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Abstract

Identical linguistic expressions can convey dif-
ferent sentiments across cultural contexts. Yet,
current multilingual models often reduce lan-
guage to mere symbolic representation, neglect-
ing the cultural pragmatics that fundamentally
shape affective semantics in Sentiment Analy-
sis (SA). Due to this oversight, the systematic
performance degradation of Small Multilingual
Language Models (SMLMs) on culturally dis-
tant targets is frequently attributed to resource
constraints. This perspective obscures the piv-
otal role of cultural pragmatics, an intrinsic
determinant of affective semantics, and thereby
conceals cultural misalignment as the principal
structural bottleneck. In this paper, we conduct
a comprehensive empirical study to quantify
the influence of culture on cross-lingual senti-
ment transfer across 7 common SMLMs and
5 linguistically diverse languages. By fitting a
Linear Mixed-Effects Model (LMEM) (Baayen
et al., 2008) on over 400 experimental runs,
we disentangle cultural factors from confound-
ing variables. Our results reveal that Cultural
Distance is a significant, independent, nega-
tive predictor of transfer performance. Further-
more, representation probing and qualitative
error analysis uncover a pragmatic alignment
paradox: while SMLMs encode cultural dis-
tinctions, they fail to map these representations
to downstream sentiment labels in high-context
cultures (Hall, 1976). Ultimately, our work
enhances the interpretability of cross-lingual
transfer failures by statistically isolating cul-
tural misalignment as a structural barrier, dis-
tinct from the resource constraints typically
blamed for poor performance.

1 Introduction

The proliferation of SMLMs has revolutionized
cross-lingual transfer, achieving remarkable suc-
cess on benchmarks like XTREME (Hu et al.,
2020), XGLUE (Liang et al., 2020), and Glot500
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(ImaniGooghari et al., 2023). However, this suc-
cess is not consistent across all languages or dif-
ferent cultural contexts. Empirical evidence sug-
gests a systematic performance degradation when
transferring from English to East Asian languages
compared to Western European targets. This per-
sistent asymmetry suggests that despite shared pre-
training, current models struggle to bridge the gap
between distinctly distant language groups. This
evidence indicates that the multilingual landscape
remains heavily skewed (Lauscher et al., 2020; Wu
and Dredze, 2020), a disparity persisting even in
modern architectures (Li et al., 2024).

Identifying the causes of this disparity remains a
critical challenge. Prevailing explanations typically
attribute transfer barriers to physical resource con-
straints (Wu and Dredze, 2020), surface-level repre-
sentational mismatches (Muller et al., 2021; Wang
et al., 2019), or deep structural divergences (Pires
et al., 2019; Ahmad et al., 2019). While approaches
relying on typological distances (Lin et al., 2019)
or pragmatic proxies (Sun et al., 2021) attempt to
mitigate these gaps, they overlook the social factors
that are intrinsic to language use (Hovy and Yang,
2021). In particular, the distinct role of culture in
tasks like SA remains underexplored (Hershcovich
et al., 2022). Although sociolinguistic theories pro-
vide theoretical grounding (Hofstede, 2001; Hall,
1976), their quantitative impact on neural networks
remains effectively entangled with the aforemen-
tioned linguistic and physical confounds.

In this work, we empirically evaluate the hy-
pothesis that culture constitutes a distinct structural
bottleneck for SMLMs, independent of linguistic
and resource factors.

To scientifically quantify this effect, we con-
ducted a large-scale evaluation across 7 common
SMLMs (mBERT (Devlin et al., 2019), XLM-R
(base and large) (Conneau et al., 2020), mT5 (Xue
et al., 2021), mBART (Tang et al., 2020), Bloomz
(Muennighoff et al., 2022) and Gemma-3-270M

30936



(Team et al., 2025)). Transcending observational
correlations, we employ LMEM (Baayen et al.,
2008) to perform rigorous statistical attribution.
By constructing a hierarchical feature set that con-
tains the physical-environmental (Geographic Dis-
tance, Resource Scale), the symbolic surface (Or-
thographic Distance (Littell et al., 2017), OOV
Rate) and the linguistic kernel (Syntactic Distance
(Littell et al., 2017), Emotion Distance (Sun et al.,
2021)) layers, we statistically isolate the indepen-
dent impact of culture. Our analysis reveals that
Cultural Distance remains a robust, negative pre-
dictor of transfer performance even after strictly
controlling for confounding factors. Moreover, the
persistent performance gap between Western and
Eastern targets is not merely an artifact of resource
scarcity or syntactic divergence, but stems from a
structural failure to align high-context pragmatic
representations. Our observations can be summa-
rized as follows:

First, utilizing LMEM, we statistically disentan-
gle Cultural Distance from linguistic confounds,
identifying it as a significant, negative bottleneck
for transfer performance. Second, our representa-
tion probing reveals a pragmatic alignment para-
dox: while models successfully encode cultural dis-
tinctions, they fail to align these disjoint subspaces
for downstream inference. Third, these findings
underscore that for pragmatically charged tasks,
prioritizing cultural homophily is as critical as lin-
guistic similarity in source language selection.

