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Abstract

The rapid evolution of large language models
(LLMs) has revolutionized various fields, includ-
ing the identification and discovery of human val-
ues within text data. While traditional NLP mod-
els, such as BERT, have been employed for this
task, their ability to represent textual data is sig-
nificantly outperformed by emerging LLMs like
GPTs. However, the performance of online LLMs
often degrades when handling long contexts re-
quired for value identification, which also incurs
substantial computational costs. To address these
challenges, we propose EAVIT, an efficient and ac-
curate framework for human value identification
that combines the strengths of both locally fine-
tunable and online black-box LLMs. Our frame-
work employs a value detector—a small, local lan-
guage model—to generate initial value estimations.
These estimations are then used to construct con-
cise input prompts for online LLMs, enabling accu-
rate final value identification. To train the value de-
tector, we introduce explanation-based training and
data generation techniques specifically tailored for
value identification, alongside sampling strategies
to optimize the brevity of LLM input prompts. Our
approach effectively reduces the number of input
tokens by up to 1/6 compared to directly querying
online LLMs, while consistently outperforming tra-
ditional NLP methods and other LLM-based strate-
gies.

1 Introduction

The recent advent of Large Language Models (LLMs)!, in-
cluding the Generative Pre-trained Transformer (GPT) mod-
els [Brown et al., 2020; OpenAl, 2023] and Llama [Touvron
et al., 2023al], has marked a pivotal advancement in natu-
ral language processing (NLP). One notable application of
LLMs is the discovery and identification of human values
from text data, such as arguments [Kiesel et al., 2022; Kiesel
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et al., 2023]. This task holds significant potential across var-
ious domains, supporting value alignment for LLMs [Yao
et al., 2023], value-based argument models [Atkinson and
Bench-Capon, 2021], and computational psychological stud-
ies [Alshomary et al., 2022].

Before the era of LLMs, identifying human values from
text data in computational linguistics was typically framed
as a multi-label classification problem and addressed using
machine learning and NLP models like BERT [Devlin ef
al., 2019]. However, these models are now being outper-
formed by modern LLMs in terms of their general text com-
prehension capabilities. Since most LLMs are accessible only
through black-box APIs and fine-tuning them is computation-
ally and economically inefficient, the standard approach for
utilizing LLMs in value identification involves constructing
tailored prompts for direct queries. For LLMs to effectively
identify values from text data, they must first learn the value
system definition, akin to how humans do. This definition is
typically presented as a long context—for instance, the basic
Schwartz values definition spans approximately 2.5k tokens
[Schwartz, 2012]. Including such lengthy definitions in the
input prompt is not only costly but has also been shown to de-
grade performance in context-heavy tasks [Liu er al., 2023],
a finding corroborated by our experiments.

Given these challenges, to better leverage the capabilities
of LLMs, we propose EAVIT, a framework for Efficient and
Accurate Human Value Identification from Text data. EAVIT
begins with a value detector (a tunable local language model)
that generates initial value estimations. These estimations are
then used to construct a concise input prompt for the LLM,
enabling accurate final value identification. The value detec-
tor identifies values that are most certainly related and those
that are most certainly unrelated, leaving only values with un-
certain relevance to be resolved by the LLM. This approach
effectively reduces the number of values requiring explicit
definition in the input context, thereby shortening the over-
all context length. To enable the value detector to learn the
cognitive logic underlying value identification, we employ an
explanation-based fine-tuning method, training the model to
reflect on the definitions of values throughout the learning
process. To address issues such as insufficient training data
and imbalanced class distributions, we draw inspiration from
methods like Self-Instruct [Wang er al., 2022] and utilize di-
verse data generation techniques via LLMs to create high-
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Figure 1: An illustration of (a) human value system and (b) the proposed EAVIT method compared with directly using LLMs.

quality training datasets. Additionally, to ensure an optimal
candidate set, we perform multiple sampling rounds to iden-
tify the most relevant candidate values.

