
their own age and fall behind in school, both
of which further support the conclusion that
we should ban the use of child actors. Thus,
the exploitation and emotional harm experi-
enced by children in both acting and reality
shows point toward the need for significant
reform.

This example illustrates that paragraph con-
struction creates connected discourse for testing
paragraph-level extraction, while supervision re-
mains defined by the retained gold P-C-S edges.

D Argument Tree Prompts

The protocol uses four JSON-only steps: segment
minimal units, select root conclusions, expand
premise links with support/attack stance, and as-
semble P-C-S edges. Unit IDs must come from the
segmented unit list, and extracted text preserves the
original language.

Step 1: Minimal Unit Segmentation

Role: Argument structure annotator.
Task: Split paragraph into minimal argumentative units; mark

conclusions.
Input: {paragraph_text}
Output:
{

"units": [{"unit_id": "u1", "text": "..."}, ...],
"conclusion_unit_ids": ["u2", "u5"]

}
Rules: Preserve original language; use verbatim substrings.

Step 2: Root Conclusion Selection

Task: Select the root conclusion(s) from conclusion_unit_ids.
Input:
{"paragraph": {paragraph_text}, "units": {units_json},
"conclusion_unit_ids": {conclusion_unit_ids_json}}

Output: {"root_unit_ids": ["u2"]}
Rules: Root IDs must be a subset of conclusion_unit_ids.

Step 3: Premise Expansion

Task: For each target conclusion, identify premise units and
support/attack stance.

Input:
{"paragraph": {paragraph_text}, "units": {units_json},
"target_conclusion_unit_ids": {target_unit_ids_json}}

Output:
{"expansions": [{"target_unit_id": "u2",

"premises": [{"unit_id": "u3", "relation": "support",
"stance": "in favor of"}]}]}

Rules: relation=support/attack; stance=in favor of/against.

Step 4: Tree Assembly and Edge Export

Procedure: Starting from root conclusion(s), recursively apply Step
3.

Output:
{"units": [...],
"pairs": [{"src_unit_id": "...", "tgt_unit_id": "...",
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Template Argument pattern Selection logic

Convergent Multiple independent premises support the same root
conclusion.

Select one conclusion with
several supporting premises.

Serial A premise supports an intermediate conclusion, which in turn
supports a root conclusion.

Select semantically related
conclusions so that one can
function as an intermediate step
toward the other.

Divergent One shared premise supports multiple related conclusions. Select a premise-conclusion pair
and add semantically similar
conclusions that can be
supported by the same premise.

Multi-Argument Multiple independent main conclusions appear in the same
paragraph.

Select two topic-related but
distinct root conclusions, each
with its own supporting
premises.

Against Supporting and attacking premises are both present. Prefer the same conclusion with
both support and attack relations;
otherwise select semantically
related conclusions with
opposite stance patterns.

Table 8: Structural templates used for paragraph construction from isolated P-C-S pairs.

Role in plan Original premise Gold conclusion(s)

Shared premise Child actors are for the most part thrown into a role they do not wish
to be in, while their parents pocket the gains.

We should ban the use of child
actors; We should ban kids’
reality shows.

Reality-show-
specific support

Almost all reality shows involves the process of eliminating
participants one by one at each level. Facing defeat infront of
everyone is not that easy for children. This may put an emotional toll
on children.

We should ban kids’ reality
shows.

Child-actor-
specific support

Child actors are robbed of their childhood. We should ban the use of child
actors.

Child-actor-
specific support

Child actors miss out on socialization with kids their own age and fall
behind in school.

We should ban the use of child
actors.

Table 9: A paragraph construction example based on a divergent template. The original P-C-S pairs are organized
into a structured plan before being realized as paragraph-level input.

"relation": "support/attack", "stance": "in favor of/
against"}],

"roots": ["u2"]}

E Example of Tree-Constrained P-C-S
Extraction

Using the paragraph in Appendix C, Table 10
shows how the tree-constrained procedure converts
connected discourse into standardized P-C-S edges.
The procedure first identifies minimal argument
units, marks the two ban statements as root conclu-
sions, and then links shared and conclusion-specific
premises to the corresponding conclusions.

