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Abstract

With the widespread deployment of Large Lan-
guage Models (LLMs), safety evaluation within
diverse cultural value contexts has emerged as
a critical issue in AI safety research. Existing
studies predominantly rely on Western value
systems, such as Schwartz’s theory of basic val-
ues, lacking systematic evaluation frameworks
tailored to Chinese cultural values. To ad-
dress this gap, C-VoicesCompass, a value align-
ment evaluation framework for LLMs is pro-
posed oriented toward Chinese Social Values
(CSV). The framework aims to assess the de-
gree of LLM alignment across 12 CSV dimen-
sions, and constructs the first human-annotated
dataset, C-Voices to cover all 12 CSV dimen-
sions, serving as a benchmark to investigate the
self-annotation capacities of LLMs. Second, a
lightweight value evaluator, C-VoicesEvaluator,
is trained by employing an asymmetric loss
function to enhance quantitative assessment
precision. Finally, a value-oriented evalua-
tion question set is developed to induce value-
related responses from LLMs, enabling a sys-
tematic alignment evaluation. Experimental re-
sults show that the proposed multi-round cross-
correction annotation strategy achieves annota-
tion quality close to human annotation. Evalua-
tions on eight mainstream LLMs reveal signifi-
cant disparities in alignment and distinct value
expression tendencies across the 12 dimensions.
The evaluation framework has been developed
for public testing at https://cvoices.net.

1 Introduction

With the widespread deployment of Large Lan-
guage Models (LLMs) in human daily life (Ope-
nAI, 2023), the value safety risks of generated
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content have become a critical issue in AI gover-
nance (Masoud et al., 2025). Since LLMs generate
text based on probabilistic mechanisms, they in-
evitably inherit value tendencies embedded in train-
ing corpora (Xu et al., 2025b). Therefore, evaluat-
ing LLMs’ value alignment has become an urgent
research challenge (Askell et al., 2021).

The first challenge concerns which value princi-
ples LLMs should align with. The UNESCO em-
phasizes that AI systems should adhere to shared
human values and ethical principles (UNESCO,
2021), yet it does not define concrete value dimen-
sions for evaluation. Existing studies mainly adopt
Western value frameworks, such as Schwartz’s The-
ory of Basic Values (Schwartz, 1992). However,
value systems are inherently shaped by cultural and
social contexts, and value pluralism should be con-
sidered in LLM alignment research. Prior work has
extended alignment evaluation to dimensions such
as safety (Ji et al., 2023), morality (Graham et al.,
2013), and fairness (Qi et al., 2023). However,
Chinese Social Values (CSV), a mainstream value
framework reflecting Chinese cultural and social
values (Gow, 2017), remain largely underexplored.

A second challenge is how to reliably evaluate
CSV alignment in the absence of high-quality an-
notated data. Compared with conventional safety
dimensions such as toxicity, values are more ab-
stract, context-dependent, and inherently multi-
dimensional. Therefore, CSV-based evaluation re-
quires annotations that can capture value tenden-
cies across all 12 dimensions. However, such anno-
tated resources remain extremely limited. Human
annotation is expensive because it demands both
domain expertise and careful multi-label judgment.
Recently, LLMs have demonstrated near-human
annotation performance on various NLP tasks (He
et al., 2024; Calderon et al., 2025), but their capa-
bility in value annotation remains underexplored.
Moreover, LLMs may introduce annotation bias
due to their own value tendencies (Bai et al., 2022).
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Whether LLMs can serve as reliable annotators for
CSV-based value evaluation thus remains unclear.

To address these challenges, we propose
C-VoicesCompass, the first evaluation frame-
work for LLM value alignment based on Chi-
nese Social Values, covering 12 CSV di-
mensions: Prosperity, Democracy, Civility,
Harmony, Freedom, Equality, Justice, Rule of
Law, Patriotism, Dedication, Integrity, and
Friendliness. Compared with prior studies that
consider only partial aspects of CSV, such as “Har-
mony” (Huang et al., 2024), C-VoicesCompass
provides systematic coverage of CSV and enables
comprehensive analysis of alignment levels, value
expression patterns, and potential risks in the Chi-
nese value context.

