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Abstract

There has been extensive research on assess-
ing the value orientation of Large Language
Models (LLMs) as it can shape user experi-
ences across demographic groups. However,
several challenges remain. First, while the Mul-
tiple Choice Question (MCQ) setting has been
shown to be vulnerable to perturbations, there is
no systematic comparison of probing methods
for value probing. Second, it is unclear to what
extent the probed values capture in-context in-
formation and reflect models’ preferences for
real-world actions. In this paper, we evaluate
the robustness and expressiveness of value rep-
resentations across three widely used probing
strategies. We use variations in prompts and
options, showing that all methods exhibit large
variances under input perturbations. We also
introduce two tasks studying whether the val-
ues are responsive to demographic context, and
how well they align with the models’ behav-
iors in value-related scenarios. We show that
the demographic context has little effect on the
free-text generation, and the models’ values
only weakly correlate with their preference for
value-based actions. Our work highlights the
need for a more careful examination of LLM
value probing and awareness of its limitations.

1 Introduction

The value orientations of individual play an es-
sential role in shaping their conversational choice
and determining how they behave in various sce-
narios (Bardi and Schwartz, 2003; Agha, 2006;
Nisbett, 2010). Similarly, being able to directly ad-
just an LLM’s values could provide greater control
of the models as compared to implicitly learning
preferences from numerous examples. Detecting
these values serves as a first step in adjusting a
model’s values by providing a way to evaluate the
effectiveness of such adjustments. However, there
are several challenges associated with the reliable
detection of the LLMs’ value orientations. The
first challenge lies in the robustness of the prob-
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Figure 1: Probing and evaluating the robustness and ex-
pressiveness of the value representations from different
scoring methods.
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ing methods adopted in values-related research—
specifically, whether they provide a consistent rep-
resentation of the LLMs’ values (Lyu et al., 2024;
Wang et al., 2024a). The second challenge is deter-
mining whether the detected value representations
faithfully reflect and the impact of input context
and models’ behavior on downstream tasks.

Similar to conducting a human survey in psy-
chology, the value orientation of LLM is assessed
by presenting the model with a questionnaire and
studying how it responds to the questions (Durmus
et al., 2023). However, the process of obtaining the
values of LLMs involves many design choices by
the researchers, such as prompt template, sampling
method for text generation, and even the method
to extract values from LLMs’ inference. The most
common setup involves prompting models with
survey questions framed as a multiple choice ques-
tion answering task (MCQ) while taking the prob-
ability of the option token. However, the MCQ
setup has been shown to suffer from selection bias,



where certain options are preferred, due to the to-
ken associated with them or the order in which
the options are presented (Zheng et al., 2023). As
an alternative, some previous work has explored
free text representations, claiming that text-based
responses demonstrate better robustness against
perturbations on tasks such as MMLU (Wang et al.,
2024a). However, it remains unclear if this ex-
tend to more subjective tasks for LLM, such as
values assessment. To address this, we evaluate
the robustness of LL.Ms on non-semantic changes
including both prompt style and selection bias vari-
ation, where the models’ answers are expected to
stay the same. We find that LL.Ms still demonstrate
large selection bias and volatility when faced with
various prompts on subjective questions such as
value orientation, regardless of the scoring method
used.

Different combinations of the probing setup will
naturally lead to different value representations
even for the exact same model. Although the values
from some methods can be more stable than others,
one may ask what different value representations
actually entail, and if they are relevant in any other
setting that is different from the MCQ on value
questions. If probed values using a certain method
remain unresponsive to relevant context such as
demographics, it raises doubt about whether the
model truly understands the question or if the val-
ues merely reflect statistical patterns inherent to the
LLM. We examine it by providing country infor-
mation along the questions, and check if the value
representations align better human survey results
for certain country. Besides, if probed values do not
align with real-world LLM behavior, it questions
their efficacy and real-world implications. To this
end, we synthesize a dataset consisting of scenar-
ios and actions that correspond to different values.
We use it to examine how much models’ behavior
agrees with values obtained from different probing
methods, where we find the values only weakly
correlate with action preferences.