F Definitions of Value-Semantic
Dimensions

The seven value-semantic dimensions are inspired
by recurring components in classical value theo-
ries and adapted for argument-level text analysis.

Rokeach’s theory distinguishes terminal values,
which concern desirable end-states, from instru-
mental values, which concern preferable modes of
conduct. This distinction motivates the separation
between the goal facet, which captures the valued
outcome, and the principle and norm facets, which
capture the normative reason and behavioral expec-
tation implied by the argument (Rokeach, 1973).
Schwartz’s theory defines values as motivational
goals and emphasizes that values are organized by
relations of conflict and compatibility. This mo-
tivates the tradeoff facet, which records the com-
peting value, cost, or risk involved in accepting
an argument’s conclusion (Schwartz, 1992, 2012).
Hofstede’s cultural-value framework, together with
emic/etic accounts of cultural interpretation, high-
lights that value judgments are shaped by culturally
situated standpoints and social relations. This mo-
tivates the perspective facet and further supports
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ID Extracted unit Role

u1 Children are pushed into unwanted roles for adult benefit. Premise
u2 Public elimination may cause emotional harm to children in reality shows. Premise
u3 Child actors are robbed of childhood and fall behind in school. Premise
u4 We should ban the use of child actors. Root conclusion
u5 We should ban kids’ reality shows. Root conclusion

Table 10: Extracted argument units in the end-to-end P-C-S example.

Dimension Definition

goal The desired outcome or state of affairs supported by the argument.
principle The normative reason that makes the conclusion desirable, legitimate, or necessary.
tradeoff The competing value, cost, risk, or sacrifice involved in accepting the conclusion.
beneficiaries The people, groups, institutions, or entities expected to benefit.
harmed groups The people, groups, institutions, or entities expected to be harmed, burdened, or excluded.
norm The behavioral expectation, duty, or social rule implied by the argument.
perspective The evaluative standpoint from which the issue is judged.

Table 11: Definitions of the seven candidate value-semantic dimensions.

making the affected parties explicit through the
beneficiaries and harmed groups facets (Hofstede,
1984; Morris et al., 1999; Lu, 2012). This de-
sign yields an interpretable representation of how a
value is expressed, justified, and situated in a P-C-S
argument edge. Table 11 defines the seven candi-
date dimensions used for structured value-semantic
expansion. Each dimension is generated as a short
textual description conditioned on the extracted
P-C-S edge and its paragraph context.

G Example of Structured Value-Semantic
Representation

The final standardized edges are:

• (u1, u4, in favor of): lack of agency and ex-
ploitation support banning child actors.

• (u1, u5, in favor of): the same concern also
supports banning children’s reality shows.

• (u2, u5, in favor of): public elimination and
emotional harm support banning children’s
reality shows.

• (u3, u4, in favor of): loss of childhood, so-
cialization, and education supports banning
child actors.

This example shows how the argument-tree con-
straint keeps the extraction focused on explicit sup-
port relations and exports comparable P-C-S edges
for downstream value-semantic decomposition.

Table 12 gives a concrete example of the struc-
tured value-semantic representation generated for

one extracted P-C-S edge. The dimension texts
are later encoded with BGE-M3, concatenated, and
normalized before consensus clustering.

H Evaluation Metrics

See Table 13. Let yi be the external label vector of
sample i, and let Sin and Sout denote within-cluster
and between-cluster sample pairs. The metrics are
grouped by their evaluation goal.

I Full Ablation Results

Table 14 reports the full value-dimension abla-
tion results, including the internal geometric and
consensus-graph diagnostics omitted from the com-
pact main-text table.

