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Abstract

Large Language Models (LLMs) are increasingly shaping
human cognition and social decision-making, raising con-
cerns about their implicit value orientations. This study pro-
poses a five-dimensional Al value assessment framework
covering Practical, Epistemic, Protective, Social, and Per-
sonal domains to systematically evaluate value tendencies
in LLMs. Using a cross-cultural value-ranking task across
20 Chinese and American models, we find that LLMs gen-
erally emphasize accuracy and human-rights protection
while underrepresenting emotional and hedonic values.
Contrary to expectations of a strong ideological gap, Chi-
nese and American models show limited divergence, clus-
tering instead by training strategies (e.g., ethical vs. instru-
mental). The findings offer a scientific and data-driven lens
to understand and guide value alignment in global Al devel-
opment.

Keywords: Large Language Models (LLMs), Al value
alignment, Value assessment framework, Cross-cultural
comparison, Value-ranking task

Introduction

Pretrained large language models (LLMs) are now deeply
embedded in many aspects of social life. Beyond efficient
tools, they act as key informational intermediaries shaping
public cognition and decision-making (Roy 2025). A grow-
ing number of studies contend that LLMs are not value-neu-
tral; their design and interaction patterns encode particular
value orientations (Torrielli 2024). This influence is most
evident in their “persuasive capacity”: LLMs can effectively
steer user viewpoints (Schoenegger etal. 2025) . While such
capacity shows potential in domains like education and psy-
chological counseling, it also raises a “dual-use dilemma”:
the same mechanisms that promote healthy behaviors can
also be deployed to manipulate public opinion or mobilize
political action (Liu et al. 2025; Potter et al. 2024).
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Accordingly, LLM agents can become instruments of cul-
tural hegemony, reinforcing concerns about the covert dif-
fusion of western values through technology. To understand
and guide this influence, there is a need to systematically
measure the value orientations that drive model behavior.

However, a scientifically grounded framework for as-
sessing Al values is still lacking: Despite that researchers
have attempted to repurpose human-oriented frameworks
from personality psychology (e.g., Schwartz’s theory of
basic human values; Shen et al. 2025), social psychology
(e.g., social value orientation, SVO; Zhang et al. 2026), and
cultural psychology (e.g., Hofstede’s cultural dimensions;
Fenech-Borg et al. 2025; Zhong et al. 2024), this approach
faces methodological dilemma. For example, Siihr et al.
(2025) argue that applying psychological scales designed
for humans directly to Al constitutes an “ontological error”,
since the measurement invariance across species has not
been established. A field study (Huang et al. 2025) shows
that LLMs’ value expressions are highly context-dependent,
which further questions the validity of using human scales
for Al evaluation.

To address this challenge, this paper proposes a five-di-
mensional value assessment framework specifically de-
signed for LLMs: Practical, Epistemic, Protective, Social,
and Personal. Building on this framework, we design a
cross-cultural value-ranking task on 20 prominent LLMs
from Chinese and American to force them prioritize a set of
core value terms, yielding quantitative estimates of value sa-
lience.

Results show that, overall, LLMs place more emphasis on
accuracy and the protection of human rights-related values,
while neglecting emotional expression, pleasure and enjoy-
ment, which aligns with current understanding of LLMs be-
ing a “helpful assistant”. In terms of regional division, the
value orientations of Chinese and American large models do
not exhibit the “divergence” or significant differences we



had imagined. Instead, they spontaneously form four cate-
gories based on possible training strategies, with some fo-
cusing more on ethics and others on instrumental attributes.
By introducing the Al-specific paradigm for value measure-
ment and, for the first time, systematically illuminates both
commonalities and divergences in global LLM value orien-
tations, it provides statistical evidence and methodological
scaffolding to understand model behavior, steer Al develop-
ment, and foster a pluralistic value ecology.