The contributions of this paper are as follows.
(1) We systematically evaluate the robustness of
LLM value representations across three differ-
ent scoring methods, considering prompt varia-
tions and selection bias. (2) We synthesize and
make available a new dataset consisting of value-
related scenarios and actions linked to different
value orientations to enable the study of the model’s
action preferences. (3) We assess the expressive-
ness of value representations from different scor-
ing methods by examining the alignment improve-

ment under demographic prompting and their cor-
relation with the value-related action ratings.

We introduce the scoring method being exam-
ined in § 3. We then describe how we evaluate the
value representations for their robustness in § 4 and
expressiveness § 5 respectively. We highlight our
findings and suggestions in § 7.

2 Related Work

Value Probing. An important line of study is the
examination of the values, opinions, morals, and
implicit demographic information present in LLMs.
A common approach is to first extract the implicit
values of LLMs, and then compare the LLM val-
ues with the real human values of different cultural
and demographic groups (Hiammerl et al., 2023;
Miotto et al., 2022). The real human values are
often identified by administering multiple choice
public-opinion questionnaires that assess human
values across various dimensions, and aggregating
the responses of individuals from the same back-
ground (e.g., same country or primary language).
For example, Johnson et al. (2022) probe GPT-3
(Brown et al., 2020) with author-chosen texts and
ground the exhibited values with real human re-
sponses, aggregated by country, on questions from
the World Values Survey (Haerpfer et al., 2022).
In contrast, Cao et al. (2023) directly probe Chat-
GPT on questions from the Hofstede Culture Sur-
vey (Hofstede et al., 2010) to extract scores over
cultural dimensions, such as “individualism” and
“indulgence”. They then compute the correlation
of these scores with those from different nations to
understand how well ChatGPT’s values align with
different populations.

Efficacy of MCQ Probing. Recent work has
challenged the efficacy of LLM prompting meth-
ods on multiple-choice questions, which should
encourage us to revisit the robustness and mean-
ingfulness of LLLM values probing. Alzahrani et al.
(2024) suggest that using next-token likelihood is
not robust against both answer choice symbol and
ordering, while Lyu et al. (2024) suggests that the
results from next-token’s likelihood disagree with
sequence-based probability and output text. Wang
et al. (2024b) also show that the next-token method
mismatches text output results with different lev-
els of constraint, while being less robust to the
ordering of the choice. Despite the issues with the
approaches based on choice token, works study-
ing LLMs’ value alignment still heavily use this
approach (Ryan et al., 2024; AlKhamissi et al.,



2024).

3 Probing LLM Values

In our context, a value representation is a prob-
ability distribution on options for a value-related
question. The methods used to probe LLMs for val-
ues generally fall into three categories inspecting
the token logit, the perplexity of the sequence, or
the generated text, respectively. All these methods
are being actively used, and we consider them cov-
ering predominant approaches for obtaining value
representations. We describe how each method is
implemented for our study in more detail below.

Token Logit. The logits of LLM represent the
unnormalized raw scores for each possible token
in the model’s vocabulary at a certain step of gen-
eration. Logits ! for valid answer tokens, such as
“A”, are usually collected from the first input token
immediately after the input question and options
provided. The method is intuitive when the model
consistently generates an option token right after
input.

Logits are converted to the value representation
with

p'oken = softmax (1)

on the set of valid option symbols. The option with
the highest probability is selected if the underlying
distribution is not of interest.

Sequence Perplexity. The approach is an exten-
sion to the token logit method, and computes the
perplexity of the complete answer sequence, for
example “A. Strongly agree” instead of “A”. This
method can also be applied to the text completion
model for tasks such as knowledge probing (Petroni
et al., 2019), since it does not require the model to
have instruction-following capability.