2 Related Work

2.1 Linguistic and Resource Adaptation
Mechanisms

Recent research on adapting SMLMs to low-
resource languages has largely targeted physi-
cal and surface barriers. Strategies range from
data augmentation (MulDA (Liu et al., 2021)) to
vocabulary-centric methods like dictionary transfer
(Sakajo et al., 2025) and trans-tokenization (Remy
et al., 2024), aiming to mitigate corpus scarcity.
In the realm of parameter efficiency, the field has
shifted toward modular approaches rooted in LoRA
(Hu et al., 2022). While these adapters prove ef-
fective in multilingual summarization (Whitehouse
et al., 2024) and translation (Sel and Hanbay, 2024),
recent studies highlight their limitations in han-
dling unseen languages (Schlenker et al., 2025)
and bridging few-shot gaps via contrastive learning
(Borchert et al., 2025). Crucially, while these mech-

anisms enhance structural adaptation (syntax and
lexicon), they operate primarily on explicit linguis-
tic forms, often neglecting the implicit pragmatic
shifts induced by cultural misalignment.

2.2 Semantic Alignment in Sentiment
Analysis

Beyond surface translation, cross-lingual SA has
evolved from traditional contrastive alignment (Lin
et al., 2023) to generative and structural model-
ing. Recent approaches employ data augmentation
based on large language models (LLMs) (Šmíd
et al., 2025) or incorporate richer contexts via hy-
brid relational graphs (Ji et al., 2025) and multi-
scale optimization (Wu et al., 2025). However,
these techniques largely target explicit semantic
equivalence. Comprehensive evaluations indicate
that while models capture literal sentiment well
(Zhang et al., 2024), they fail to decode high-
context nuances such as indirectness or politeness
strategies where sentiment polarity is culturally
conditional rather than lexically defined.

2.3 Computational Modeling of Culture
The integration of culture into natural language
processing (NLP) has shifted from passive predic-
tion to active simulation, grounded in emerging
sociocultural frameworks (Zhou et al., 2025). Em-
pirically, research now spans data optimization for
cultural representativeness (Yao et al., 2025), evo-
lutionary simulation via LLMs agents (Perez et al.,
2024; Vallinder and Hughes, 2024), and the quan-
tification of Western bias through benchmarks like
CultureLLM (Li et al., 2024).

However, a critical methodological gap persists:
rigorous statistical disentanglement. Most prior
works are either observational (probing bias) or
generative (simulating dynamics). Few have rig-
orously disentangled the performance degradation
strictly attributable to Cultural Distance from en-
tangled linguistic or resource confounds. Our work
fills this gap by employing LMEM to statistically
isolate the independent impact of cultural misalign-
ment in downstream tasks.

3 Method

In this work, we propose a statistical framework
to quantify the impact of cultural misalignment
on cross-lingual transfer. We first operationalize
cultural and linguistic distances into computable
metrics, and then introduce a LMEM to disentan-
gle the independent contribution of culture from
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Step 3: Statistical & Mechanistic Inference

Source: EN

7 SMLMs

(Fine-tuned)

Western Group

Target: FR, DE

Eastern Group

Target: ZH, JA

Few-shot Transfer

K ∈ {0, 5, 20, 100, 500}
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Physical layer
(𝐷𝑔𝑒𝑜, 𝑋𝑠ℎ𝑜𝑡)

Surface Layer
(𝐷𝑜𝑟𝑡ℎ, 𝑅𝑜𝑜𝑣)

Kernel Layer
(𝐷𝑠𝑦𝑛 , 𝐷𝑒𝑚𝑜)

Target Variable: Culture

(Hofstede Distance 𝐷𝑐𝑢𝑙𝑡,
Hypothesis: Negative Effect)

LMEM Analysis

Input: 𝐹1 ~ Culture + Controls + (1|Model)

Goal: Estimate 𝛽𝑐𝑢𝑙𝑡 < 0 and P < 0.05

Step 1: Cross-Lingual Transfer

Step 2: Hierarchical Features

Mechanism: Pragmatic Alignment Paradox

Alignment Failure

Western 

Subspace

Eastern 

Subspace

Identified Failure Type

Concessive Buffering(    , but    )("But" missed)    

Politeness Masking(all        , actually    )

Semantic Inversion(all     highly, actually   )

Figure 1: Overview of our experimental and analytical framework. (Step 1) We evaluate zero-shot and few-shot
transfer performance. (Step 2) We construct hierarchical feature sets. (Step 3) These are integrated into a LMEM to
identify cultural effects and analyze the mechanism underlying the pragmatic alignment paradox.

confounding factors. The overall architecture of
our proposed framework is illustrated in Figure 1.