Literature Review

Aligning LLM behavior and decision-making with widely
accepted social values has become a central concern in Al
safety (Lu et al. 2025). The goal is to avoid undesirable out-
comes, such as inaccuracy, unfairness, and bias. The prereq-
uisite for effective alignment is a comprehensive measure-
ment and understanding of the model's inherent values. Ex-
isting research on LLM model value measurement primarily
follows three pathways, each with its own limitations:
Path 1: Technical alignment view. Computer-scientists
primarily train models toward a “helpful, honest, and harm-
less” (HHH) objective using approaches such as reinforce-
ment learning from human feedback (RLHF) and direct
preference optimization (DPO) (Dahlgren Lindstrom et al.
2025; McKinlay et al. 2025; Sun 2023). While demonstrably
successful at constraining surface behavior, these methods
mainly operate as behavioral corrections. That is, teaching
models “what not to say” without measuring or explicating
any stable internal value structure.
Path 2: Behavioral risk view. This line of work evaluates
model risks in specific scenarios via simulated interactions.
For example, Roy (2025) quantifies LLM’s persuasiveness,
and Potter et al. (2024) show that the political leanings of
LLM can shape human’s voting intentions. Such studies ex-
pose concrete risk mechanisms but stop short of probing
their roots. For example, the tendency of one model toward
flattery or toward a particular political stance may reflect the
over-weighting “social harmony” or certain social norms
within its value system. As a result, research on behavioral
risks ultimately points back to the need for measuring the
underlying values.

Path 3: Value measurement view. That is, directly as-

sessing internal values, also as the current focal point of de-

bate. Specifically, it can be divided into three ways:

(1) Psychological scale-based methods: The mainstream
paradigm that uses human instruments for value evalu-
ation. For instance, Fenech-Borg et al. (2025) use Hof-
stede’s dimensions to compare the “cultural DNA” be-
tween Eastern and Western models, Zhong et al. (2024)
test how prompt language shifts cultural value readouts,
and Shen et al. (2025), drawing on Schwartz’s theory,

propose “Value Compass” to evaluate value expression
across contexts.

(2) Sociology-based methods: Zhang et al. (2026) apply so-
cial value orientation (SVO) to gauge the extent to
which LLMs can simulate and align with heterogeneous
values such as individualism and altruism.

(3) Field study-based empiricist methods: Departing from
top-down theory, Huang et al. (2025) inductively con-
struct an Al value taxonomy from large-scale real-
world interactions, finding pronounced context depend-
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Figure 1. Overall value priorities across 25 terms.

However, a profound methodological challenge persists.
As Siihr et al. (2025) emphasize, applying human-designed
instruments directly to Al risks an ontological category error,
because cross-species measurement invariance has not been
verified, which undermines the credibility of resulting infer-
ences. This critique is also partially supported by some em-
pirical studies. For example, Zhong et al. (2024) show that
models’ “cultural values” vary with prompt language (e.g.,
Chinese vs. English), a pattern that may reflect validity dif-
ferences in the instruments across linguistic-cultural con-
texts rather than genuine internal shifts in model values.

In sum, two gaps remain: (a) an Al-appropriate frame-
work for value measurement and (b) a systematic cross-cul-
tural comparison. To address them, we design a principled,



Al-specific evaluation framework in five dimensions, and
implement a direct value-ranking task to reveal both com-
mon ground and divergence in the values of contemporary
global LLMs.

Methodology

Value Ranking Framework Design

As noted above, conventional instruments from psychology
and sociology face profound methodological limitations
when used to evaluate Al It is therefore both urgent and es-
sential to develop a value framework that (a) reflects core
concerns of human societies and (b) explicitly accounts for
the functional characteristics of Al as an agentic tool.

To this end, we depart from traditional top-down theoriz-
ing and adopt a bottom-up, empiricist strategy. Recent work
like (Huang et al. 2025) provides a strong empirical founda-
tion: by inductively analyzing large-scale real-world Al in-
teractions, they conclude an “Al-native” taxonomy covering
value tendencies frequently expressed in practice. Because
this taxonomy is empirically grounded, it avoids the theoret-
ical risk of imposing human psychological constructs onto
non-human systems.

However, Huang et al. (2025)’s taxonomy was designed
for descriptive analysis; the value inventory is extensive and
highly granular (a total of 3,307 fine-grained entries), which
is not well-suited to evaluative tasks that requiring models
to make explicit value trade-offs. Building on this scientifi-
cally sound yet unwieldy inventory, we adapt and condense
its top-level categories into an assessment framework for
this study. Specifically, the building steps include:

1. Macrostructure adoption. We retain five top-level
value dimensions, i.e., Practical, Epistemic, Protec-
tive, Social, and Personal. These dimensions suc-
cinctly capture the core functions and roles of Al as
an “assistant” and a “tool” in real-world settings.