The corresponding probability distribution is
calculated by taking the inverse and normalizing,
where the value representation is

p*=ppl '/ ppl;’
7

The perplexity is normalized linearly, since it is al-
ready exponential to the likelihood, and it matches
the token method when the option length is one.

Text Generation. The text generation approach
collects the free text output of the model after sam-
pling. The answer is then determined by extract-
ing valid answers from the text with some post-
processing. An alternative is to train a classifier as

Wang et al. (2024b), which may cover more edge
cases but requires additional annotations on the
output. It covers the cases where the model does
not answer exactly following the instruction and
generates answers like “My answer is (A)”. We ex-
tract the answer with option labels in the required
format.

The text generation method, although the most
human interpretable, can sometimes miss the nu-
ance in the underlying probability distribution due
to the sampling process. For example, an option
with 10% probability has an 81% chance not being
selected in a common setting such as five samples
with a sampling temperature of 0.7(AlKhamissi
et al., 2024).

The value representation can be approximated
by sampling the outputs N times and

ptext — n/N

where n includes how many times each option is
selected. If a generated text output contains no
valid option, we consider it to contribute a frac-
tional count to all options equally since it does not
provide any additional information. It is mainly
for the distributional characteristics and will not
change the answer selected if using majority vote.

4 Robustness of LLM Values

Human responses to a questionnaire are subject
to the change in survey design, such as question
framing or order of the questions (Tjuatja et al.,
2024). Despite that these survey designs may also
affect LLMs, it is expected that the LLMs’ an-
swers should not have drastic differences for non-
semantic changes on one value question. Other-
wise, the representation of LLM values may not
be seen as reliable and makes it hard to reach any
meaningful conclusion by interpreting them. It
also raises the question of whether the model truly
understands the question and answer based on its
inner “belief”, which is not addressed by simply
using more prompts.

Ideally, when the same question is asked in dif-
ferent ways, the model’s answer should be con-
sistent with itself. In addition, the models’ score
distribution over each option should also remain
stable if distributional alignment is considered, for
example, using LLM to represent certain demo-
graphics (Sorensen et al., 2024). In this section, we
explain the different kinds of perturbation applied
to the input and how we evaluate the robustness of
the value representations obtained from different
scoring methods.



4.1 Input Format Perturbation

LLMs are widely reported to be sensitive to the way
input is formatted (Alzahrani et al., 2024; Wang
et al., 2024b). We select a few types of input pertur-
bations and study if any scoring method produces
value representations more robust than the others
under these perturbations.

Prompt Styles. Methods based on the probability
of options face the issue that LLMs do not always
follow the format requirement and generate the re-
quired answer immediately. Instruction-finetuned
models sometimes respond with a whole sentence
or refuse to answer sensitive questions altogether,
which all can affect the value representations ob-
tained (Wang et al., 2024b).

Therefore, we select different prompt styles in
order to elicit different behaviors from LLMs, the
exact prompt can be found in Table 4. The de-
fault prompt is the most commonly practiced way
of probing LLMs, with only a general instruc-
tion, question, and options. The prefixed prompt
prepends an affirmative starter such as "Certainly!
I'would select option " to LLM’s response. It pro-
motes direct generation of the label by converting
the task into text completion using an option label.
We also use a one-shot prompt, which provides
an example question and its answer as context for
appropriate response formatting. The example is
trivial and unrelated to values, to prevent introduc-
ing value bias.

We are interested in values obtained with reason-
ably well-formatted inputs as used in real-world
usage. Therefore, we do not examine perturbations
that lead to invalid questions, such as typos or word
swaps used in other works (Wang et al., 2024a).

Selection Bias. Selection bias in LLM refers to
the phenomenon in which LLM prefers options as-
sociated with certain symbols or ordering positions.
We examine position bias and token bias separately
following Zheng et al. (2023). For position bias,
we reverse the order of the options labels associated
with the option text, so “Very important” is now
associated with “D” instead of “A”. For token bias,
we replace the options labels with other reasonable
sets, such as 0/1/2/3. For each perturbation on op-
tions, we take the average over all prompt styles to
isolate its effect.