3.1 Quantifying Cultural Distance
To quantify the cultural divergence between the
source language (LS) and the target language (LT ),
we adopt Hofstede’s Cultural Dimensions Theory1

(Hofstede, 2001). This framework characterizes
culture through six dimensions: Power Distance
(PDI), Individualism (IDV), Masculinity (MAS),
Uncertainty Avoidance (UAI), Long Term Orienta-
tion (LTO), and Indulgence (IVR).

We map each language to its representative na-
tion (e.g., English → UK, Chinese → China) to
retrieve the corresponding dimensional scores. Let
vector vL ∈ R6 represent the normalized cul-
tural profile of language L. The Cultural Distance
(Dcult) is calculated as the Euclidean distance be-
tween the source and target vectors:

Dcult(LS , LT ) =

√√√√
6∑

k=1

(vS,k − vT,k)2 (1)

where vS,k and vT,k denote the score of the k-
th dimension for the source and target languages,
respectively. Table 1 presents the cultural profiles
for the languages studied in this work.

3.2 Hierarchical Control Features
To isolate the independent impact of culture and
mitigate confounding effects from correlated lin-
guistic and physical factors, we construct a hierar-

1Details of Hofstede’s Cultural Dimensions and method of
language-to-country mapping are provided in §A.

Language PDI IDV MAS UAI LTO IVR
English (EN) 35 89 66 35 51 69
German (DE) 35 67 66 65 83 40
French (FR) 68 71 43 86 63 48
Chinese (ZH) 80 20 66 30 87 24
Japanese (JA) 54 46 95 92 88 42

Table 1: Hofstede’s Cultural Dimension scores for the
source (English) and target languages. Note the distinct
divergence between Western (EN, DE, FR) and Eastern
(ZH, JA) clusters.

chical set of controllable variables. We acknowl-
edge that Cultural Distance often correlates with
other proxies, necessitating careful attribution anal-
ysis. The variables are categorized into three layers:

Physical-Environmental Layer

• Geographic Distance (Dgeo): Calculated as
the great-circle distance between languages’
representative coordinates (URIEL (Littell
et al., 2017)), used as a proxy for spatial prox-
imity and potential data-sourcing bias.

• Resource Scale (Xshot): Quantified by the
logarithmic transformation of the number of
few-shot training examples (log(1 +Nshot)),
controlling for the impact of data availability.

Surface-Symbolic Layer

• OOV Rate (Roov): Measured as the percent-
age of tokens in the target test set that are frag-
mented into sub-optimal subwords or OOV
tokens by the source model’s tokenizer. This
serves as a proxy for tokenization fragmenta-
tion and subword fertility issues.
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• Orthographic Distance (Dorth): Quantified
by the edit distance between the orthographic
scripts (e.g., Latin vs. CJK characters) of
the source and target languages, adapted from
URIEL (Littell et al., 2017).

Linguistic-Kernel Layer

• Syntactic Distance (Dsyn): Calculated based
on the cosine distance of syntactic depen-
dency feature vectors (URIEL (Littell et al.,
2017)), controlling for structural linguistic dif-
ferences.

• Emotion Distance (Demo): We calculate
Demo to measure lexical similarities of emo-
tions across languages. Based on the Emo-
tion Semantics Database (ESD) (Jackson et al.,
2019), this metric captures the structural diver-
gence of emotion concept networks between
the source and target languages2.

All continuous variables, including the target
predictor Cultural Distance (Dcult), are Z-score
normalized prior to regression analysis. This en-
sures that all coefficients are on a comparable scale,
reflecting effect size. Table 2 provides a concise
summary of all operationalized symbols, metric
definitions, and their corresponding data sources3.

3.3 Statistical Framework
To rigorously disentangle the independent impact
of cultural factors while controlling for other influ-
ential variables, we employ LMEM (Baayen et al.,
2008). LMEM is suitable for our data structure,
which exhibits nesting (multiple shots within lan-
guages, nested within models), thus accounting for
model-specific random effects and avoiding spuri-
ous correlations.