The proposed EAVIT framework not only achieves state-
of-the-art performance but also significantly reduces the to-
ken cost for inference—down to nearly % of the tokens re-
quired when directly using LLMs. This makes it a promising
and cost-effective solution for large-scale value identification
tasks.

Our contributions can be summarized as follows:

* We introduce EAVIT, a novel framework for identifying
human values from text data. This methodology effi-
ciently leverages the power of LLMs, offering accurate
and cost-effective value identification results.

We employ a diverse set of training strategies for
the value detector (local LM in EAVIT), including
explanation-based fine-tuning and data generation tech-
niques. Additionally, we develop sampling and prompt-
generation methods to create concise and effective input
prompts for LLMs.

Our approach achieves state-of-the-art performance
compared to traditional NLP methods and direct LLM-
based strategies. Furthermore, it significantly reduces
inference costs to as low as é of the tokens required by
conventional LLM approaches, making it highly scal-
able for tasks such as LLM alignment and psychological
analysis.

2 Related Works

Human Value Theories A detailed review of human value
theories in psychology can be found in Appendix. In our pa-
per, following existing works [Kiesel et al., 2023] in compu-
tational linguistics, we primarily adopt Schwartz’s Theory of
Basic Values [Schwartz, 2012] as the basic value system for
value identification, which has been applied in multiple fields
including economics [Ng et al., 2005] and LLMs [Miotto et
al.,2022; Fischer et al., 2023]. Meanwhile, it should be noted
that our method is applicable to any completely defined value
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system (such as the extended Schwartz value system or those
with values set for language models).

Value Identification from Text Data. In NLP, the identifi-
cation of human values from text data can be perceived as
a multi-label classification or regression task described by
complex task definition. Recent key related works include
[Qiu er al., 2022; Kiesel et al., 2022; Kiesel et al., 2023;
Ren et al., 2024]. In [Qiu er al., 2022], simple social sce-
nario descriptions from [Forbes er al., 2020] were selected
and annotated using Schwartz’s value taxonomy, establishing
the ValueNet dataset for value modeling in language models.
[Kiesel et al., 2022] was the first to systematically establish
the task of identifying hidden human values from argument
data and built a dataset, Webis-ArgValues-22, of 5k size de-
rived from social network data and annotated with Schwartz
values by humans. [Kiesel ef al., 2023] extended the work
of [Kiesel et al., 2022] with dataset Touché23-ValueEval,
expanding the dataset size to 9k and held a public compe-
tition at the ACL2023 workshop. [Yao et al., 2023] also
proposes FULCRA dataset (currently unavailable) that labels
LLM outputs to Schwartz human values. Our experiments
will use these public, human-annotated datasets as the basis
for training and validation. Touché23-ValueEval will be the
main dataset.

3 Human Value Identification - Task and
Basic Methods

3.1 Task Definition

We first introduce the formal definition of the human value
identification task, generally following [Kiesel er al., 2022;
Kiesel et al., 2023]. For text data T, the task of human
value identification in this paper is to generate a value la-
bel V;(T') € {0,1} for every human value V; in a value sys-
temV = {V; : Dyq,...,V, : D,}, which can be viewed as
a multi-label classification task. Each value item V; has its
corresponding definition D;, a paragraph of natural language
(see Figure 1) that specifies the meaning of value item. For
example, the definition of value Self-direction: thought is: It
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is good to have own ideas and interests. Contained values
and associated arguments of this value: Be creative: argu-
ments towards more creativity or imagination; Be curious ...
(omitted). The labels are: O (the text data has no clear con-
nection to the value item) and 1 (the text data resorts to this
value item). Unlike other classification tasks in NLP such as
binary sentiment analysis, human value identification focuses
on more abstract and complex concepts, requiring deep un-
derstanding of both input text and value system definition.

3.2 Basic LM-based Methods

Naturally, considering that value identification can be viewed
as a multi-label classification task, we can employ some
straightforward NLP methods and models to address it, in-
cluding direct fine-tuning and prompt-based methods for
LLMs . We will first describe and analyze these simple ap-
proaches before introducing EAVIT.