4.2 Robustness Metrics

Value questions are subjective and do not have a
correct answer. Therefore, metrics on MMLU such

as accuracy and standard deviation of recalls do
not apply to our case (Wang et al., 2024a). We
use mismatch rate and Jensen-Shannon distance
to measure how much LLMSs’ output distributions
shift, and study whether value representations from
different scoring methods are robust.

Mismatch Rate. The mismatch rate checks
whether the final answer stays the same between
two runs. The final answer is the option with the
highest probability assigned in the value representa-
tion, which is equivalent to taking the majority vote
in the text generation method. A higher mismatch
rate indicates that the final answers disagree with
each other more often when the input is modified.

Jensen-Shannon Divergence. Metrics based on
the selected answer do not fully capture the change
in the underlying distribution, for example, two
distributions with probability [0.1, 0.9] and [0.4,
0.6] give the same final answer. Therefore, we use
JS divergence to measure the distance between the
value representations obtained with different setups.
It captures the shift in distribution even if the final
answer remains the same.

S Expressiveness of LLM Values

Even though there is no “correct” way to get the
value representation, what makes us believe that a
value representation from probing is actually some-
thing meaningful and worth the effort? As an ex-
treme example, consider a scoring schema that al-
ways assigns equal probability to all the options
regardless of what the question is and how it is
being asked. Although it would be the most ro-
bust value representation of an LLM (since it never
changes), it would also be meaningless. We use
this example to emphasize the importance of hav-
ing ways to measure how much information each
value representation conveys. This is especially the
case when we have multiple representations from
different scoring methods.

We investigate the expressiveness of LLM values
from two different perspectives. Considering the
upstream input, a value representation is expressive
if it changes responsively to different demographic
contexts that are value-relevant, as described in
§ 5.1. For the downstream implication, we con-
sider a value representation to be expressive if it
correlates with the model’s action ratings in value-
related scenarios discussed in § 5.2.



5.1 Demographic Prompting

Research in social science has shown that different
cultures have different characteristics in various
dimensions (Haerpfer et al., 2022). When provided
with a demographic context for different cultures,
the value representation is expected to show an
improved alignment with that demographic group.
Therefore, we add personas that contain country in-
formation in addition to the questions and options,
which we refer to as demographic prompts. We
query LLMs both with and without demographic
prompting, then compute their alignment with hu-
man values of a certain country. We select a list of
countries from different culture groups on the Ingle-
hart - Welzel’s Cultural Map (Inglehart, 2005) that
are included in the World Values Survey, namely
the USA, Germany, Czech, China, Mexico, and
Egypt.

Although there is a discussion of how effective
in-context prompting is (Mukherjee et al., 2024),
it is still the most prevalent way to condition LLM
with demographic information or persona, and also
similar to the end-user experience. Thus, we con-
sider it to be a reasonable way of providing demo-
graphic information. To isolate the effect of input
variances and demographic information, we take
the average over all different prompt styles and se-
lection bias variations. Therefore, each question
is queried 3 * 3 * 6 times for all input formats and
countries.

Metrics. We calculate the value alignment be-
tween models’ value representation with the hu-
man survey results using the Earth Mover’s Dis-
tance (EMD) following Santurkar et al. (2023). The
details of the calculation can be found in the Ap-
pendix A.1. We then calculate the improvement
in alignment by subtracting the EMD using demo-
graphic prompting from the EMD using generic
prompts. We use it to examine how closer each
probed value representation gets to the human dis-
tribution after providing the demographic prompt.
The larger the improvement in alignment, the more
expressive the value representation is, as it can be
effectively steered by value-relevant context.