We specify the LMEM as follows, with the F1
score as the dependent variable:

F1ij = β0 + β1Xshot + β2Dsyn + β3Demo

+ β4Dcult + ui + ϵij
(2)

where F1ij denotes the performance of Model i
on Language j, and β0 is the global intercept. Xshot
represents the log-transformed Resource Scale.
The predictors Dsyn, Demo, and Dcult correspond
to the standardized Syntactic Distance, Emotion

2The explicit mathematical formulation for this metric is
detailed in §F.

3The precise per-language statistics for all evaluated met-
rics are detailed in §G.

Distance, and Cultural Distance, respectively. The
coefficients β1, β2, β3, and β4 quantify the fixed
effects, with our primary interest lying in β4 (cul-
tural influence). Finally, the term ui ∼ N (0, σ2

u)
accounts for the model-specific random intercept,
and ϵij denotes the residual error.

Statistical Evaluation. Significance is assessed
via Wald z-tests (p < 0.05) and model fit via
Akaike Information Criterion (AIC), reporting stan-
dardized coefficients (β) for effect size. Notably,
variables exhibiting multicollinearity are excluded
from Eq. 2 to ensure stability and detailed diagnos-
tics are provided in §5.

4 Experiment

To empirically verify the cultural impact hypothe-
sis, we conduct a large-scale evaluation involving
over 400 experimental runs. This section details
the data curation, model configurations, and the
transfer protocol.

4.1 Datasets and Curation

We utilize the Multilingual Amazon Reviews Cor-
pus (MARC) (Keung et al., 2020), a large-scale col-
lection of customer reviews. The original dataset
contains 200,000 training samples, 5,000 validation
and test samples for each of the six languages4.

To construct a culturally balanced benchmark,
we perform two curation steps:

• Cultural Clustering: We select 5 languages
to form two distinct cultural clusters: the
Western Group (EN, FR, DE) and the East-
ern Group (ZH, JA). We explicitly exclude
Spanish from the Western group5.

• Data Downsampling: To simulate realistic
low resource transfer scenarios, we downsam-
ple the training set to 20,000 balanced samples
per language using a fixed random seed (seed
= 42). The validation and test sets are kept at
their original size (5,000 samples) to ensure
stable evaluation.

4.2 Models and Transfer Protocol

We evaluate 7 common SMLMs spanning three
distinct architectures to ensure the generalizability

4The original MARC dataset includes six languages: En-
glish, French, German, Spanish, Chinese, and Japanese.

5Spanish was excluded to maintain linguistic balance other
than English and to prevent phylogenetic bias in statistical
attribution.
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Symbol Variable Metric Source / Method

Dependent Variable
F1ij Sentiment F1 Score Experimental Results

Target Predictor
Dcult Cultural Distance Hofstede Dim (Hofstede, 2001)

Control Layers (Confounders)
Dsyn Syntactic Distance URIEL Dependency (Littell et al., 2017)
Demo Emotion Distance ESD (Jackson et al., 2019)
Dorth Orthographic Distance URIEL Script (Littell et al., 2017)
Roov OOV Rate Tokenizer Fertility
Dgeo Geographic Distance URIEL Centroids (Littell et al., 2017)
Xshot Resource Scale log(1 + Shot)

Table 2: Summary of operationalized variables and data sources used in our statistical attribution framework. The
variables are categorized into hierarchical control layers as defined in §3.2.

Arch Model Name # of Param
Enc. mBERT 110M
Enc. XLM-R-base 250M
Enc. XLM-R-large 560M

Enc-Dec. mT5-base 580M
Enc-Dec. mBART-large-50 610M

Dec. Bloomz 560M
Dec. Gemma-3 270M

Table 3: Overview of the 7 SMLMs evaluated, catego-
rized by their architecture and parameter counts.

of our findings. The specifications for each model
are summarized in Table 3.

Two-Stage Transfer Framework. To rigorously
assess transferability while mitigating catastrophic
forgetting, we implement a unified two-stage pro-
tocol:

• Source Fine-tuning (English Prior): We first
fine-tune all models on the full English train-
ing set (20k samples). This involves either
a classification head fine-tuning for encoder-
only models or instruction-tuned generation
for encoder-decoder and decoder-only models,
establishing a strong English Culture Prior.

• Target Adaptation via LoRA: In the cross-
lingual phase, we freeze the pre-trained back-
bones and inject LoRA (Hu et al., 2022) mod-
ules. We adapt the English-tuned models to
target languages under 5 few-shot settings

(k ∈ {0, 5, 20, 100, 500}).

Detailed implementation are provided in §B.