Specifically, we first develop CSV annotation
guidelines and construct C-Voices (Chinese So-
cial Value-Oriented Behavior Choices), the first
Chinese CSV annotation dataset with 3,700 sam-
ples. Based on C-Voices, we examine the feasibil-
ity of LLM-based value annotation under single-
model, multi-model collaborative, and correction-
based settings. We then train C-VoicesEvaluator
on Qwen and LLaMA backbones to automatically
assess generated content across the 12 CSV dimen-
sions, providing a unified basis for quantitative
model comparison. Finally, we build an online
evaluation system on top of C-VoicesEvaluator,
supporting real-time CSV alignment assessment
for mainstream domestic and international LLMs
across text, speech, and video scenarios in both
generation and QA settings.

Extensive experiments on 8 mainstream LLMs
validate the effectiveness of C-VoicesCompass.
The results reveal distinct alignment differences,
value expression tendencies, and potential risks
across the 12 CSV dimensions. The main contribu-
tions are as follows:

1. We propose C-VoicesCompass, the first LLM
value alignment evaluation framework based
on CSV. It systematically covers all CSV di-
mensions and extends value alignment evalua-
tion beyond Western-centered frameworks.

2. We develop CSV annotation guidelines and
construct C-Voices, the first Chinese CSV an-
notation dataset with 3,700 samples. Based
on C-Voices, we systematically investigate the
self-annotation capability of LLMs.

3. We train a lightweight value evaluator, C-

VoicesEvaluator, and develop a value evalu-
ation system for real-time evaluation across
text, speech, and video scenarios. Extensive
experiments and platform evaluations reveal
significant alignment differences and value ex-
pression patterns in the Chinese value context.

2 Related Work

2.1 Value Alignment in LLMs.
Existing studies on value alignment mainly fol-
low two lines: AI-safety-oriented evaluation and
socio-cultural value evaluation. The former focuses
on whether LLMs satisfy general safety principles
such as “3H” principles (Bai et al., 2022), with
common dimensions including fairness, safety, and
privacy. Representative benchmarks and alignment
studies such as BeaverTails (Ji et al., 2023), An-
thropic HH (Bai et al., 2022), and safety-oriented
fine-tuning studies (Pham et al., 2025) have been
widely used to evaluate or improve the safety of
LLM outputs.

Beyond general safety, recent work has increas-
ingly examined socio-cultural values, including
cultural ethics (Yao et al., 2024), Moral Founda-
tion Theory (Graham et al., 2013), and Schwartz’s
Theory of Basic Human Values (Schwartz, 1992).
Among them, Schwartz’s theory is one of the most
widely adopted frameworks, defining 19 human val-
ues under four higher-order categories (Schwartz,
1992). However, these value benchmarks are
largely grounded in Western value systems, leaving
insufficient value diversity.

To mitigate this limitation, recent studies have
explored value pluralism (Xu et al., 2025a) and
culture-specific values such as Korean social val-
ues (Ramesh et al., 2023). These studies often rely
on survey-based resources such as the World Val-
ues Survey (Haerpfer et al., 2022). Despite their
contributions to non-Western value alignment re-
search, Chinese Social Values remain largely un-
derexplored. This work therefore adopts Chinese
Social Values, covering national, social, and per-
sonal levels, as the target framework for evaluating
value alignment in Chinese-language LLM outputs.

2.2 Value Alignment Annotation.
LLMs have shown strong potential as scalable
data annotators, reducing reliance on costly hu-
man annotation (Lee et al., 2024; Calderon et al.,
2025). Existing approaches include direct prompt-
ing, reasoning-enhanced annotation, and human-
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Figure 1. Overview of the C-VoicesCompass value evaluation framework

in-the-loop annotation. Direct prompting uses pre-
defined instructions in zero-shot or few-shot set-
tings (He et al., 2024), while reasoning-enhanced
methods introduce intermediate rationales to im-
prove annotation quality (Kojima et al., 2022).
For example, AnnoLLM adopts an “explain-then-
annotate” strategy that generates rationales before
annotation (He et al., 2024). Recent studies have
further examined the effects of reasoning strategies
on modeling human annotation disagreement, re-
vealing that additional reasoning does not always
improve annotation reliability (Ni et al., 2026).