5.2 Value Action Agreement

Knowing a model’s values is interesting in itself,
but it is important because people also expect it
to provide some insights into how the model may
behave. Thus, expressive value representations
should be a good indicator of the models’ action rat-
ing in value-related situations. For example, given

a scenario such as “Having a time conflict between
an important meeting or children’s graduation cere-
mony”, a person who holds the value that “family
is very important” may choose to reschedule the
meeting and attend the ceremony.

We create a dataset specifically for measuring
the correlations between model values and action
ratings. It consists of scenarios corresponding to a
value question, where each scenario is also paired
with actions based on different values as the ex-
ample in Table 1. We then query all the models
for their rating on different actions and check if
it correlates with the model value representations.
We describe how we create the dataset and use it to
assess the value action agreement below.

Element
Question
Scenario

Example

Indicate how important family is in your life.
PersonX’s spouse suggests moving their elderly par-
ents into their home to better care for them.
PersonX agrees and starts preparing a room for their
in-laws.

PersonX suggests finding a nearby assisted living
facility for the in-laws instead.

Action A

Action B

Table 1: Example of value-related scenario and actions

Generating Scenes. The task involves generat-
ing a set of realistic and specific scenarios that
illustrate how individuals might act differently in
everyday situations based on their value orienta-
tions. We generate that by prompting GPT-4-turbo
with task instructions and few-shot examples writ-
ten manually, the exact prompt can be found in
Table 5.

The generated scene demonstrate the influence
of values on actions without explicitly stating the
values or presenting explicit options. For each
value orientation question provided, we generate
ten unique scenarios that involve a hypothetical
character. We then generate actions for two oppos-
ing value orientations for the hypothetical scenario.

Self-critic Data Filtering. We use GPT-4 to ver-
ify the correctness of the scenarios and actions
generated by answering the following questions:
(Q1) if the situation is realistic and likely to lead
to different actions; (Q2) if the value orientation
question is relevant and capable of influencing be-
havior in the given situation; (Q3) if the generated
actions are reasonable and imply the corresponding
value orientation. We only keep the samples where
the answer is yes to all the questions. This process
ensures that the scenarios and actions generated
are plausible, relevant, and accurately reflect the
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Figure 2: Effect of prompt styles to the value representation obtained with different methods. Measured by
Mismatch(]) on majority answer and JS distance (J.) on answer distribution.

influence of value orientations on behavior.

Measuring Agreement. For each scenario, we
ask the model to rate each action separately based
on how much the model agrees with or favors the
action. We then aggregate the probability weight
of the value representation into two bins that rep-
resent the options at the two ends. The probability
weight is paired with the score for the correspond-
ing action, for example ActionA can have a 0.7
total probability weight while receiving an action
score of 8.

We calculate Pearson’s correlation and Spear-
man’s correlation between the value probability
weight and the action score received. A high cor-
relation means that the value representation is ex-
pressive for being a good indicator of how model
perceive actions in value-related scenarios. Similar
to the previous experiments, we take the average
over prompt variants and selection bias variations
to reduce the effect of input formats on value rep-
resentations.

6 Experimental Setup

Dataset. We use the seventh wave of the World
Values Survey (Haerpfer et al., 2022), which asks
more than 129K human respondents from a wide
range of demographic groups for their values. It
consists of multiple choice (MC) questions that
cover 13 subjective topic areas, such as social and
religious values. We select a subset of 206 ques-
tions by filtering out those that are not indepen-

dent of other questions or that are customized with
respondent-specific demographic information. The
topic area distribution of our selected questions can
be found in Table 3 in the Appendix.

Models and Settings. We evaluate value repre-
sentations obtained from different methods on a va-
riety of model families, with a focus on instruction-
finetuned models. The specific version of models
used can be found in § A.2

For instruction-finetuned models, we use the
chat template of the corresponding tokenizer to
combine the system prompt, user query, and op-
tional response prefix. We concatenate all the input
components for the text-completion models. To ob-
tain the probability distribution for text, all the text
generation are sampled 10 times with a temperature
of 1.0 in our experiments.