4.3 Statistical Data Preparation

To enable the LMEM analysis described in §3, we
construct a hierarchical analysis dataset. We ag-
gregate the F1 score from all experimental runs
(7 models × 4 target languages × 5 shots) as the
dependent variable (F1ij). These performance met-
rics are then aligned with the pre-calculated feature
vectors (e.g., Cultural Distance, Syntactic Distance,
and Emotion Distance) for each specific language
pair. This consolidated dataset serves as the input
for our statistical attribution analysis in the subse-
quent section.

5 Quantitative Analysis

In this section, we empirically verify the inde-
pendent influence of Cultural Distance. We first
present the macroscopic performance landscape,
followed by a rigorous attribution analysis using
LMEM, and finally quantify the effect size.

5.1 Performance Landscape

Figure 2 illustrates the few-shot transfer perfor-
mance (F1) of 7 SMLMs from the source language
(English) to four target languages. We observe two
consistent patterns:

• Asymptotic Growth: Increasing samples
from 0 to 500 yields performance gains across
all languages.
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Figure 2: Cross-lingual transfer performance (F1)
across 7 SMLMs. A persistent performance gap re-
mains between culturally close (FR, DE) and distant
(ZH, JA) targets even as training shots increase.

• The Cultural Cliff: Crucially, a distinct per-
formance gap persists between the Western
Group (FR, DE) and Eastern Group (ZH, JA).
Even at 500-shot, the trajectories remain par-
allel, suggesting that mere data scaling cannot
bridge the underlying structural divergence.

5.2 Attribution Analysis via Hierarchical
LMEM

To isolate the primary structural drivers of this gap,
we conducted a step-wise regression analysis using
LMEM. We specified the model structure as de-
fined in Eq. (2), systematically introducing control
variables to isolate the independent contribution of
Cultural Distance (Dcult)6. Table 4 summarizes
the key findings across different feature levels7.

The Baseline Reality. Initially, in the baseline
model M1 controlling only for shot size, Cul-
tural Distance exhibits a strong, statistically sig-
nificant, negative correlation with transfer perfor-
mance (β = −0.024, p < 0.001). This confirms
the macroscopic observation that cultural diver-
gence is a primary predictor of performance drops.

Proxies and Collinearity. We subsequently in-
troduce controls from the physical (Dgeo, M2) and
surface-symbolic (Dorth, M4; Roov, M22) layers.
In all three specifications, the coefficient for Cul-
tural Distance loses significance or exhibits arti-

6To address potential concerns regarding the statistical
power given the limited number of target languages, we con-
ducted a post-hoc Monte Carlo power analysis. Detailed sim-
ulation setups and results are provided in §C.

7Due to space limitations, the complete regression results
and analysis for combinations are provided in §C.

ID Controls Included βcult P-val Status
Level 1: Baseline
M1 + Xshot -0.024 0.000 Significant

Level 2: Physical & Environmental
M2 + Dgeo +0.003 0.746 Collinear

Level 3: Surface-Symbolic Proxies
M4 + Dorth -0.003 0.578 Collinear
M22 + Roov +0.026 0.020 Collinear

Level 4: Linguistic Kernel Isolation
M14 + Dsyn -0.008 0.347 Masked
M7 + Dsyn + Demo -0.016 0.046 Robust (-)

Table 4: Fixed effects of Cultural Distance (Dcult)
across four hierarchical levels. While physical (M2) and
surface proxies (M4, M22) absorb explanatory power
due to collinearity, the cultural impact remains robustly
negative (M7) after controlling for linguistic kernel fac-
tors.

factual positivity. This stems from the high multi-
collinearity inherent in our typological split: geo-
graphic isolation often historically drives cultural
divergence, while distinct cultural clusters (e.g.,
East Asian) utilize distinct writing systems (CJK
vs. Latin), manifesting as high Orthographic Dis-
tance and OOV Rate. Consequently, these tangible
metrics act as strong statistical proxies, absorbing
the explanatory power of the latent cultural variable.
This indicates that while culture is the root cause,
its impact is partially mediated through and sta-
tistically masked by these physical separation and
tokenization barriers. Crucially, the significance of
Model M7 proves that cultural misalignment im-
poses a penalty that cannot be resolved by merely
fixing tokenization (i.e., lowering OOV Rate).

Deep Pragmatic Independence. The critical in-
sight emerges in Model M7, where we control
for the linguistic kernel Syntactic Distance8 and
Emotion Distance. Unlike surface features, these
controls disentangle structural and lexical seman-
tics from cultural pragmatics. Crucially, as can be
seen from Figure 3, the significance of Cultural
Distance is restored with a negative coefficient
(β = −0.016, p < 0.05). This reveals a statisti-
cal suppression effect: accounting for structural
and emotional variance unmasks the latent cultural
signal. This validates that cultural misalignment
functions as a distinct, high-level pragmatic bot-
tleneck, persisting even when syntactic and token-
level barriers are bridged.