Fine-tuning Local language models that can be fune-tuned
without incurring significant costs can be directly trained to fit
the task. For encoder models, we can use embedding vector
(like [CLS] in BERT [Devlin et al., 2019]) to directly gen-
erate results for value identification through a linear layer.
For the emerging generative models like GPT-2 [Brown et al.,
2020] and Llama [Touvron et al., 2023al, we can no longer
extract a clear embedding vector representing the entire in-
put sequence. Instead, we can apply prompt-based super-
vised fine-tuning [Brown et al., 20201, which involves using
prompts that guide the model towards generating outputs that
contains the identified values.

Prompt-based Methods For black-box models like GPT-4
where fine-tuning is either unavailable or too expensive, we
typically can only obtain results in natural language form by
prompting the model with input prompt queries. Therefore,
an intuitive idea is to first input the complete definition of the
value system to LLM for learning, then prompt it to identify
values from text data. The main challenge with this approach
(we call it single-step prompting, which completes the task
in 1 LLM API call) is that the performance of LLMs tends
to deteriorate with the increase of context length when han-
dling complex tasks defined by context. [Liu er al., 2023] has
confirmed, when the context length reaches 2k-4k, the GPT
model’s ability to understand and remember context informa-
tion significantly worsens. We also find that in this approach
the model tends to point out values that appears in the be-
ginning and end of the definition context, learning to unsatis-
factory performance. To reduce the context size, identifying
each value component individually is also feasible. But this
method increases the total token usage, and result bias be-
comes more serious (see Section 5).

4 Method

In this section we introduce EAVIT which utilizes both local
tunable LM and online LLMs. Our method involves three
stages: (1) Training value detector; (2) Generating candidate
value set; (3) Final value identification using LLMs. Prompt
templates can be found in Appendix.
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4.1 Training Value Detector

Our first objective is to tune a local LM that has the basic
value identification capabilities. To achieve this goal, we
opt to fine-tune the open-source generative language model
Llama2-13b-chat [Touvron et al., 2023b] as value detec-
tor, to equip the base model with robust semantic under-
standing capabilities. With QLoRA [Dettmers et al., 2023;
Hu et al., 2021], finetuning Llama2-13b-chat can be executed
on 4 Nvidia RTX 4090 GPUs with 24GB VRAM.

Explanation-based Fine-tuning

The process of value identification can be viewed as identi-
fying the semantic association between the text content and
values based on their definition. Therefore, correct identifica-
tion result must be interpretable. When training encoder-only
models like BERT, we can only use numerical value labels
as supervisory signals for fine-tuning. However, when us-
ing generative models like Llama, we can include natural lan-
guage explanations of the value identification process during
fine-tuning, which enables the model to gain a much deeper
understanding of the task’s implications, similar to chain-of-
thought [Wei et al., 2023] and [Ludan et al., 2023].

We use GPT-40-mini to add explanations to the value iden-
tification results in the training dataset. Specifically, for input
data T" and positively labeled V;, we guide LLM to provide
a brief explanation based on the definition of this value item
and the input data. For example, for text data we should ban
human cloning as it will only cause issues when you have a
bunch of the same humans running around all acting the same
and its corresponding value item Security: societal, the expla-
nation could be The text is related to societal security as it ad-
dresses the potential chaos and disorder that could arise from
human cloning. After obtaining explanations for the training
data labels, we fine-tune the value detector using the follow-
ing prompt templates below in Alpaca format [Taori et al.,
2023]. We aim to train the model on the semantic logic be-
hind value identification by forcing it generate explanations
for each of its results.

// Simplified prompt template
### Instruction:

For the following input context,
identify relevant values from 20
value items.

Recall the definition of these basic
values, then select the values that
are most prominently reflected or
opposed in the context, and provide
your explanation.

### Input:
[INPUT_TEXT]

### Response:
(1) [VALUE_1]. Explanation: [
EXPLANATION_1];
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Proved by experiments, this method significantly enhances
the reliability and performance.