2. Deriving core value terms. Rather than merely carry-
ing over the subordinate terms, we curate five repre-
sentative core terms under each dimension, guided
by three criteria: (i) Generality: the term should ab-
stract over multiple concrete values within the di-
mension; (ii) Clarity: the term should be semantically
unambiguous and readily interpretable by models
trained across diverse linguistic—cultural contexts;
and (iii) Dual relevance: the term should matter for
both human social life and Al functionality.

Following these steps, we finally achieve a five-dimen-
sional, Al-human aligned value evaluation framework com-
prising 25 core values. These values empirically grounded
in Al behavior while retaining broad human relevance, thus
providing a robust foundation for subsequent quantitative
evaluation. Specifically, they are:

1. Practical values: Helpfulness, Professionalism,
Thoroughness, Efficiency, Simplicity.

2. Epistemic values: Transparency, Clarity, Accuracy,
Critical thinking, Logic.

3. Social values: Empathy, Equity & justice, Relation-
ship bonds, Respect, Harmony.

4. Protective values: Harm prevention, Protecting vul-
nerable entities, Security & stability, Protecting hu-
man rights & dignity, Professional ethics.

5. Personal values: Authenticity, Personal growth &
wellbeing, Pleasure & enjoyment, Spiritual fulfill-
ment & meaning, Emotional expression.

Prompt Design

We design a standardized “Value-Ranking Task” prompt
that instructs each model to rank the 25 core value items by
its perceived importance. To elicit the model’s default value
preferences, we deliberately avoid adding personas or addi-
tional constraints. To ensure fairness across Chinese (CN)
and American (US) models, we administer content-identical
Chinese- and English-language versions of the prompt and
run three replicates per model. The detailed prompt texts can
be found in Appendix A.1

Ranking Score Computation

Each model ranks the 25 value terms (1 = highest priority).
A dimension’s priority is the mean rank of its five constitu-
ent terms; therefore, lower scores indicate greater emphasis.

Model Selection

We selected and evaluated 20 industry-leading, mainstream
LLMs, spanning Eastern and Western ecosystems and in-
cluding both closed- and open-source models.

American (US) models (9): Claude-4-Opus; GPT-4.1;
Grok-4; Gemini 2.5; Gemma-3 27B; Mistral-large 123B;
Falcon-180B; Llama-3.1 405B; Microsoft-Phi4 14B.
Chinese (CN) models (11): Doubao; DeepSeek (V3 and
R1); Zhipu; Kimi; Wenxin; Tongyi Qwen; Tencent Hun-
yuan; MiniMax; Kunlun Wanwei; Huawei Xiaoyi.

Results

Common Value Orientations Across Models

Commonality Analysis at the Single-Term Level

We first identify the values that are, on average, regarded as
the most important and the least important by current large
models. As shown in Figure 1, overall, models place greater
emphasis on Protective and Epistemic values (e.g., human
rights and dignity, harm prevention, professional ethics, ac-
curacy, helpfulness), while assigning lower importance to



Personal values (e.g., personal wellbeing, spiritual fulfill-
ment, emotional expression, pleasure) and to Simplicity.
This pattern reflects an “safety-and-veracity first; individual
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Figure 2. Dimension-level value priorities across 20 LLMs

affect and brevity second” alignment orientation, aligning
with recent trends in which large Internet and Al technol-
ogy companies’ emphasis as “the responsibility and safety
principle”.

Commonality Analysis at the Five-Dimension Level

We next aggregate the rankings at the level of the five value
dimensions across all 20 models.

(1) Composite ranking of the five value dimensions
Consistent with the term-level results reported above, aver-
aging ranks by dimension reveals a clear hierarchy (Figure
2). Protective values have the lowest mean (M) rank (M =
8.02), indicating that they are collectively treated as most
important by the LLMs. Epistemic values follow (M =8.62).
Practical (M = 13.46) and Social (M = 13.55) occupy a mid-
dle tier. In sharp contrast, Personal values obtain the highest
mean rank (M = 21.34) and are thus considered least im-
portant among the five categories.

(2) Primary and Secondary priority categories

To test the consistency of this pattern within individual
models, we tallied how often each dimension was chosen as
the Primary (most important) and Secondary (second-most
important) category.