Another line of work combines LLM annotation
with supervised or active learning (Ren et al., 2021).
These methods select informative samples based
on uncertainty (Gal et al., 2017) or diversity (Sener
and Savarese, 2018), and use stronger models or
human annotators for refinement (Kholodna et al.,
2024). Recent work has also explored external val-
idation tools and human-in-the-loop annotation to
improve annotation quality (Findeis et al., 2025;
Schroeder et al., 2025). However, LLM-generated
suggestions may introduce biases into human judg-
ments, particularly in subjective tasks.

Despite these advances, the reliability of LLM-
based annotation remains challenging for subjec-
tive tasks, where multiple interpretations and legiti-
mate disagreements may coexist (Chochlakis et al.,
2025; Ni et al., 2026). In particular, the reliability
of LLMs for multidimensional value annotation
remains insufficiently understood. We investigate

this issue in the context of Chinese Socialist Core
Values (CSV).

3 C-Voices Dataset Construction

The constructed C-Voices dataset is grounded in
Chinese Social Values, which consist of 12 di-
mensions: Prosperity, Democracy, Civility, Har-
mony, Freedom, Equality, Justice, Rule of Law,
Patriotism, Dedication, Integrity, and Friendliness.
These values reflect China’s cultural foundations
and social orientations (Gow, 2017), and have been
widely studied in philosophy (Song, 2021) and ide-
ological studies (Zhang, 2013). The 12 dimensions
are organized into national, social, and personal
levels, with representative keywords for each di-
mension shown in Figure 2.

Figure 2. Keywords of the 12 CSV dimensions

We collect annotation data from People’s Daily,
China’s mainstream official media that publishes
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reports strongly reflect Chinese Social Values. To
ensure topic diversity, we randomly sample news
from 20 sections and crawl 72,000 articles from
2022 to 2025. After balancing temporal distribu-
tion, removing duplicates and similar topics, and
filtering by value salience, we retain 6,000 highly
relevant samples for initial annotation. Since di-
mensions such as “Freedom” are underrepresented,
we further crawl related news using the keywords
in Figure 2 and manually filter the results, yielding
9,000 candidate samples in total.

3.1 CSV Annotation Guidelines

CSV Annotation is a subjective multi-label task
that requires both domain knowledge and consis-
tent standards. We therefore design annotation
guidelines covering both annotation rules and pro-
cedures. As shown in Table 1, each sample is
allowed to be assigned multiple labels, but only
explicit and significant value dimensions are la-
beled as 1, with at most three most relevant value
dimensions to ensure focus and consistency.

The annotation procedure consists of three steps:
understanding the definitions of the 12 CSV di-
mensions, reading the full report, and performing
binary annotation for each dimension according to
the predefined rules. Annotators are also required
to highlight supporting keywords or phrases for
positive labels. Three graduate students special-
izing in Marxist philosophy, political philosophy,
and political economy participate in the annotation.
Before formal annotation, all annotators receive
standardized training and conduct pilot annotation
on 300 samples to reduce ambiguity.

Final labels are determined by majority voting.
Samples with unclear value expressions, no posi-
tive labels, or more than three positive labels are
removed. After filtering, 3,700 high-quality sam-
ples are retained to construct C-Voices, denoted
as D = (Ri,vi)

3700
i=1 . The average Cohen’s κ

across the 12 dimensions reaches 0.75, indicating
good annotation quality. Table 2 reports the anno-
tation distribution of the three annotators on the
retained 3,700 samples across the 12 CSV dimen-
sions. Overall, dimensions such as “Harmony”,
“Civility”, and “Dedication” receive more annota-
tions, whereas “Freedom” and “Integrity” are rela-
tively sparse. Clearer dimensions such as “Justice”
and “Rule of Law” achieve higher agreement, while
more abstract dimensions such as “Harmony” show
relatively lower consistency.