7 Results and Lessons Learned

7.1 Value Representation Robustness

We examine how different scoring methods react to
input perturbations that do not change the semantic
meaning of the input questions, where the models
are expected to exhibit mostly consistent values.
Note that the mismatch rate measures the change
in the final answer, while the JS distance measures
the change of the underlying distribution.

Prompt style can drastically change the LLM
values. We prompt all models with a set of tem-
plates that format the questions differently. We
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Figure 3: Effect of selection bias variations to the values representation obtained with different methods. Measured
by Mismatch(]) on majority answer and JS distance (|.) on answer distribution.

compare the output distribution from different tem-
plates pairwise and then take the average over all
pairs. The results are shown in Figure 2.

Among all scoring methods, the values represen-
tation from the sequence perplexity method change
the least on average, with a lower mismatch rate
on Bloomz, Falcon, Mistral, and uniformly lower
JS distances across all models. We also see that
neither the text generation method nor the token
method produces a value representation consis-
tently more robust than the other, despite some
previous work suggesting that text generation tends
to be more robust (Wang et al., 2024a). Most of the
text-completion models has larger mismatch rate
than their instruction version, while having lower
JS distances. It indicates that the probability for
each option from the text-completion model was
closer, such that small changes in the distribution
flipped the selected option.

With considerably high mismatch rates for all
scoring methods, value representations taken from
mid-size models are not all that robust and should
be used with caution even with multiple prompts.
We do see value representations from larger models
being more robust regardless of the scoring method
being used. However, it is still necessary to con-
sider multiple prompts for more reliable results.

Considering selection bias is not optional for
value probing. We further investigate how robust
each scoring method is on selection bias, namely
the order and labels of the options. To isolate the
effect of prompt styles and selection bias, we aver-

age the distributions P, (v, t) from each prompt ¢
to obtain the value representations P, (v) for the
option variations v and the model m. The results
are shown in Figure 3.

Even with the common practice of using multi-
ple templates, selection bias is still significant in
value representations, with the same trend of be-
ing more robust in larger models. Among scoring
methods, the sequence likelihood is the most sta-
ble against selection bias. Also, the text method is
more robust to selection bias than the token method
on the Llama and Qwen family.

We also find that robustness metrics on prompts
strongly correlate with the metrics on selection bias
for all methods, the detailed number can be found
in Table 2. This suggests that a model weak on
selection bias also tends to change its output for
different prompt templates. Therefore, it is almost
always necessary to consider both when studying
LLM on multiple choice questions.

Evaluation with the wrong token can lead to
very different results. Depending on the input
format and model, some models such as Bloomz
distribute more weight on tokens with a leading
space like “ A”, which is a different token in an
LLM tokenizer. In those cases, it is simply ques-
tionable to evaluate with token "A" in the token and
sequence method, while making no difference for
text method. It can result in over 0.5 mismatch rate
just between the two sets of tokens. In all of our
previous experiments, we considered both tokens
with and without space.
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. Token
B Seq
N Text

0.25

0.20

0.15

-0.05

Alignment improvement in EMD
o o o
o o -
o o1 o

57633‘\562

8- 8-\ B\
e et 5N 3170 2577-

19 TS
owe“z 53 332 B\ooml \=a\°°“ N\\S“a\QWe 2. e

Figure 5: Alignment Improvement with demographic
prompting

Text generation method is less steerable com-
pared to other methods.  Although the steerabil-
ity of models inevitably entangles with its perfor-
mance fluctuation on different inputs (Mukherjee
et al., 2024), we try to mitigate the effect of noise
by averaging over all combinations of prompt tem-
plates ¢ and selection bias variations v and coun-
tries. The results are shown in Figure 5.