J English Cluster Visualization

Figure 3 provides a three-dimensional PCA pro-
jection of the English value-cluster representations.
The projection is used as an illustrative visualiza-
tion of the induced geometry, while the quantita-
tive evaluation in the main text relies on external
alignment, distributional consistency, and consen-
sus confidence.

K English Value Cluster Similarity

Figure 4 visualizes the pairwise cosine similar-
ity among the centroids of the 20 induced value
clusters in the English experiment. Rather than
showing individual samples, this figure highlights
the higher-level semantic relations between clus-
ters. The reordered matrix reveals that some clus-
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Field Content

Premise Children in reality shows may be pushed into roles for adult benefit.
Conclusion This lack of agency and exploitation supports banning child actors and children’s reality shows.
Stance In favor of.
Goal Prevent exploitation and harm to children.
Principle Children should have agency and should not be used primarily for adult benefit.
Tradeoff Banning such shows may limit child-related entertainment options.
Perspective Protect children’s rights and welfare.
Induced cluster Child Caring.

Table 12: Example of the structured value-semantic representation generated for one extracted P-C-S edge.

Category Metric Definition

Distribution
consistency

JSD ↓ Jensen–Shannon divergence between the induced cluster distribution and the
external label distribution.

Distribution
consistency

Pearson / Spearman
↑

Correlation between induced and external distribution profiles.

External alignment Cosine gap ↑ E(i,j)∈Sin
cos(yi, yj)− E(i,j)∈Sout cos(yi, yj).

External alignment Cosine AUC ↑ Ranking-based separation between within-cluster and between-cluster cosine
similarities in the external label space.

External alignment Cosine p-value ↓ Random-baseline significance test for the cosine-based alignment score.
Cluster structure Max cluster ratio ↓ Proportion of samples assigned to the largest induced cluster.
Cluster structure Silhouette ↑ Cosine silhouette score computed in the value-semantic embedding space.
Cluster structure Mean within-cluster

co-association ↑
Average co-association strength between each sample and its same-cluster
local neighbors.

Cluster structure Confidence ratio ↑ Share of each sample’s local co-association mass retained within its final
cluster.

Table 13: Definitions of evaluation metrics used in clustering experiments. Arrows indicate the preferred direction
when comparing methods.

Figure 3: Three-dimensional PCA projection of the
induced English value clusters for illustrative visualiza-
tion.

ters form relatively close semantic neighborhoods,
while others remain more distinct, suggesting that
the induced value space is structured rather than
arbitrary.

L Full Multilingual Results

Table 15 provides the full multilingual results of the
final method on the eight non-English languages in
ValueEval24. Although the strength of the signal
varies across languages, the method consistently
produces positive alignment with the external value
space and non-degenerate cluster structures. This
supports the claim that the framework generalizes
beyond English and can recover stable value struc-
ture across multiple languages.
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Method Views Cosine gap Cosine AUC Silhouette Max cluster ratio Mean within-cluster co-association

Core goal + principle + tradeoff 0.0615 0.5983 0.1057 0.2307 0.8568
Core + norm goal + principle + tradeoff + norm 0.0635 0.6019 0.1034 0.2134 0.8571
Core + norm + perspective goal + principle + tradeoff + norm + perspective 0.0631 0.6010 0.1049 0.2356 0.8642
Final goal + principle + tradeoff + perspective 0.0651 0.6045 0.0999 0.2155 0.8555
All dimensions all seven dimensions 0.0367 0.5575 0.0642 0.3586 0.4766
Direct baseline direct value 0.0215 0.5330 0.0581 0.2734 0.8127

Table 14: Full ablation and direct baseline results on ValueEval23 English. Boldface marks the best value in each
metric column; lower is better for Max cluster ratio, and higher is better for the other metrics.