3.2 LLM-based CSV Annotation Strategy
Previous studies show that LLMs can achieve
or even surpass human annotators on certain
tasks (Lee et al., 2024; Gilardi et al., 2023).
However, their performance on multidimensional
and subjective CSV annotation remains unclear.
Therefore, guided by the human annotation guide-
lines, we design 3 LLM-based annotation meth-
ods: single-LLM annotation, multi-LLM annota-
tion, and human-LLM collaborative annotation.

Given N news reports, an LLM performs anno-
tation across 12 value dimensions. Single-model
annotation relies on one LLM for labeling. Since a
single LLM inevitably contains intrinsic bias, multi-
model annotation introduces collaborative labeling
to reduce annotation variance, including majority-
voting and cross-correction strategies. Human–
LLM collaboration further incorporates manual re-
vision to improve reliability.
Single-LLM Annotation. It employs Chain-of-
Thought prompting (Kojima et al., 2022) to elicit
an explicit reasoning process grounded in CSV an-
notation guidelines. The single-LLM annotation
process contains three steps. The model is first pro-
vided with the definitions of CSV dimensions and
the annotation rules. It then reads the input report
Ri, identifies explicit and salient value expressions,
and outputs a 12-dimensional binary annotation
vector vi with explanations.

Algorithm 1 Cross-correction Annotation
Require: Report Ri; CSV annotation guidelines
G; annotators D and Q

Ensure: Final annotation vector v̂i

1: vD
i ← D(Ri,G)

2: vQ
i ← Q(Ri,G)

3: ṽD→Q
i ← Q(Ri,G,vD

i )

4: ṽQ→D
i ← D(Ri,G,vQ

i )
5: for each CSV dimension j do
6: Ai,j ← vDi,j , v

Q
i,j , ṽ

D→Q
i,j , ṽQ→D

i,j

7: if
∑

a∈Ai,j
a ≥ 3 then

8: v̂i,j ← 1
9: else if

∑
a∈Ai,j

a ≤ 1 then
10: v̂i,j ← 0
11: else
12: v̂i,j ←WeightedVote(Ai,j)
13: end if
14: end for
15: return v̂i

Multi-LLM Collaborative Annotation. To mit-
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Table 1. Human annotation guidelines for Chinese Social Values

Guideline Description

Annotation Method Each sample can receive multiple value labels. For example, a report concerning both economic
development and social fairness may be labeled as Prosperity and Justice. The keywords in
Figure 2 serve as auxiliary references.

Annotation Criterion A dimension is labeled as 1 only when its value is explicitly and saliently expressed. Dimensions
supported only by subjective inference or unrelated content are labeled as 0.

Number of Labels Each sample is assigned one to three of the most relevant value dimensions to maintain focus and
consistency.

Table 2. Annotation distribution of different annotators across CSV dimensions

Annotator Pros. Demo. Civil. Harm. Free. Equal. Just. Law. Patri. Dedic. Integr. Friend.
Annotator 1 358 157 634 740 46 189 375 409 187 507 74 213
Annotator 2 790 319 673 1841 95 279 475 509 256 646 128 380
Annotator 3 1057 668 1031 1429 74 248 529 563 261 757 116 483

igate model-specific biases, we propose two col-
laborative strategies: Triple-LLM Annotation and
Cross-Correction Annotation.

(1) Triple-LLM Annotation. Majority-voting an-
notation independently annotates samples using
multiple LLMs and aggregates the results. Given
M LLMs, each model annotates report Ri using the
single-model strategy, producing annotation vec-
tors v(1)

i ,v
(2)
i , ...,v

(M)
i . The final annotation result

for dimension j is computed by majority voting:

vi,j =

{
1,

∑M
m=1 v

(m)
i,j > M

2 ,

0, otherwise.
(1)

(2) Cross-correction Annotation. Cross-
correction annotation adopts a review-and-revision
process between two LLMs. As shown in Algo-
rithm 1, Qwen3.5 and DeepSeek-v3.2 first indepen-
dently annotate each report and then revise each
other’s outputs. This process yields four annota-
tions for each sample, including two initial annota-
tions and two cross-corrected annotations. For each
dimension, labels with clear agreement are directly
determined by majority voting, while ambiguous
cases are resolved by consistency-weighted voting.