Data Generation

Existing value identification datasets (Webis-ArgValues-22,
Touché23-ValueEval) are all manually collected and anno-
tated. While manual annotation enhances data reliability, it
also leads to a scarcity of data (Touché23-ValueEval only
contains 5.4k training instances). More critically, these real-
world datasets present significant label imbalance, as illus-
trated in Figure 2 below. To address the issue, we first follow
the self-instruction [Wang et al., 2022] method by employ-
ing in-context learning (ICL) to mimic and generate new data
based on the existing annotated data with explanations using
GPT-40-miniGPT-40-mini, to expand the dataset scale. In ad-
dition to data generation based on the single in-context learn-
ing (ICL) method, we also utilize fargeted data generation to
compensate for the distribution imbalances of different value
labels in the training dataset. We find the least frequent val-
ues and select the corresponding labels that have occurred in
the training dataset as target labels, then use them as ICL ex-
amples to guide LLM in generating corresponding data. Af-
ter each round, we filter out the repeated (ROGUE-L simi-
larity > 0.7) and obvious erroneous data. Additionally, we
constantly replace the examples used in in-context learning,
ensuring that the value annotations of all examples compre-
hensively cover the entire value system.

Orginal Train Dataset

0.25

0.00 -

Train Dataset with Generated Data

0.25

0.00

Figure 2: Value class distribution of original Touché23-ValueEval
train dataset and ours with generated data.

For Touché23-ValueEval, we have generated approxi-
mately 8k (1.5 original size) instances of data, and signifi-
cantly compensated the issue of uneven class distribution (see
Figure 2). Consistent with existing research [Meng et al.,
2022; Huang et al., 2022; Meng et al., 2023], the generated
data is of high quality and effectively enhances the model’s
generalization capabilities and ability to recognize value la-
bels with lesser distribution.

Value Definition Reflection

In addition to previous methods with text-label data, we also
want to teach the model the definition of the entire value
system through explicit reflection. We achieve this goal by
forcing the model to reflect on the definition of values during
training.
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4.2 Candidate Value Set Generation

Next, with a trained value detector that can produce prelimi-
nary value identification results, our goal is to obtain a set of
candidate values through the preliminary results, which are
values possibly related to the input text that need LLM for
final determination. Our basic assumption is that the value
detector will produce outputs that have some random devi-
ations compared to the correct results. We first sample the
output L times for each input data 7" randomly, and calculate
the probability of each value being relevant to T':

‘Z(T) = |{.7 : ‘/;]<T) =1j= 17"'7L}|/T7

where V (T) is the label of V; at j-th output. Usually we set
L = 5 to achieve the balance of reducing randomness and
efficiency. Next, we set two thresholds 0 < piow < Phigh <
1. For all value items V; with V;(T) > Phigh, We directly
determine that V;(T') is related to T, i.e. V;(T) = 1; while
the value items V; with positive probability between pjoy, and
Dhigh constitute our candidate value set S(7), i.e.

S(T) = {Vj : piow < V;(T) < phign}

4.3 Final Value Identification via LLMs

Finally, we use the most acknowledged online LLM, the GPT
series including GPT-4, GPT-40, GPT-40-mini, to test the val-
ues in the candidate set to obtain the final identification re-
sults. This is a simple, but most important step in EAVIT.
Here, we only need to include the definitions of the values in
the candidate set in the LLM prompt. Since the candidate set
S is much smaller (3.3 for Touché23-ValueEval) than the en-
tire value system V (20), the context length of our approach
is much shorter than directly using the LLM (Table 1). More
concentrated input prompt can make LLM’s output more ac-
curate and reduce the bias caused by forgetting and the order
of context content; at the same time, the API cost is signifi-
cantly lower.