With the only exception of text on Llama3.2-3B,
the different value representations on the models all
improve by simply adding the demographic prompt.
This indicates that the value representations ob-
tained by all three scoring methods are steerable
with in-context input. For the majority of models,
the token logits method sees the largest improve-
ment in alignment. However, for Falcon, Mistral,
and some larger models such as Llama3.1-70B,
the representation of the text does not change as
much. Despite the demographic prompting change
model’s underlying behavior, it is not faithfully
captured in the generated text. Compared with Fig-
ure 3, it can also be seen that steerability is not
necessarily proportional to the sensitivity on input
noise.

Value representations only weakly correlate
with action preferences. We verify whether
models’ value representation implies how they eval-
uate value-based actions under different scenarios.
From Figure 4, we can see that the value represen-
tations is not a reliable indicator of models’ action
ratings for smaller models or models with poor
instruction-following capability, where it either has
no significant correlation (p>0.05) or negatively
correlation.

We see text methods give more information on
model’s action rating for some models, for example
Qwen-7/14B with a Pearson correlation coefficient
around 0.4, but it is not consistent across all mod-
els. It is worth noting that the correlation between
values and action rating is weak (0.1-0.3) in most
cases, suggesting that the value representation may
offer less insight into the models’ behavior than
expected.

8 Conclusion

In this paper, we examined the robustness and ex-
pressiveness of LLLM value representations across
token logits, sequence perplexity, and text genera-
tion methods.

Our results show that LLMs’ value representa-
tions are sensitive to input formatting and selection
bias, with larger models demonstrating greater sta-
bility. The sequence perplexity method tends to be
the most robust to input perturbations.

The value representation can be steered by pro-
viding cultural contexts for improved alignment,
but that is captured well by the text generation
method. Additionally, the weak correlation be-
tween the probed values and the value-based ac-
tions indicates that current value probing methods
provide limited insight into the actual behavior of
the model.



9 Limitations

Although we use different prompting styles to study
the variance of value probing, it is not exhaustive,
and the experiment results may vary depending on
the exact prompt being used. The method based
on token or sequence probability may not directly
apply to closed-source models like ChatGPT which
do not provide full token probability, so we are not
able to compare them with the open models.

The action preferences dataset is synthesized
with GPT-4-turbo. It may carry inherit bias from
the model and not all examples are examined by
the authors.

While we have included multi-lingual models,
our experiments are done in English. Therefore,
it has yet to be studied how the values of LLMs
change when using different languages.

10 Ethics Statement

The WVS dataset that we use is anonymized, and
no individual identity of the respondent can be in-
ferred from the survey results. We follow the non-
redistribution data use license of the WVS dataset.
This publication was written with the assistance of
Al assistants for correcting grammar errors.
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A Appendix

Metric Method Correlation p_value
mismatch | option_probs 0.899 | 2.951e—5
mismatch | seq_probs 0.645 0.017
mismatch | text_probs 0.933 | 3.372e—6
js_distance | option_probs 0.526 0.065
js_distance | seq_probs 0.893 | 4.021e—5
js_distance | text_probs 0.885 | 5.732e—5

Table 2: Correlation of metrics between prompt variations and selection bias variations.

Topic Area #
Social Values, Attitudes & Stereotypes 24
Happiness & Well-being 10
Social Cap, Trust & Org Membership 45
Economic Values 5
Corruption 9
Migration 10
Security 13
Postmaterialist Index 0
Science & Technology 6
Religious Values 7
Ethical Values & Norms 22
Political Interest & Participation 36
Political Culture & Regimes 19
Total 206

Table 3: Topic-level breakdown for our selected subset of the WVS questionaire.