8The positive β reflects Transformers’ robustness to syn-
tactic reordering (via self-attention), rendering structural di-
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Figure 3: Forest plot of standardized coefficients for
Model M7. The error bars represent 95% confidence
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cantly negative even after controlling for Syntactic Dis-
tance and Emotion Distance.
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Figure 4: Variance partitioning of the F1 score. Cultural
Distance contributes a unique explanatory power (6.3%)
independent of linguistic factors.

5.3 Variance Partitioning

To quantify the magnitude of this effect, we per-
formed variance partitioning analysis based on the
robust M7 specification. As shown in Figure 4,
Cultural Distance uniquely explains approximately
6.3% of the model’s performance variance.

While Syntactic Distance remains the dominant
factor, the independent contribution of culture is
non-negligible. Crucially, this 6.3% represents the
pragmatic gap, the portion of performance loss that
cannot be recovered by simply improving tokeniz-
ers or adding syntactic parsers, highlighting the
necessity for culturally-aware alignment strategies.

6 Mechanism and Qualitative Analysis

While the statistical results confirm the indepen-
dent negative impact of Cultural Distance, ques-
tions remain regarding the internal mechanism of
this failure. Does the model fail to encode cultural
distinctions, or does it fail to align them for the
downstream task? To answer this, we conduct rep-
resentation probing and a fine-grained qualitative
error analysis using the zero-shot transfer models.

6.1 The Pragmatic Alignment Paradox
We investigate the geometry of the model’s latent
space by training a linear diagnostic classifier on
the frozen representations (e.g., [CLS] embeddings
for mBERT) to distinguish between Western (FR,
DE) and Eastern (ZH, JA) samples.

Perfect Separability vs. Transfer Failure. As
visualized in Figure 5, the t-SNE projection re-
veals a stark geometric reality9: the embedding
spaces of Western and Eastern languages are struc-
turally disjoint, forming two isolated clusters with
no overlap. Quantitatively, the probe achieves a
classification accuracy > 99% across all architec-
tures. This result presents a critical Pragmatic
Alignment Paradox:

• High Encoding Capacity: The model is not
culturally blind. It perfectly distinguishes cul-
tural domains, likely driven by script and lexi-
cal patterns.

• Alignment Failure: Despite this clear distinc-
tion, the sentiment classifier fine-tuned on the
Western cluster (EN) learns decision bound-
aries that are geometrically valid only within
that local subspace. When applied to the dis-
joint Eastern subspace, these boundaries fail
to generalize.

Thus, the cultural performance gap is not due to a
lack of representational capacity, but rather a fail-
ure of cross-cultural alignment. The model knows
the culture is different but lacks the bridge to map
Eastern pragmatic patterns to Western-defined sen-
timent labels.

6.2 Qualitative Error Analysis
To understand how this alignment failure mani-
fests in actual inference, we manually inspected

vergence less critical than Cultural Distance.
9The t-SNE diagrams for the remaining architectures and

further representation probing results are shown in §D.
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ID Original Text English Translation Gold Pred Error Type

1 书的质量很好，卡片很好，唯一的
不足就是光盘读不了。

The book and cards are of high quality.
The only downside is that the CD is
unreadable.

Neg Pos Concessive
Buffering

2 亲尽快退款，谢谢。我希望你们尽
快公平公正的处理。

Dear, please refund ASAP, thank you.
I hope you handle this fairly.

Neg Pos Politeness
Masking

3 有种被骗的感觉，通关笔记是一本
本子。卖家真会做生意！

Feel cheated, The guide is just an
empty notebook. The seller really
knows how to do business!

Neg Pos Sarcasm

4 気に入ってるのですが、弱いで
す。部品の予備が欲しいです。

I really like it, but it’s fragile. I’d like
to get some spare parts.

Neg Pos Concessive
Buffering

5 まだ、荷物が届かないのですがど
のような状況でしょうか？連絡お
待ちしてます。

My package hasn’t arrived yet. Could
you please tell me the current status?
I look forward to hearing from you.

Neg Pos Politeness
Masking

Table 5: Representative error cases in zero-shot transfer to high-context cultures (JA, ZH). The models consistently
fail to decode pragmatic cues like indirect hedging, politeness markers masking complaints, and sarcasm, leading to
polarity misclassification.

Figure 5: t-SNE visualization of mBERT representa-
tions. The embedding space exhibits a severe geometric
split between Western and Eastern clusters, explaining
why the classifier head fails to transfer effectively.

error cases in the Eastern target languages (ZH,
JA). We identified consistent patterns of Pragmatic
Failures, where the model interprets literal seman-
tics correctly but misses the culturally embedded
illocutionary force. Table 5 presents representative
examples10.