Language n K Max ratio Cosine gap Cosine AUC JSD Pearson Silhouette

Bulgarian (BG) 870 38 0.0954 0.1193 0.6371 0.0130 0.9733 0.1120
German (DE) 1052 38 0.0789 0.1405 0.6752 0.0152 0.9446 0.1099
Greek (EL) 1079 38 0.0918 0.1692 0.6970 0.0137 0.9629 0.0973
French (FR) 703 37 0.1366 0.1462 0.6410 0.0109 0.9630 0.1298
Hebrew (HE) 955 38 0.0691 0.1497 0.6877 0.0276 0.9123 0.1088
Italian (IT) 979 36 0.0940 0.1178 0.6299 0.0106 0.9682 0.0948
Dutch (NL) 1320 38 0.0826 0.1324 0.6505 0.0101 0.9613 0.1037
Turkish (TR) 1244 38 0.0868 0.1245 0.6600 0.0174 0.9375 0.1152

Mean ± Std. — — 0.0919 ± 0.0200 0.1375 ± 0.0175 0.6598 ± 0.0246 0.0148 ± 0.0057 0.9529 ± 0.0203 0.1090 ± 0.0110

Table 15: Full multilingual results of the final method on the eight non-English languages in ValueEval24. n denotes
the number of edge-level metadata instances, K the final cluster number, and Max Ratio the proportion of the largest
cluster.

Figure 4: Heatmap of pairwise cosine similarity among the centroids of the 20 induced value clusters. Clusters are
labeled with manually curated final names and reordered by hierarchical clustering.
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M Sensitivity to the Number of Clusters

We vary only the final cluster count while keeping
the value-semantic representations, base partitions,
and consensus graph fixed. Tables 16–19 report the
complete results. Defaults follow the dimensional-
ity of the corresponding external label space.

Metric 12 16 20 24 28

Cosine gap 0.027 0.031 0.065 0.062 0.047
Cosine AUC 0.544 0.550 0.604 0.597 0.575
Max ratio 0.436 0.372 0.215 0.187 0.236
Silhouette 0.067 0.080 0.100 0.108 0.106
Confidence 0.847 0.851 0.855 0.860 0.859

Table 16: Cluster-count sensitivity on ValueEval23 English
(K = 20 default).

Metric 8 10 12 14 16

Cosine gap 0.019 0.020 0.028 0.030 0.039
Cosine AUC 0.528 0.529 0.541 0.543 0.556
Max ratio 0.268 0.272 0.272 0.216 0.216
Silhouette 0.035 0.029 0.030 0.025 0.029
Confidence 0.608 0.610 0.615 0.624 0.630

Table 17: Cluster-count sensitivity on C-VARC Chinese
(K = 12 default).

Metric d− 8 d− 4 d d+ 4 d+ 8

Cosine gap 0.121 0.132 0.137 0.148 0.156
Cosine AUC 0.645 0.656 0.660 0.668 0.676
Max ratio 0.112 0.098 0.092 0.086 0.080
Silhouette 0.095 0.103 0.109 0.116 0.123
Confidence 0.553 0.573 0.590 0.603 0.616

Table 18: Mean sensitivity over the eight ValueEval24
languages.

N Representative Evidence for Case
Studies

Table 20 provides representative evidence sum-
maries for the qualitative cases discussed in the
case study section. The examples illustrate how the
induced clusters are grounded in argument-edge
evidence, without generalizing about an entire lan-
guage or culture.

O Human Annotator Information

Three annotators participated in the human valida-
tion study. All annotators have postgraduate-level
training and academic backgrounds related to the
humanities. They independently labeled the same
300 English argument-edge pairs sampled from the
final clustering results. Each pair consists of two
extracted P-C-S edges. The sampled pairs include
both within-cluster pairs and cross-cluster pairs,
so that the annotation can evaluate whether clus-
ter membership corresponds to human-perceived
value consistency.

Annotators were asked to assign one of three
labels to each pair: consistent, inconsistent, or un-
certain. We compute majority-vote labels over
the three annotations. For the final cluster-human
agreement score, pairs whose majority label is un-
certain are excluded, and the remaining majority la-
bels are compared with the same/different relation
implied by the induced clusters. Annotators were
compensated according to local research-assistant
payment standards, with an average wage of ap-
proximately 40 USD per day.

