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Motivation
LLM training data is dominated by English-language and Western
sources [1, 2]. Prior work documents systematic alignment with WEIRD
(Western, Educated, Industrialized, Rich, and Democratic) cultural val-
ues [3–5]. When deployed across diverse user bases, this skew can mis-
represent users’ own cultural frames and result in low-quality or inap-
propriate responses.

The dominant approach to test an LLM’s values prompts models with
human-designed questionnaires and inspects the generated text [5–7].
This black-box approach reveals what the model says when asked, but
not what its internal representations encode. The internally encoded
information and potential biases, however, influence the model’s down-
stream generations. Hence, several approaches to measure such biases
in embeddings have been proposed, including the POLAR framework [8]
based on semantic differentials [9]. A semantic differential spans a scale
between two opposite poles (e.g. important↔unimportant); a concept is
placed on the scale by its association with either extreme. The POLAR
framework [8] implements this in embedding space: a dimension repre-
sents the difference p⃗+ − p⃗− between pole embeddings. Projecting any
concept onto this dimension yields its association score with the poles.

However, adapting POLAR to instruction-tuned decoder-only LLMs
faces two obstacles: (i) model-specific hidden-state geometries that dis-
tort raw projection scores [10] and (ii) score distributions that are not di-
rectly comparable across architectures.

Contribution
We present a white-box method that (i) extends POLAR to decoder-only
LLMs, (ii) aggregates multiple antonym pairs per dimension to suppress
single-word noise, and (iii) produces cross-model comparable scores via
rank-based rescaling against a model-specific noise baseline. Using our
algorithm, we evaluate six instruction-tuned LLMs from four countries
based on 87 concepts rated on 16 dimensions. Both the concepts and
the scales/dimensions are based on the World Values Survey [11], cov-
ering social values, economic systems, institutions, religion, politics, and
ethics.
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Figure 1: POLAR transformation: health projected into a 2D POLAR space defined by the two
semantic differentials Goodness and Importance. (a) Each dimension runs from the negative
to the positive pole (average overm=10 antonym pairs); (b) health in the POLAR basis; (c) 2D
POLAR coordinates give interpretable association scores.

Method: a four-stage white-box pipeline
The pipeline maps any concept c to a vector of interpretable, cross-
model comparable Likert scores.

1. Span thePOLAR space. POLAR dimensions are bipolar semantic differ-
entials, e.g. Importance runs from unimportant to important. We define
each pole as a cloud ofm=10 synonyms (important, major, significant, . . .
vs. unimportant, minor, insignificant, . . . ); the vector representation d⃗j for
dimension j then becomes the average of their pairwise differences, sup-
pressing single-word noise:
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m

m∑
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p⃗
(j)
1,i − p⃗

(j)
2,i

)
. (1)

2. Embed in context. Poles: each synonym is embedded word-finally in
a GPT-4o-mini-generated sentence (e.g. “The outcome was of great im-
portance.”). Concepts: embedded in a neutral questionnaire template

(“In everyday life, I assess family as:”), avoiding bias toward any partic-
ular pole. Both use the mean over all transformer layers rather than the
final hidden state [12].

3. Project into the POLAR space. Stacking the n = 16 dimension vec-
tors into A = [d⃗1, . . . , d⃗n]

⊤, each concept embedding x⃗c is expressed in
POLAR coordinates via

p⃗c = (A⊤)−1 x⃗c, (2)

yielding one raw association score per scale/dimension.

4. Anchor and rescale. The same pipeline is run for 250 random WordNet
nouns as concepts, producing a model-specific reference distribution per
dimension. Every concept’s raw score x is replaced by its rank within that
distribution and min–max rescaled to a 1–5 Likert scale:

x′ = 1 +
(x−min(x)) · 4
max(x)−min(x)

. (3)

Ranking removes the model-specific scale and skew of raw POLAR
scores, making Likert values comparable across architectures.
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Meta-Llama-3.1-8B-Instruct
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Figure 2: Distribution of Importance scores for the WordNet baseline before rescaling (raw PO-
LAR), after ranking against the baseline and Likert rescaling, and after dropping the normal-
ization concepts. The procedure recovers a uniform 1–5 distribution supporting cross-model
comparison.

Why anchor against noise?
Pole-anchored Likert scales are unstable: a new concept lying beyond
the chosen anchor invalidates the scale and shifts every prior reading.
Our approach mitigates this by sampling random nouns as anchors.
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Figure 3: Pole-anchored Likert rescaling is unstable under unknown outliers. From top: three
concepts on the Goodness dimension; rescaled with violence and charity as anchors; introduc-
ing murder invalidates the scale; re-anchoring withmurder shifts all other positions.

Evaluated models
We evaluate six instruction-tuned, open-weight LLMs from four coun-
tries:

Model Origin Size

Llama-3.1-8B-Instruct [13] USA 8 B
Gemma-2-9b-it [14] USA 9 B
Mistral-7B-Instruct-v0.3 [15] FR 7 B
Qwen2.5-7B-Instruct [16] CN 7.6 B
DeepSeek-V2-Lite-Chat [17] CN 15.7 B (MoE)
Jais-family-6p7b-chat [18] UAE 7.1 B

We highlight a sample of results in the areas of social values, business
values, and economic values.
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In everyday life, I assess [concept] as:
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Figure 4: A selection of social-values concepts measured on Importance, Interest, Favorability,
and Satisfaction.

Most models score work as more important but less interesting than
leisure time, with Llama, Qwen and DeepSeek showing the largest gap;
only Gemma and Mistral score leisure time higher on Importance. Fam-
ily ranks above friends in Importance for all models except Llama, which
places family noticeably toward the unimportant pole. On Satisfaction,
all models except Gemma and Jais favor friends over family.
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Regarding the economy, I assess [concept] as:
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Figure 5: A selection of business-related concepts measured on Importance, Favorability, Free-
dom, and Risk.

All models place economic growth at the maximum of Importance, fol-
lowed by environmental protection and taxes. Fair wages sits near the
middle of Importance despite being the most favorable concept for all
models except Mistral; the discrepancy is partly a lexical artifact of “fair”
overlapping the favorable pole, just as “protection” does in environmen-
tal protection. All models associate taxeswith risk; only DeepSeek places
taxes on the free side of Freedom.
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Figure 6: A selection of concepts related to ownership and socio-economic systems, measured
on Importance, Favorability, Freedom, and Risk.

All models scoreprivateownership as moderately important but govern-
ment ownership as very important; Mistral places both near neutral, and
Gemma shows a smaller gap. The high scores for government owner-
ship should be treated with caution: the word “government” most likely
pushes the concept toward the important pole. On Favorability and Risk,
all models except Jais place both ownership concepts toward the favor-
able and safe poles. On Freedom, every model associates private own-
ershipmore with freedom than government ownership.

Limitations and Future Work
Some architectures (Gemma, Mistral) compress the score range by clus-
tering context-similar concepts. Absolute scores are not interpretable
across models; only relative comparisons within a model carry mean-
ing. Some scores reflect lexical overlap between concept and pole words
rather than cultural association (e.g. fair wages, environmental protec-
tion). The method does not validate against the models’ generated out-
puts. Future work combining our approach with prompt-based evalua-
tion using our questionnair would address this gap.

Conclusions
The case studies recover consistent, interpretable patterns of cultural
association and expose where training data and architecture shape
model values; the socioeconomic results are broadly consistent with a
WEIRD (Western, Educated, Industrialized, Rich, and Democratic) cul-
tural frame. Embedding-space measurement complements prompt-
based methods and offers a foundation for identifying and mitigating
cultural bias in globally deployed LLMs.
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