In the WEIGHTEDVOTE step of Algorithm 1,
we introduce a consistency weight matrix W to
determine the final label when the four annotations
do not reach a clear majority. Specifically, we
compute wk,j , the reliability weight of the k-th
annotation source on dimension j, as:

wk,j =

∑N
i=1 equal(v

(k)
i,j , v̂i,j)∑N

i=1 I(v̂i,j = 1) + I(v̂i,j = 0)
(2)

3.2.1 Human-LLM Collaborative Annotation.
Human-LLM collaborative annotation uses LLM-
annotated labels as initial annotations and assigns
uncertain samples to human experts for correction.
We measure annotation uncertainty with entropy,
where higher entropy indicates lower agreement
and less reliable annotations. For report Ri, the
uncertainty score is computed as:

ui = −
1

12

12∑

j=1

∑

vi,j∈{0,1}
P (vi,j) lnP (vi,j) (3)

where P (vi,j) = 1
M

∑M
k=1 I

(
v
(k)
i,j = vi,j

)
and

greater disagreement among the M annotations on
dimension j results in higher ui. Given a threshold
θ, samples with ui > θ are sent to human experts
for correction, while the remaining samples are
directly added to the annotation pool.

4 C-VoicesCompass Value System

As shown in Figure 1, C-VoicesCompass com-
prises three components: C-Voices construction,
C-VoicesEvaluator training, and CSV alignment
scoring. This section focuses on the latter two.

Evaluation Question Construction. Evaluation
questions are used to elicit LLM responses that re-
flect their understanding and expression of CSV.
We construct evaluation questions from multiple
sources: FLAMES (Huang et al., 2024), 100Poi-
sonMpts 1, LLMBI (Oketunji et al., 2023), A Study

1https://modelscope.cn/datasets/damo/
100PoisonMpts/summary
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Guide to the 20th CPC National Congress Report 2,
and CCAC2024 3. Furthermore, to increase task
diversity, we select 400 Chinese National College
Entrance Examination essay topics from the past
decade and ask LLMs to generate 400-500 word
articles in the style of People’s Daily. Third, we
further collect candidate questions from the above
sources and ValuePrism 4, followed by rewriting
and filtering. Finally, we obtain a CSV evaluation
benchmark containing 1,000 questions.

C-VoicesEvaluator Training. Inspired by
lightweight-model-based LLM evaluation (He
et al., 2024), we train C-VoicesEvaluator on C-
Voices. Since each sample in this 12-dimensional
multi-label task typically contains only 2–3 positive
labels, the dataset suffers from severe class imbal-
ance and label sparsity. We therefore adopt Asym-
metric Loss (ASL) (Ridnik et al., 2021), which
separately computes positive and negative losses
for each value dimension j:

L+ = (1− p)γ+ log(p), L− = (pc)
γ− log(1− pc)

(4)
where p denotes the predicted probability, pc is the
shifted negative probability, and γ+ and γ− control
the down-weighting of easy positive and negative
samples. The final training objective is the sum of
ASL losses over all 12 CSV dimensions.

CSV Alignment Scoring. Given the evaluation
question set Q, we first prompt an LLM to generate
responses and then use C-VoicesEvaluator to score
each response. The average CSV score vector is
computed as:

s =
1

|Q|

|Q|∑

i=1

Eval(LLM(qi)) (5)

where Eval(·) is a 12-dimensional score vector.
Since no standard benchmark exists for CSV

alignment evaluation, we use the average value
distribution of C-Voices as the reference vector
b. The relative deviation between the model
score and the reference distribution is calculated as
∆LLM = s−b

b , where bj ∈ b denotes the propor-
tion of positive samples in the j-th dimension. A
deviation close to zero indicates that the model’s
value distribution is close to the benchmark. Posi-
tive deviations indicate stronger expression of the

2https://www.12371.cn/special/20dbgxx/
3https://github.com/rangwang/CCAC2024-FS_

Moderation
4https://huggingface.co/datasets/allenai/

ValuePrism

corresponding value dimension, while negative de-
viations indicate weaker expression.