Label Instruction for Annotators

Consistent: The two argument units express
the same or highly similar value orientation.
Inconsistent: The two argument units express
different or conflicting value orientation.
Uncertain: The value relation is too ambigu-
ous to judge reliably.
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Language Offset K Cosine gap Cosine AUC Max ratio Silhouette Confidence

BG d− 8 30 0.088 0.610 0.168 0.099 0.527
d− 4 34 0.105 0.626 0.108 0.105 0.544
d 38 0.119 0.637 0.095 0.112 0.563
d+ 4 42 0.116 0.634 0.124 0.116 0.579
d+ 8 46 0.144 0.668 0.083 0.128 0.596

DE d− 8 30 0.122 0.668 0.125 0.099 0.565
d− 4 34 0.134 0.679 0.102 0.105 0.593
d 38 0.141 0.675 0.079 0.110 0.611
d+ 4 42 0.141 0.676 0.085 0.115 0.624
d+ 8 46 0.149 0.687 0.080 0.125 0.632

EL d− 8 30 0.143 0.671 0.105 0.090 0.549
d− 4 34 0.156 0.687 0.093 0.095 0.564
d 38 0.169 0.697 0.092 0.097 0.580
d+ 4 42 0.172 0.701 0.084 0.108 0.589
d+ 8 46 0.178 0.704 0.095 0.112 0.603

FR d− 8 29 0.155 0.643 0.107 0.118 0.547
d− 4 33 0.168 0.657 0.090 0.126 0.574
d 37 0.146 0.641 0.137 0.130 0.594
d+ 4 41 0.184 0.669 0.094 0.145 0.612
d+ 8 45 0.197 0.684 0.088 0.151 0.621

HE d− 8 30 0.133 0.675 0.104 0.088 0.576
d− 4 34 0.144 0.681 0.087 0.100 0.598
d 38 0.150 0.688 0.069 0.109 0.615
d+ 4 42 0.163 0.698 0.068 0.118 0.628
d+ 8 46 0.166 0.699 0.059 0.127 0.643

IT d− 8 28 0.113 0.631 0.082 0.085 0.522
d− 4 32 0.108 0.619 0.107 0.092 0.542
d 36 0.118 0.630 0.094 0.095 0.556
d+ 4 40 0.136 0.649 0.070 0.099 0.572
d+ 8 44 0.136 0.643 0.068 0.108 0.582

NL d− 8 30 0.112 0.635 0.117 0.084 0.573
d− 4 34 0.125 0.646 0.095 0.095 0.589
d 38 0.132 0.650 0.083 0.104 0.605
d+ 4 42 0.146 0.666 0.077 0.109 0.613
d+ 8 46 0.150 0.667 0.075 0.115 0.626

TR d− 8 30 0.102 0.629 0.089 0.096 0.566
d− 4 34 0.117 0.654 0.101 0.104 0.581
d 38 0.124 0.660 0.087 0.115 0.596
d+ 4 42 0.124 0.654 0.087 0.116 0.608
d+ 8 46 0.127 0.652 0.091 0.118 0.623

Table 19: Full cluster-count sensitivity results for the eight ValueEval24 languages. Offset is relative to the external
label-space dimensionality d.

Cluster Representative evidence summary Value configuration

CN / Patriotic
Commitment

Arguments in this cluster connect love of country with civic
responsibility, public service, and willingness to contribute to
collective well-being.

National identification + civic
duty + service-oriented
dedication.

CN / Social Order Arguments emphasize that kindness, harmony, civility, and
law-abiding conduct protect public safety and help sustain a
positive social ethos.

Rule-following + interpersonal
morality + collective harmony.

TR / Religious
Tradition Adherence

Arguments connect religious practice with inherited cultural
legitimacy, historical continuity, and the normative importance
of preserving sacred use.

Religious commitment + cultural
heritage + traditional legitimacy.

Table 20: Representative evidence summaries for the qualitative case studies.
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