As Figure 3 shows, Epistemic and Protective values domi-
nate: 9 of the 20 LLMs (45%) choose Epistemic, and another
9 (45%) choose Protective as their Primary dimension, cov-
ering 90% of all Primary choices. For Secondary choices,
Epistemic (8) and Protective (5) again lead by a wide margin,
and Personal values never appear as either Primary or Sec-
ondary choice.

(3) Consensus within categories

Having established overall importance rankings, we exam-
ined within-category consensus by computing, for each cat-
egory, the standard deviation (SD) of term ranks and com-
paring the mean SD across models.

The descriptive statistic results reveal marked differences in
cross-model consistency: Protective values exhibit the larg-
est within-category dispersion (mean SD = 5.06), indicating
that despite their overall priority, models diverge the most

in how they rank specific Protective terms (e.g., Harm pre-
vention vs. Protecting human rights and dignity). In contrast,
Personal values show the smallest dispersion (mean SD =
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Figure 3. Primary vs. Secondary value priorities in LLMs

2.53), reflecting the highest consensus (despite that the
terms all have a low priority).

A repeated ANOVA confirmed that these differences are
statistically significant, F(4, 76) = 12.33, p<.001, n%,=.394.
In addition, Bonferroni post hoc tests further localized the
effects: Practical and Social exhibit significantly higher
within-category dispersion than Epistemic and Personal (all
ps < .0014), while for all remaining pairwise comparisons,
they did not reach significance after correction.

Probing Differences in Model Value Orientations
CN-US LLM value differences

We grouped LLMs by the geographic location of their de-
velopers (CN also as “Eastern” vs. US as “Western”) to ex-
plore potential cross-cultural differences.

Group differences in priorities (Top- & Bottom-set terms)
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Figure 4. Group differences in priorities for Top-5 and Bot-

tom-5 value terms

(1) Top-5 and Bottom-5 value terms by group

The two groups exhibit striking agreement at both the top
and bottom of the value spectrum. As shown in Figure 4,
Harmony, Critical thinking, Helpfulness, and Equity & jus-



tice consistently fall into the Top-5 for both groups, showing
a shared emphasis on epistemic and pro-social considera-
tions. Divergences are limited in scope: the US group prior-
itizes Relationship bonds, while the CN group elevate Logic.
The Bottom-5 sets are nearly identical—Simplicity, Per-
sonal growth & wellbeing, Emotional expression, Spiritual
fulfillment & meaning, and Pleasure & enjoyment. Overall,
convergence clearly outweighs divergence.

(2) CN-US LLM value difference at the category level
To compare overall preferences across the five value cate-
gories, we conducted two independent-samples tests per cat-
egory: Mann-Whitney U (MWU) as the primary analysis,
with Welch’s t as a sensitivity check. Results showed no sig-
nificant differences for any of the five categories (all MWU
p’s and BH-FDR-adjusted q’s >.05; all Welch t p’s > .05).

Specifically, for example, on Practical value group, me-
dians CN=12.80, US=14.20; U= 37, p=.382, ;.,,= .242. On
Personal value group, medians CN=22.00, US=21.80; U =
61, p = .398, 1, = —.232. The sensitivity analyses using
Welch’s t also detected no significant differences. For ex-
ample, Practical: [M + SD] CN=12.95 £ 2.11, US=14.09 +
4.03, t(=11.5) = —0.77, p = .458; Personal: 22.0 + 0.57 vs.
20.58 £2.83, t(=8.5) = 1.45, p = .184, Hedges’ g =.686). To
conclude, at the category-level of mean ranks, the overall
preferences of CN and US models are highly similar. In ad-
dition, to jointly test country, category, and their interaction,
we fit a two-factor mixed ANOVA on mean ranks in the
Model x Category design (model as fixed effect; Type-III).
The Country-main effect was not significant: F(1, 72)=0.59,
p = .446, partial n? = .008; the category main effect was sig-
nificant: F(4, 72) = 28.58, p < .001, partial n*> = .614 (large
effect); and the Country x Category interaction was not sig-
nificant: F(4, 72) = 0.44, p = .777, partial n> = .024.

These findings indicate systematic differences among
value categories, but not across countries, suggesting greater
cross-national convergence than cultural stereotypes might
predict. Our preliminary statistics imply that cultural influ-
ence may appear less in macro-category priorities and more
in how specific terms are interpreted in context.