Failure Type 1: Concessive Buffering. In East-
ern cultures, negative feedback is often prefaced
by elaborate praise to maintain social harmony. As
shown in Case 1, SMLMs fine-tuned on English
tend to over-attend to the initial positive lexical

10A systematic inspection reveals that these specific prag-
matic failures stubbornly persist even under the 500-shot
regime. See E.

cues. Consequently, the models fail to recognize
the adversative shift, allowing the buffer content
to dominate the sentiment prediction, resulting in
false positives.

Failure Type 2: Politeness Masking Negativity.
A pervasive error source stems from the misalign-
ment between social stance (politeness) and senti-
ment polarity. As illustrated in Case 2, Japanese
and Chinese reviews frequently employ honorifics
or gratitude expressions even when lodging a com-
plaint. The models conflate these politeness mark-
ers with positive sentiment, failing to decouple the
polite form of the message from its dissatisfied
content.

Failure Type 3: Sarcasm and Semantic Inver-
sion. The third category involves semantic inver-
sion, where the surface meaning contradicts the
intended illocutionary force. In Case 3, the model
interprets hyperbolic praise literally, missing the
pragmatic implicature triggered by contextual in-
congruities. This underscores the model’s inability
to detect sentiment when it relies on deep cultural
decoding rather than explicit lexical markers.

7 Conclusion

In this work, we present the first rigorous attribu-
tion analysis quantifying the unique explanatory
power of Cultural Distance on cross-lingual sen-
timent transfer. By conducting a large-scale eval-
uation across 7 SMLMs and 5 diverse languages,
employing hierarchical LMEM, we systematically
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disentangled cultural factors from physical, surface-
symbolic, and structural confounds. We demon-
strate that while surface-symbolic and linguistic-
kernel features mediate part of the impact, Cul-
tural Distance remains a robust, negative predictor
(β < 0, p < 0.05), underscoring that shared syntax
does not guarantee shared pragmatics. Further-
more, our mechanistic analysis uncovers a Prag-
matic Alignment Paradox: models possess a high
capacity to encode cultural distinctions but fail to
align these representations for downstream tasks
due to the geometric disjointedness of cultural sub-
spaces. Consequently, we argue that the field must
advance beyond Linguistic Alignment toward Cul-
tural Alignment, developing culturally-aware fine-
tuning strategies to bridge the deep semantic gap
that brute-force data scaling alone cannot resolve.

Limitations

While our study offers robust statistical evidence,
we acknowledge several limitations. First, our anal-
ysis is restricted to SMLMs. It remains an open
question whether the emergent cultural reasoning
capabilities of LLMs can naturally mitigate the ob-
served Pragmatic Alignment Paradox, or if they
merely amplify distinct cultural biases. Second,
relying on Hofstede’s static indices acts as a high-
level proxy, which may oversimplify intra-cultural
nuances and dynamic norm shifts, potentially risk-
ing cultural essentialism. Third, while our language
selection maximizes the Western-Eastern contrast,
the exclusion of Global South languages (e.g., Afro-
Asiatic languages) limits universality. Furthermore,
our findings are anchored in SA, a task inherently
laden with pragmatics; the extent to which Cultural
Distance impacts fact-centric tasks (e.g., Entity Ex-
traction) remains to be verified. Finally, this work
focuses on diagnostic attribution rather than algo-
rithmic mitigation. We rigorously identify Cultural
Distance as a distinct bottleneck but do not propose
specific interventions (e.g., pragmatic adapters),
leaving the development of solution-oriented strate-
gies to future research.

Ethical Considerations

A primary ethical consideration in this work is the
operationalization of culture via Hofstede’s Cul-
tural dimensions. We explicitly caution against an
essentialist interpretation of these metrics. The uti-
lized cultural scores are aggregate statistical prox-
ies intended for macroscopic computational anal-

ysis and do not reflect the diversity, agency, or
dynamic nature of individuals within those linguis-
tic groups. Our methodological clustering of lan-
guages into Western and Eastern groups is a con-
trolled experimental setup to isolate variance, not a
prescriptive sociopolitical categorization. Future re-
search should strive for more granular, non-binary
cultural representations to avoid reinforcing stereo-
types.

Our research is motivated by the observation that
current multilingual models disproportionately un-
derperform on high-context Asian languages, cre-
ating a technological equity gap. By diagnosing
the root cause as a Pragmatic Alignment Paradox
rather than mere resource scarcity, we aim to direct
community attention toward culturally inclusive
alignment strategies, fostering fairer NLP systems
for diverse global populations.