S Experiments

5.1 Value Identification on Public Datasets

Datasets and Methods

We conducted experiments on three public and manually-
labelled datasets: ValueNet (Augmented) [Qiu er al., 2022],
Webis-ArgValues-22 [Kiesel er al., 2022], and Touché23-
ValueEval [Kiesel et al., 2023]. Details can be found in Ap-
pendix. In experiments we focus on the Schwartz value sys-
tems, but our general method can also be applied to other
value systems including [Ren er al., 2024] by changing the
definitions of the value system and training datasets. For all
datasets, we report the accuracy and the officially recom-
mended Fl-score on the validation and test data. We con-
ducted a comparative analysis of our proposed EAVIT ap-
proach against various fine-tuning and prompt-based meth-
ods. For encoder models BERT [Devlin et al., 2019] and
RoBERTa [Liu et al., 2019], we directly obtain the predic-
tion results by passing [CLS] token embedding through a lin-
ear layer, and train on training dataset. We also reference the
SemEval-2023 Task 4 competition best result [Schroter ef al.,
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Dataset \ Webis-ArgValues-22 \ Touché23-ValueEval \
Dataset Split | Validation | Test | Validation | Test |

Metric | Acc Fl-score Acc Fl-score |  Acc Fl-score Acc Fl-score | #Token
BERT (finetune) 0.78 0.32 0.79 0.33 0.81 0.40 0.79 0.41 -
RoBERTa (finetune) 0.79 0.31 0.78 0.35 0.81 0.39 0.80 0.42 -
ValueEval’23 Best [Schroter et al., 2023] - - - - - - - 0.56 -
GPT-2 (finetune+prompting) 0.75 0.34 0.76 0.33 0.72 0.30 0.73 0.34 -
Llama2-chat-13b (prompting) 0.70 0.29 0.72 0.30 0.78 0.31 0.76 0.27 -
Llama2-chat-13b (finetune+prompting) 0.86 0.42 0.84 0.44 0.82 0.41 0.82 0.45 -
GPT-40-mini (single-step prompting) 0.83 0.50 0.84 0.50 0.82 0.54 0.86 0.53 2 4k
GPT-4o0 (single-step prompting) 0.84 0.51 0.86 0.54 0.85 0.55 0.86 0.52 ’
GPT-40-mini (5-steps prompting) 0.83 0.49 0.82 0.50 0.84 0.49 0.85 0.52 2.8k
GPT-40 (5-steps prompting) 0.86 0.51 0.84 0.50 0.87 0.50 0.87 0.54 '
GPT-40-mini (sequential prompting - simple) 0.82 0.50 0.86 0.49 0.83 0.51 0.85 0.50 3.0k
GPT-4o (sequential prompting - simple) 0.82 0.52 0.84 0.51 0.87 0.55 0.89 0.54 '
GPT-40-mini (sequential prompting - CoT) 0.83 0.52 0.84 0.52 0.87 0.56 0.86 0.57 3 6k
GPT-40 (sequential prompting - CoT) 0.86 0.55 0.86 0.56 0.88 0.57 0.89 0.58 ’
Llama2-chat-13b (EAVIT) | 0.8840.05 0.52+0.03 0.89+0.07 0.5340.02 | 0.88+0.04 0.55+0.03 0.89+0.07 0.57+0.01 | -
EAVIT (Llama2-chat-13b + GPT-40-mini) 0.93+0.02 0.63+0.04 0.92+0.03 0.63+0.02 | 0.95+£0.01 0.65+£0.02 0.94+0.02 0.66+0.03 0.45k
EAVIT (Llama2-chat-13b + GPT-40) 0.94+0.03 0.65+0.02 0.924+0.02 0.66+0.01 | 0.95+0.02 0.66+0.01 0.94+0.04 0.69+0.02 :

Table 1: Results on Webis-ArgValues-22 and Touché23-ValueEval (level-2 label) dataset.

Dataset Split

Validation | Test |

|
Metric | Accuracy | #LLM Token / Sample
BERT (Finetune) 0.60 0.61 -
RoBERTa (Finetune) 0.57 0.55 -
GPT-40-mini (single-step prompting) 0.70 0.72 1.5k
GPT-40-mini (sequential prompting) 0.75 0.78 1.9k
EAVIT (Llama2-chat-13b + GPT-40-mini) |  0.80 | 0.78 | 0.5k

Table 2: Results on ValueNet (augmented) dataset.