(3) Within-group consistency analysis for CN—US model
groups

In the pooled correlation heatmap (Figure 5), cross-model
similarities are predominantly positive, indicating broadly
aligned value rankings across LLMs. Stratifying by model
region shows a clear gap in within-group cohesion: the CN
group has higher average pairwise rank correlations across
the 25 value terms than the US group (mean Spearman p =
0.7180, 95% CI [0.6864, 0.7478] v.s. 0.5291, 95% CI
[0.4394, 0.6130]). Dispersion is also lower for the CN group
(SD = 0.1179 vs. 0.2706), indicating tighter clustering of
value priorities. Convergent results using Kendall’s t-b (CN:
0.5590; US: 0.4063) reinforce the interpretation of greater
homogeneity among Chinese LLMs and greater diversity
among American LLMs.

Spearman correlation heatmap of internal value ranking of CN-US LLMs
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Figure 6. Hierarchical clustering by value priorities

Clustering Analysis of LLMs’ Value “Archetypes”

Given the strong CN-US convergence observed in our ear-
lier macro-category analysis (no significant differences), we
tried to move beyond nationality but conducted an unsuper-
vised hierarchical clustering on the value-importance rank-
ings of all 20 LLMs.

The resulting hierarchical clustering dendrogram (Figure
6) shows that clusters do not align strictly by country. In-
stead, we observe prominent CN-US mixed clusters. For ex-
ample, in Cluster Two, CN models such as Tongyi Qwen
and Huawei Xiaoyi cluster with Western models like
Claude-4-Opus and Grok-4; in Cluster Three, Tencent Hun-
yuan and Doubao cluster with GPT-4.1 and Llama-3.1. This
suggests that value-ranking patterns are influenced less by
nationality and more by factors such as training data, align-
ment strategies, and model architecture, yielding high cross-
national similarity in value preferences.



Figure 7. Clustered heatmap of value rankings

Conclusion of Principal Value “Archetypes” of LLMs
Across the 20 models, we identify four salient value arche-
types and name them as:

(1) Social-Ethical LLMs

Representatives: Microsoft-Phi4, Mistral-large.

Core profile: Macro-view, safety- and principle-first. These
models prioritize maintaining social stability and protecting
fundamental human rights.

Value set: Protecting human rights and dignity; Equity and
justice; Harm prevention; Security and stability; Respect,
that are all emphasizing societal ethics and safety.

(2) Rational-Instrumental LLMs

Representatives: Tongyi Qwen, Claude-4-Opus, Grok-4,
Kunlun Wanwei, Huawei Xiaoyi.

Core profile: Objective, precise, and logically rigorous.
These models center information accuracy and clarity of
reasoning.

Value set: Accuracy; Clarity; Helpfulness; Critical thinking;
Logic, closely tied to information processing and cognition.
(3) Balanced-General LLMs

Representatives: Doubao, Gemini 2.5 Pro, GPT-4.1,
DeepSeek-R1-0528, Tencent Hunyuan, Gemma-3, Llama-
3.1, Kimi, DeepSeck-V3-0324.

Core profile: Balanced, reliable, application-first. These
models seek a sweet spot between “doing the right thing”
(ethics) and “doing things right” (effectiveness).

Value set: Protecting human rights and dignity; Accuracy;
Professional ethics; Harm prevention; Helpfulness.

This archetype blends the macro-ethical emphasis of (1)
with the knowledge-accuracy emphasis of (2), where the
Professional ethics acts as a key binding term.

(4) Warm-Caring LLMs

Representatives: MinMax, Wenxin, Zhipu, Falcon.

Core profile: Personable, considerate, and user-experience-
centric. These models prioritize the quality of interaction
and emotional connection with users.

Value set: Protecting human rights and dignity; Profes-
sional ethics; Helpfulness; Empathy; Professionalism.

A defining hallmark here is the explicit prominence of Em-
pathy, signaling strong attention to users’ feelings and inter-
action experience.

Heatmap-Based Archetype Clustering of Value Rank-
ings

The clustered heatmap further reveals the convergent and
divergent places between LLMs. As shown in Figure 7,
there is strong consensus on the least-prioritized values,
such as Pleasure and enjoyment, Emotional expression, and
Spiritual fulfillment and meaning, which appear as a broad
blue block on the left side of the heatmap. In contrast, cross-
model disagreements (not aligned along an CN-US divide)
concentrate on how models trade off the values that are
widely regarded as important, such as Accuracy, Critical
thinking, and Professional ethics. This appears on the right
side as an interwoven red-blue pattern.