Building on the proposed framework, we devel-
oped the C-VoicesCompass system, as illustrated in
Figure 3, which supports model evaluation, image-
text evaluation, and video evaluation, and is avail-
able for public beta testing 5.

Figure 3. C-VoicesCompass system

5 Experiments and Analysis

5.1 Experimental Settings

We verify the proposed C-VoicesCompass frame-
work in two aspects. First, we evaluate value anno-
tation performance, comparing human annotation
with different LLM-based annotation strategies to
examine whether LLMs can approach human-level
performance. Second, we train C-VoicesEvaluator
on C-Voices and evaluate its effectiveness in assess-
ing the CSV alignment of mainstream LLMs.
Models. We evaluate eight representative LLMs:
Claude-Opus-4-7, Gemini-2.5-Pro, DeepSeek-V4-
Pro, GLM-4.7, GPT-4.1, Kimi-K2.6, LLaMA-4-
Scout, and Qwen3-Max. All models use their of-
ficial configurations and default inference settings.
To train C-VoicesEvaluator variants, we select
Qwen2.5-0.5B-Instruct and Qwen3.5-0.8B from
the Qwen series6, and LLaMA-3.2-1B-Instruct and
LLaMA-3.2-3B-Instruct from the LLaMA series7.
These variants enable us to examine the effects
of backbone family and model size on evaluator
performance.

5http://cvoices.net/
6https://qwen.ai/blog?id=qwen3
7https://www.llama.com/models/llama-3/
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Evaluation Metrics. We use the metric of Micro-
Accuracy (Micro-Acc) to evaluate the consis-
tency between LLM-generated and human annota-
tions, and use metrics of Accuracy and F1-Score
to evaluate the classification performance of C-
VoicesEvaluator across the 12 value dimensions.
Implementation. The C-Voices dataset is split
into training, validation, and test sets at 8:1:1 ratio.
During training, the number of epochs is set to 20
and the batch size is set to 8. Adam is adopted
as the optimizer with a learning rate of 1e−5. Ex-
periments are conducted on eight NVIDIA RTX
A5000 GPUs. The hyperparameters of ASL loss
function follow Ridnik et al. (Ridnik et al., 2021).
Annotation Cost. Human annotation costs 0.5
RMB per sample per annotator; annotating 9,000
candidate samples with three annotators costs
13,500 RMB. Manual preprocessing and filtering
cost an additional 3,600 RMB. In comparison,
LLM-based annotation is substantially cheaper,
with per-sample costs of approximately 0.006,
0.005, and 0.007 RMB for DeepSeek-R1, GPT-4o-
mini, and Qwen3.5, respectively. The two-round
cross-correction annotation with DeepSeek-v3.2
and Qwen3.5 costs 96.2 RMB for 3,700 samples.
Overall, constructing C-Voices costs approximately
17,200 RMB.

(a) Value distribution of human annotated C-Voices

(b) Micro-Acc performance of LLM-based annotations

Figure 4. Performance analysis of CSV annotations

5.2 Results of Value Annotation

5.2.1 Value Distribution of C-Voices.
Figure 4a illustrates the value distribution of the
human-annotated C-Voices dataset. The 12 CSV

dimensions are imbalanced: national-level values
such as Prosperity and Democracy account for
larger proportions, while social- and individual-
level values such as Equality and Integrity are rel-
atively sparse. This imbalance is partly due to the
data source, People’s Daily, whose reports naturally
emphasize national-level narratives. To improve
diversity, we adopt section-wise sampling across
politics, economy, society, ecology, and other sec-
tions, followed by manual filtering. The resulting
imbalance further motivates the use of asymmetric
loss during evaluator training.

5.2.2 Performance of LLM-based Value
Annotation.

We take human annotation as the benchmark and
measure the consistency between LLM-generated
and human annotations， as shown in Figure 4b.