2023], which utilized multiple ensemble ROBERTa models
and larger pretrain datasets. For GPT-2 [Brown et al., 2020]
and Llama2-13b-chat [Touvron ef al., 2023b], we employ a
simple prompt to directly output the value identification re-
sults, and report the direct results and fine-tuned results. As
we have discussed in Section 3.2, for online LLMs GPT-40-
mini and GPT-4(0) using OpenAl API [OpenAl, 2023], we
adopt single-step prompting, 5-steps prompting and sequen-
tial prompting with multiple variants. Single-step prompt-
ing let the model to determine the complete value identifi-
cation results in a single API call for each data, sequential
prompting identifies each value individually resulting in mul-
tiple LLM API calls (20 for ValueEval’23) for each data,
while 5-steps prompting is a balance of those two methods
with 5 API calls per data point. We apply direct prompting
and chain-of-thought prompting ([Wei et al., 2023], CoT) for
sequential prompting baselines. For EAVIT, we set piow =
0.2, phigh = 0.8 and report the results of the value detector
the entire method. Detailed configurations and prompts can
be found in the appendix. We report the average and std of 3
random individual runs.

Results
Table 1,2 and Figure 3 show the experiment results.

Performance and efficiency of EAVIT. We can observe
that EAVIT significantly improves accuracy while only us-
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ing up to 1/7 LLM tokens compared to directly using LLMs.
Comparing with directly fine-tuning, EAVIT’s performance
on values that appear less frequently on training data is no-
ticeably better, demonstrating the effectiveness of data gener-
ation and explain-based fine-tuning. Furthermore, the perfor-
mance of the EAVIT method surpasses that of standalone lo-
cal LMs or online LLM methods, indicating that their combi-
nation can effectively complement the shortcomings - the lo-
cal LM’s relatively weak textual understanding power and the
substantial impact of context on performance and efficiency
of online LLMs - to achieve a more optimal balance between
performance and efficiency.

Prompting Methods. The context length in single-step
prompting is typically longer, which generally results in
lower accuracy than models that have been fine-tuned for
aligned models. However, when using sequential prompting,
even though the query context is more precise, the overall
accuracy does not make much difference. According to our
observations, this is probably because LLMs have a tendency
to provide affirmative responses (> 60% in our experiments)
due to alignment [Perez et al., 2022]. By using Chain-of-
Thought, this problem is partly alleviated (reduced to 40%)
and the performance is significantly improved.

GPT-40-mini v.s. GPT-40. In most experiments, the per-
formances of GPT-40 and its mini version are similar. Con-



Proceedings of the Thirty-Fourth International Joint Conference on Artificial Intelligence (IJCAI-25)
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Figure 3: Plot of F1-scores and class distribution on the Touché23-ValueEval test set over the labels by level. The grey bars show the label
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Figure 4: Sample Visualization of Value Identification of Virtual Individuals

sidering the API cost, we suggest that GPT-4o0-mini is suffi-
cient in most practical human value identification tasks.

5.2 Case Study: Value Identification of Virtual
Individuals

Next, we conduct a hypothetical experiment to simulate the
process of human value identification of individuals. The
objective is to compare the uniformity and differences be-
tween the individual values measured by traditional psycho-
logical questionnaires and our text-based value identifica-
tion method. We use the public real-human questionnaire
results from the World Values Survey (WVS) wave 6 [Ingle-
hart et al., 2000; Inglehart er al., 2014], which is an exten-
sive project that has been conducting value tests on popula-
tions worldwide for decades. We selected the responses of 20
real individuals to 10 questions about the Schwartz value sys-
tem. These questions (v70-v79) sequentially correspond to
10 Schwartz values, and can be considered as a standard value
questionnaire in psychology. For each individual, we input
the content of these questions and their responses to these
questions into GPT-4, and guided GPT-4 to mimic an virtual
individual possessing these values through prompts [Aher
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Method | Mean Accuracy
RoBERTa (Finetune) \ 0.62
GPT-4o0 (single-step prompting) 0.71
GPT-40 (sequential prompting) 0.65
EAVIT | 0.78