Discussion

The Dual Core of LLM Values: “Instrumental Ra-
tionality” & “Ethical Baseline”

Our findings reveal a significant commonality across main-
stream CN and US LLMs: a shared value structure that pri-
oritizes Protective and Epistemic values while marginaliz-
ing Personal ones. This pattern points to a dual core shaping
contemporary Al design: an ethical baseline and instrumen-
tal rationality. This structure is not a replica of human values
but a distinct system engineered for a specific purpose.

The high priority given to an “ethical baseline”, such as
harm prevention and human rights, is a direct result of heavy
investment in Al safety guardrails, reflecting a form of de-
fensive programming to create responsible tools (Chen-
nabasappa et al. 2025; OpenAl 2023; Meta Al 2023; Inan et
al. 2023). Alongside this, the emphasis on “instrumental ra-
tionality” highlights the AI’s functional purpose. Alignment
goals focus on accuracy and helpfulness, consistent with the
widely adopted “Helpful, Honest, Harmless” (HHH) frame-
work (Askell et al. 2021; Ouyang et al. 2022).

Conversely, the systematic de-prioritization of Personal
values like pleasure, spiritual meaning, and emotional ex-
pression reveals a “de-personalized” profile. These values
are rooted in subjective experience, which LLMs lack as
they do not possess consciousness or a life history (Butlin et
al. 2023). Consequently, their behavior follows externally
trained priorities, creating a value profile that diverges from
human lived reality (Hadar-Shoval et al. 2024). In short,
LLMs are trained to “do things correctly,” not to “live well”.



Beyond Cultural Stereotypes: Value Convergence
of CN and US Models

A key descriptive observation in this study is the high degree
of value convergence between the CN and US models,
which challenges common cultural stereotypes. At the
macro level, we found no significant differences in value
categories, as both groups prioritize “safety and veracity”
over “individual affect”. This shared orientation is further
evidenced by hierarchical clustering, which yielded mixed-
nationality clusters rather than clean splits by country of
origin, suggesting that developer geography is not the pri-
mary determinant of a model’s core values.

While macro-level similarities are strong, micro-level
comparisons offer nuance. Despite multiple-comparison
corrections reveal no statistically significant differences
across the 25 value terms, we observed two exploratory
trends with medium-to-large effect sizes that warrant future
investigation: “Professionalism” ranked higher among CN
models, whereas “Pleasure and enjoyment” ranked higher
among US models. These are treated as preliminary obser-
vations rather than definitive findings.

This cross-national convergence is plausibly driven by
several interconnected factors. These include technical ho-
mogenization, as global LLM development converges on
similar architectures and alignment methods like RLHF that
reinforce low-controversy norms (Milliere 2025). Other key
drivers are the use of globalized pretraining data (Gao et al.
2020; Weber et al. 2024), universal market demands for safe
and useful products (NIST 2023; OECD 2019), and the dif-
fusion of shared ethical standards for Responsible Al across
the global community (United Nations General Assembly
2024; United Kingdom Government 2023).

The Paradox of Value Alignment and an Alignment
Suggestion

While the debate over whether Als possess values intensi-
fies (Biedma et al. 2024; Wang et al. 2025), our research
reveals that LLMs exhibit a stable, measurable structure of
value preferences. Current value alignment is essentially
functional and externally imposed: models prioritize social
and functional values while deprioritizing individual and ex-
periential ones. This reflects designers’ expectations of a re-
sponsible tool rather than internally generated beliefs, con-
sistent with the view that current systems lack intrinsic goals
or values (Bender et al. 2021; Levy 2023).