Single-LLM annotation achieves an average
Micro-Acc of 0.87, while majority voting and
cross-correction improve it to 0.88 and 0.886, re-
spectively. This shows that multi-model collabo-
ration reduces prediction variance and improves
annotation consistency. Entropy-based human-
LLM collaboration further improves performance:
the majority-voting-based human–LLM strategy
reaches 0.96 Acc, an 11.5% improvement over the
single-model baseline, confirming the effectiveness
of human intervention for uncertain samples.

5.3 Performance of C-VoicesEvaluator

To further assess annotation quality, we train C-
VoicesEvaluator on datasets produced by different
annotation strategies. Table 3 reports results with
Qwen2.5-0.5B-Instruct. The training and valida-
tion sets follow each annotation strategy, while all
models share the same human annotated test set.

We have the following three observations. First,
Correction LLMs, Triple LLMs, and DeepSeek-
v3.2 perform comparably, while Qwen3.5 and GPT-
4o-mini are weaker. All LLM-based strategies still
lag behind the human benchmark, indicating that
LLMs can support CSV annotation but are not yet
fully reliable. Second, dimensions with clearer
semantics, such as Rule of Law, Freedom, Har-
mony, and Patriotism, achieve higher F1 scores
than more abstract or overlapping dimensions, in-
cluding Equality and Justice. Third, F1-score is
generally lower than Accuracy, mainly due to 1-0
imbalance in the multi-label setting, where models
tend to predict dominant label 0.
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Table 3. Experimental results of C-VoicesEvaluator based on Qwen2.5-0.5B-Instruct.

Level Dimension

Single-LLM Triple
LLMs

Correction
LLMs

Human
Annotation

Qwen3.5 DeepSeek-v3.2 GPT-4o-mini

ACC F1 ACC F1 ACC F1 ACC F1 ACC F1 ACC F1

National

Pros. 0.84 0.70 0.86 0.72 0.73 0.60 0.85 0.71 0.86 0.73 0.89 0.74
Demo. 0.89 0.47 0.88 0.40 0.89 0.52 0.88 0.46 0.88 0.40 0.91 0.67
Civil. 0.86 0.71 0.85 0.70 0.85 0.68 0.86 0.70 0.85 0.70 0.87 0.74
Harm. 0.74 0.69 0.75 0.69 0.74 0.76 0.74 0.72 0.75 0.73 0.80 0.79

Avg. 0.83 0.64 0.84 0.63 0.80 0.64 0.83 0.65 0.84 0.64 0.87 0.74

Social

Free. 0.94 0.63 0.97 0.73 0.97 0.78 0.97 0.72 0.98 0.75 0.98 0.79
Equal. 0.91 0.50 0.93 0.50 0.91 0.53 0.91 0.48 0.93 0.45 0.93 0.55
Just. 0.91 0.59 0.93 0.54 0.89 0.57 0.92 0.59 0.92 0.61 0.94 0.61
Law. 0.92 0.79 0.93 0.81 0.91 0.79 0.93 0.80 0.93 0.80 0.93 0.80

Avg. 0.92 0.63 0.94 0.65 0.92 0.67 0.93 0.65 0.94 0.65 0.95 0.69

Personal

Patri. 0.91 0.61 0.95 0.68 0.89 0.57 0.93 0.65 0.93 0.68 0.96 0.76
Dedic. 0.82 0.65 0.87 0.66 0.67 0.54 0.84 0.68 0.86 0.69 0.88 0.70
Integr. 0.97 0.74 0.97 0.75 0.97 0.75 0.97 0.70 0.97 0.72 0.97 0.70
Friend. 0.88 0.57 0.89 0.47 0.85 0.51 0.88 0.55 0.90 0.56 0.93 0.74

Avg. 0.90 0.64 0.92 0.64 0.85 0.59 0.91 0.65 0.92 0.66 0.94 0.73

Table 4. Impact of model size on C-VoicesEvaluator

Model Metric Pros. Demo. Civil. Harm. Free. Equal. Just. Law Patri. Dedic. Integr. Friend. Avg.