>

A.1 Alignment Metric

The value representation of an LLM for a question is defined by its probability distribution over the answer
choice options p(0). To compute the value representation of a real human population (such as survey
respondents from a particular country), we count the number of respondents selecting each option and
divide these counts by the total number of respondents. This defines the true human response distribution
q(0). To compare how similar the LLM’s probed value representation is to that of the human survey
results, we compute an alignment score:

EMD (p, g)

ap,q) =1—- ——
( ) ]\'foptions_1

where Nopiions is the number of answer choices. EMD(-) is the Earth Mover’s Distance, which describes
the minimum “cost” of distributing probability mass to make p equal to g. We set the cost weight between
answer choices i, j to be abs (i — j), similarly to Santurkar et al. (2023). The alignment score is bounded
between 0 and 1, where 0 means the distributions are completely dissimilar and 1 means they are identical.

A.2 Model Details

That includes Bloomz-7B (Muennighoff et al., 2023), Falcon-7B (Almazrouei et al., 2023),
Mistral-v0.3-7B (Jiang et al., 2023), and family of models with different sizes including
Llama-3.1-8/70B, Llama-3.2-3B (Dubey et al., 2024), and Qwen2.5-3/7/14/72B. We also
test a selected set of text-completion models of Mistral, Llama, and Qwen.
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Prompt Style ID Content

Instruction: Please carefully read the multiple-choice question below and
select one of the listed options that best matches your beliefs. Respond
with the letter corresponding to your selected answer option.

Question: [question]

Options: [options]

Answer:

Instruction: Please carefully read the multiple-choice question below and
select one of the listed options that best matches your beliefs. Respond
with the letter corresponding to your selected answer option.
Question: [question]
Options: [options]
Answer: Certainly! I would select option
Instruction: Please carefully read the multiple-choice questions below
and select one of the listed options that best matches your beliefs.
Respond with the letter corresponding to your selected answer option.
Question: Which animal lives in the water?
Options:
A.Dog
3 B. Cat

C. Bird

D. Fish

Answer: D. Fish

Question: [question]

Options: [options]

Answer:

Table 4: The prompt styles used to probe each LLM. Style 1 is default, style 2 uses an affirmative prefix to the LLM
response, and style 3 uses a one-shot example of the response structure.
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Task

Prompt

Scene Generation

Your job is to think creatively and come up with a story of everyday
situations where people may act drastically differently because they have
different values on a certain value orientation question. You also need to
describe the diverse actions that the person would take in the situation
based on their answer to the question.

The situation should be specific and realistic. The situation should not
mention the value orientation question or present options to choose from.
The situation should introduce one or more people where the main
character is a hypothetical person named PersonX. Each situation should
be unique and not be similar to the previous situations. Keep each
situation between 10 to 30 words.

The actions are a natural continuation of the situation, and focus on what
the person would do in the situation without giving an explanation. Each
action should imply the corresponding answer to the value orientation
question. All the actions should be appropriate and ethical given the
situation. Keep each action between 10 to 20 words.

You need to come up with 10 situations and 20 actions for a given value
orientation question. Both situations and actions should be grammatically
correct and well-written without using clauses.

You will be given a value orientation question where two people answer
differently, in the following format: a value orientation question Person
A: answerA Person B: answerB

You use the following format in your output:

Situation, :

ActionA; :

ActionB; :

<Fewshot Examples>

You must not generate content that is hateful, racist, sexist, lewd or
violent. Follow the output format and do not generate extra things.

Verification

Your job is to verify the correctness of samples generated by the
Language Models.

You will be given a value orientation question, and a story of everyday
situations where two people act differently, in the following format:

a value orientation question Person A: answerA Person B: answerB
Value: value

Situation: situation

ActionA: actionA

ActionB: actionB

Your task to answer the following question by Yes or No:

Q1. Is the situation realistic and will lead to different actions?

Q2. Is the value orientation question relevant and will change how people
behave in the given situation?

Q3. Is the actions of Person A reasonable and imply their answer to the
value orientation question?

Q4. Is the actions of Person B reasonable and imply their answer to the
value orientation question?

You use the following JSON format in your output:

Ql:,

Q2:,

Q3:,

Q4:,

Follow the output format and do not generate extra things.

Table 5: Prompts with actiori ggreement dataset generation
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