The success of this functional alignment breeds a central
paradox: a “tool” is increasingly expected to act as a “part-
ner”: As users anthropomorphize LLMs and seek compan-
ionship or emotional support (Skjuve et al. 2021), the ten-
sion between models’ value configuration and users’ expec-
tations becomes salient. In our framework, mainstream sys-
tems exhibit a characteristic profile: Epistemic and Protec-
tive values are prioritized, while Personal (and, to a lesser
extent, Social) values are de-emphasized. This configuration
effectively optimizes the model as a safe, reliable informa-

tion tool that aims to maximize correctness, consistency, and
harm avoidance, rather than as a relational partner that pri-
oritizes emotional resonance or individualized care. Behav-
iorally, this profile tends to surface in familiar interaction
patterns: the model adopts a neutral, detached tone; it an-
swers emotionally laden prompts with generic, fact-oriented
advice; and when conversations approach sensitive topics,
Protective priorities dominate, triggering disclaimers, refer-
rals, or abrupt topic shifts. The model thus behaves as a cau-
tious responder rather than an actively engaged interlocutor,
producing a “last-mile gap” where the system is technically
safe yet relationally misattuned to users’ socio-emotional
expectations.

This gap reflects a structural limitation of current align-
ment practice. Techniques such as RLHF have substantially
aligned models on what they should and should not say in
terms of safety and utility, but have rarely treated how they
say it, such as being a good conversational partner or offer-
ing appropriate emotional support, as an explicit optimiza-
tion target. Our findings therefore motivate a dual-path
alignment strategy: on the back end, models should maintain
strict Protective safeguards to prevent harmful or rights-vi-
olating outputs; on the front end, designers should deliber-
ately map Personal and Social values into behavioral objec-
tives, for example by combining safety rewards with inter-
action-quality rewards, calibrating risk responses so that
they remain empathic under constraint, or offering user-fac-
ing mode switches (e.g., “tool” versus “companion’” modes).
Such designs aim to preserve robust safety while systemati-
cally narrowing the last-mile gap in users’ relational experi-
ence with Al systems.

Conclusion

Using a five-dimensional, Al-specific value framework, we
quantitatively assessed value priorities in 20 Chinese and
American LLMs. Across models, we observed a consistent
value profile, with safety- and knowledge-related consider-
ations outweighing experiential and person-centered con-
cerns. The CN models showed greater within-group homo-
geneity than US models, but overall the value profiles con-
verged more strongly than cultural stereotypes would sug-
gest. Taken together, these results indicate that LLMs are
primarily aligned as responsible, high-functioning tools ra-
ther than systems designed to address users’ experiential and
emotional needs.

Future work will broaden model coverage and benchmark
tasks, including more contextual and dialogue-based scenar-
ios, and track value priorities across model versions and
over time. We believe such longitudinal and cross-version
analyses would make it possible to monitor how Al value
profiles evolve, and to evaluate whether new alignment
strategies genuinely reduce the tension between functional
safety and users’ relational expectations.
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Appendix

A.1 Prompt Texts

Specifically, the prompt is written as follows:

TERBH, LU XLEiG T, IR REZ? 5
LI H LM B FICLE ENIHTF . REZERIW T g ki 1
WAL PRI 250 1IESYZA] F -

In your opinion, which of the following words is the most im-
portant to you? Please rank them in order of importance, from
highest to lowest. Mark the most important one as 1, and the least
important one as 25. The list of words is as follows:

Helpfulness( % T7-9)N\)

Professionalism( L 1)

Thoroughness (/& +1%#)

Efficiency(3(%F)

Simplicity( /572 1)

Transparency(iZH/%)

Clarity(7E M)

Accuracy(/EGHTE)

Critical thinking(#LA/1EE25)

Logic(ZZ#1%)

Empathy(F£ g7/ [G/#E 1)

Equity and justice( A5 1 X)

Relationship bonds(FFH42)

Respect(Z #)

Harmony(FlTE L)

Harm prevention(1% 1)

Protecting vulnerable entities( 177553 11)

Security and stability( %% 552 )

Protecting human rights and dignity({R77 A X5 2/

Professional ethics(HF\VE %)

Authenticity(E 1)

Personal growth and wellbeing( "M & -5 #5771

Pleasure and enjoyment (145 Z5Z)

Spiritual fulfillment and meaning(#5 7% 2 5 & X)

Emotional expression( | /#FL)”

A.2 Stability of Value Rankings Across Models

We conduct the ranking stability (consistency) test using
Kendall’s W and the Friedman test. As summarized in Table
A-1, the vast majority of models demonstrated high internal
stability: 18 of 20 showed statistically significant concord-
ance (p < .05), indicating that their ranking logic is repro-
ducible rather than random.