Table 3: Results of virtual individual value identification. EAVIT
uses Llama2-chat-13b + GPT-40-mini here.

et al., 2023]. Subsequently, we selected 20 social topics
and guided the simulated individuals to express and explain
their views on these social topics, forming 20 text data in-
stances for each individual with format similar to Touché23-
ValueEval. Finally, we process these text data using EAVIT
and other methods trained on Touché23-ValueEval to iden-
tify values behind them, aggregate the results of each virtual
individual’s text data, and compare them with psychological
questionnaire answers. The experiment details are provided
in the appendix.
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Results. Our results and visualizations are presented in Ta-
ble 3 and Figure 4. Our findings indicate that by conducting
value identification on the viewpoints data generated by vir-
tual individuals, we can effectively infer their value presets,
with a high level of consistency with psychological question-
naires based on values. Similarly, it can be observed from Ta-
ble 3 that the performance of EAVIT on this task outperforms
both simple LMs and naive usage of LLMs. This experiment
uncovers an intriguing potential: we can use large models to
conduct value identification on passively collected text data
generated by individuals, providing a measure of an individ-
ual’s values without resorting to the active collection meth-
ods in psychology like questionnaires [Schwartz et al., 2001].
This approach, based on LLMs and passively collected data,
has the advantages of low data collection cost, high credibil-
ity, and strong non-falsifiability. For example, a selfish person
is unlikely to answer "no” to the questionnaire item "Do you
care about others?”, but its behavior could likely be reflected
in social network traces.

5.3 Training Value Detector: Ablation Study

We now investigate the impact of fine-tuning strategies and
data generation on the performance of the value detec-
tor model on Touché23-ValueEval dataset. In order to di-
rectly investigate the impact of different fine-tuning meth-
ods and data generation techniques, we train four differ-
ent versions of the Llama2-13b-chat value detector models:
+org_dataset: model fine-tuned on the original dataset using
direct prompts; +explain-based FT: model with explanation-
based fine-tuning on the original dataset. +icl_data: the pre-
vious model with an additional 4k training data entries gen-
erated using a simple ICL; +target_value_data: the previous
model with an additional 4k training data entries specifically
generated for less frequent target values. We then plot the
performance of these models in Figure 5. The results demon-
strate that the explain-based finetune method and data gener-
ation effectively enhances the model’s performance.
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org_dataset +explain-based FT +ICL_data +target_value_data
Finetune Method

Figure 5: Results of different models with different finetune strate-
gies.

5.4 Output Consistency

To ensure the feasibility of our method in practical applica-
tions such as large-scale data analysis, it is crucial to achieve

high output consistency. To this end, we randomly extracted
200 data points from the Touché23-ValueEval test dataset.
For each data point, we randomly sampled the results 10
times at different output stages (/ detector output: single out-
put from the value detector; 5 detector output: average of 5
outputs from the value detector, candidate set: see Section
4.2, and final result). We computed the average variance of
10 samples, with each output viewed as a 20-dimension vec-
tor. The results are presented in Figure6.
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Figure 6: Output variance at different output stages.

We observe that the single output from the value detector
exhibited high randomness, but sampling effectively reduces
it. Despite the increased randomness in the candidate set
(which indicates that different outputs from the value detector
may favor different random values), the final decision made
by the LLMs effectively eliminated irrelevant random errors,
achieving stable, high-quality results. This suggests that our
method could be applied to scenarios that require high output
stability.

6 Conclusion

This paper investigates the potential of LLMs for identify-
ing human values from text data. Despite challenges, LLMs
have demonstrated superior capabilities compared to previous
methods. Our work of efficient and accurate value identifica-
tion can have potential usage for value alignment in LLMs,
social network analysis, and psychological studies.
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