LLaMA-3.2-
1B-Instruct

ACC. 0.88 0.88 0.87 0.77 0.98 0.92 0.93 0.91 0.95 0.85 0.97 0.93 0.90
F1 0.74 0.53 0.70 0.77 0.61 0.55 0.73 0.79 0.61 0.65 0.73 0.74 0.68

LLaMA-3.2-
3B-Instruct

ACC. 0.89 0.89 0.87 0.77 0.99 0.94 0.92 0.94 0.96 0.87 0.96 0.94 0.91
F1 0.78 0.51 0.71 0.77 0.76 0.63 0.67 0.85 0.67 0.66 0.67 0.76 0.70

5.4 Performance of Value Alignment
Evaluation

This section evaluates eight mainstream LLMs us-
ing C-VoicesEvaluator trained on Qwen2.5-0.5B-
Instruct. Figure 5 shows their CSV distributions.

The models differ substantially across the 12
CSV dimensions. In Figure 5, the gray region at 0
denotes the C-Voices human benchmark; positive
values indicate stronger expression than the bench-
mark, and negative values indicate weaker expres-
sion. Kimi-K2.6, Gemini-2.5-Pro, and DeepSeek-
V4-Pro show smaller deviations, suggesting closer
alignment with C-Voices. In contrast, GPT-4.1 and
LLaMA-4-Scout show stronger tendencies in Free-
dom, Equality, and Integrity, but weaker tendencies
in Prosperity and Dedication. Most models also
show high deviations on Freedom, partly because
Freedom-related samples are sparse in C-Voices,
amplifying relative deviation values.

5.5 Ablation Study

This section analyzes the effects of model size and
annotation data scale on C-VoicesEvaluator.
Impact of Model Size. Table 4 compares
evaluator performance with different backbone
sizes. LLaMA-3.2-3B-Instruct slightly outper-
forms LLaMA-3.2-1B-Instruct, improving average
Accuracy from 0.90 to 0.91 and average F1 from
0.68 to 0.70. It also achieves higher F1 scores on
most dimensions, with the largest gain on Freedom,
where F1 increases from 0.61 to 0.76. These re-
sults show that larger backbones bring moderate
improvements, but the gains tend to saturate as
model size increases.
Impact of Annotated Data Scale. Figure 6 shows
the effect of annotated data scale on evaluator per-
formance, where C-VoicesEvaluator is trained with
different subsets of C-Voices. As the training size
increases from 1,000 to 3,500 samples, the average
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Figure 5. Radar charts of CSV assessment for different LLMs
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Figure 6. Impact of annotation data scale on C-
VoicesEvaluator

F1 score steadily improves from 0.567 to 0.718.
Adding more data beyond 3,500 samples brings
only marginal gains, with performance using all
3,700 samples remaining nearly unchanged. These
results suggest that the 3,700 annotated samples
are sufficient for training an effective evaluator.

6 Conclusion

This paper proposes C-VoicesCompass, a CSV-
based value alignment evaluation framework for
LLMs. We construct C-Voices, the first annotated
dataset for CSV, and train C-VoicesEvaluator, a
lightweight evaluator with asymmetric loss. We
further examine LLM-based value annotation and
show that multi-round cross-correction achieves
performance close to human annotation. Experi-
ments validate the effectiveness of C-Voices and
C-VoicesEvaluator, and reveal clear alignment dif-
ferences among mainstream LLMs under the Chi-

nese Social Values framework.

Limitations

C-Voices currently focuses on Chinese news re-
ports, which provide value-rich and high-quality
content but do not cover all domains and commu-
nication scenarios. Future work could extend the
dataset to conversational, social-media, and mul-
timodal contexts. Second, the current framework
represents the 12 CSV dimensions using binary la-
bels. Although this design enables consistent and
scalable evaluation, graded and context-sensitive
annotations may better capture value intensity and
conflicts. Finally, C-VoicesCompass is intended to
complement, rather than replace, general-purpose
value and safety evaluations.
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