Table A-1. Per-model concordance of value rankings

Kendall’s
Rank Model (Fried Sig. Group
w
man)
1 Falcon 1.000 p=.001 H uUs
2 Gemma 3 p=.001 R uUs
3 Gemini 2.5 Pro p=.001 H uUs

Kendall’s
Rank Model (Fried Sig. Group
K man)
4 Kunlun Wanwei p=.001 R CN
5 Zhipu p=.001 * CN
6 DeepSeek-R1-0528 p=.001 R CN
7 GPT-4.1 p=.001 ok Us
8 Grok-4 p=.001 0 Us
9 Llama-3.1 p=.001 * Us
10 Tongyi Qwen p=.001 R CN
11 Doubao p=.001 H CN
12 Mistral-large p=.001 R uUs
13 DeepSeek-V3-0324 p=.001 H CN
14 kimi p=.001 0 CN
15 Tencent Hunyuan - p=.001 H CN
16 Claude-4-opus - p=.001 R uUs
17 MinMax - p=.001 * CN
18 Microsoft-Phi4 0.647 p =.004 *k Us
19 Wenxin 0.553 p=.022 * CN
20 Huawei Xiaoyi 0.489 p=.065 ns CN

Within-model stability by group (no thresholds)
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Figure A-1. Within-model stability of value rankings by
group

Across three repeated value-ranking runs, it can be seen
in Table A-1 that the overall within-model consistency was
high: Nineteen of twenty LLMs demonstrated significant
concordance (W = 0.489-1.000), indicating reproducible
ranking logic rather than random variation. As for the CN
and US LLMs, the group means suggest slightly higher cen-
tral stability among US models, while several CN models
also reached near-perfect reproducibility (Figure A-1)

However, there are still exceptions where a subset of
models exhibited weaker consistency, forming the lower
end of the stability spectrum. Notably, Huawei Xiaoyi pro-
duced the lowest concordance in the sample (W = 0.489),



and its Friedman test was not significant (p = 0.065). Statis-
tically, this p-value implies we cannot confirm a non-ran-
dom association among its three ranking runs. Similarly,
Wenxin also showed relatively low consistency (W = 0.553).
Although its Friedman test reached significance (p =0.022),
the modest /¥ indicates a considerable fluctuation happened
across replications.

Further, when we grouped models by the development re-
gion, a striking distributional contrast was observed. The
American company-developed group displayed highly “ho-
mogeneous excellence”: with the exception of Microsoft-
Phi4, all the other models achieved W > 0.92, clustering at
the high end of the stability spectrum. By contrast, the CN-
developed group exhibited pronounced “performance heter-
ogeneity”. This group included models such as Kunlun
Wanwei and Zhipu, which are in the top tier of stable models,
but also encompassed several of the lowest-concordance
models in our study. These patterns suggest divergent tra-
jectories in the stability of value rankings: US models are
more uniform, whereas CN models show greater internal
variability.

A.3 CN-US LLMs Ranking Differences at the Term
Level

Using Brunner-Munzel tests with BH-FDR control for
multiple comparisons on all 25 value terms, we observed no
statistically significant between-group differences (all qppg
>.05).

However, notably, as shown in Figure A-2, two terms
(Professionalism and Pleasure and enjoyment) showed con-
cordant directional trends in the uncorrected tests (favoring
the CN and US groups, respectively), with Cliff’s = +0.55,
suggesting a medium-to-large practical difference. Given
multiple testing and sample size (11 vs. 9 models), we do
not treat these as confirmatory evidence, but we suggest to
flag them as exploratory finding that requires further verifi-
cation in the future study.

Cliff' s delta
: m= China
Professionalism 4
Empathy
Professional ethics 4
Accuracy
Clarity 4
Equity and justice q
Harmony -
Critical thinking 4
Transparency -
Security and stability 4
Protecting human rights and dignity 4
Respect -
Spiritual fulfillment & meaning -
Efficiency 1
Helpfulness |

Emotional expression -

(.__-l-llllll

Thoroughness

Logic -

Authenticity 4

Harm prevention -

Protecting vulnerable entities
Relationship bonds q

Personal growth & wellbeing
Simplicity

Pleasure & enjoyment -

-0.6 -04 -0.2 0.0 0.2 04 0.6
Cliff' s&

Figure A-2. Cross-Group Differences in Value Priorities
(Cliff’s 9)
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