We utilize the publicly available MARC, adher-
ing to its usage licenses. Our focus on SMLMs en-
sures that our large-scale attribution analysis main-
tains a relatively low carbon footprint compared to
training or fine-tuning LLMs.
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the latent social norms that govern pragmatic com-
munication. In our experimental setup, we map
each language to the cultural scores of its repre-
sentative nation (e.g., English → UK, Chinese →
China). Below, we detail the six dimensions and
their specific implications for cross-lingual SA.

A.1 The Six Dimensions and SA Implications
Power Distance Index (PDI). PDI measures the
extent to which less powerful members of a so-
ciety accept and expect that power is distributed
unequally.

• Relevance to SA: In high PDI cultures (e.g.,
ZH), communication tends to be more for-
mal and hierarchical. Users may employ
honorifics or indirect language when criticiz-
ing entities perceived as having higher sta-
tus (e.g., established brands or sellers), poten-
tially masking negative sentiment with polite
surface forms. In contrast, low-PDI cultures
(e.g., EN, DE) favor directness and egalitar-
ian expression, leading to explicit sentiment
labeling.

Individualism vs. Collectivism (IDV). This di-
mension is the most significant differentiator be-
tween our Western and Eastern clusters. It mea-
sures the degree of interdependence a society main-
tains among its members.

• Relevance to SA: High IDV cultures (West-
ern Group) encourage explicit, “I”-centered
expression of personal opinion (e.g., “I abso-
lutely hate this product”). Low-IDV or Collec-
tivist cultures (Eastern Group) prioritize social
harmony and face-saving (mianzi). Negative
feedback is often mitigated by Concessive
Buffering prefacing criticism with praise to
avoid disrupting social harmony which fre-
quently confuses models trained on explicit
Western data into predicting positive labels for
negative reviews.

Uncertainty Avoidance Index (UAI). UAI de-
fines the extent to which members of a culture feel
threatened by ambiguous or unknown situations.

• Relevance to SA: High UAI cultures (e.g.,
JA, FR) tend to have rigid codes of belief and
behavior. In product reviews, this may man-
ifest as a preference for detailed, structured
feedback and a lower tolerance for product
defects. Linguistically, high UAI correlates

with the usage of hedging devices (e.g., “it
might be the case that...”) to mitigate the risk
of making absolute claims, adding noise to the
sentiment signal that Western-centric models
may misinterpret as neutrality.

Masculinity vs. Femininity (MAS). This dimen-
sion focuses on the motivation of values: wanting
to be the best (Masculine) vs. liking what you do
(Feminine).

• Relevance to SA: High MAS cultures (e.g.,
JA, EN) value achievement and success. Re-
viewers may focus heavily on performance
metrics, efficiency, and status. Low-MAS cul-
tures focus more on quality of life and con-
sensus. While less structurally disruptive than
IDV, MAS divergence contributes to the lexi-
cal drift in what features are considered “pos-
itive” (e.g., aggressive performance vs. user
comfort).

Long-Term Orientation (LTO). LTO describes
how a society maintains links with its own past
while dealing with the challenges of the present
and future.

• Relevance to SA: High LTO societies (e.g.,
ZH, JA) view pragmatic adaptation as a virtue.
In the context of e-commerce, this often cor-
relates with patience regarding logistics or a
focus on long-term product durability rather
than immediate gratification. This shift in tem-
poral focus can alter the semantic weight of
time-related keywords in sentiment classifica-
tion.

Indulgence vs. Restraint (IVR). IVR measures
the extent to which people try to control their de-
sires and impulses.

• Relevance to SA: High Indulgence cultures
(e.g., EN) allow relatively free gratification,
leading to uninhibited and polarized senti-
ment expression (strongly positive or nega-
tive). High-Restraint cultures (e.g., ZH) reg-
ulate gratification through strict social norms.
This often leads to Semantic Flattening,
where strong emotions are understated or en-
coded via subtle context rather than strong
emotional adjectives, causing classifiers to un-
derestimate the intensity of sentiment.
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A.2 Language-to-Nation Mapping Rationale

To obtain concrete vector representations vL ∈ R6,
we follow standard conventions in cultural NLP
(Lin et al., 2019; Hershcovich et al., 2022) by map-
ping languages to their primary linguistic domi-
nance or phylogenic origin.

• English (EN) → United Kingdom: Selected
as the phylogenic root. While US scores are
comparable, UK scores minimize variance
when paired with European neighbors like
France and Germany in the Western cluster.
Experimental verification confirms that map-
ping to the US still yields statistically signifi-
cant conclusions.

• French (FR) → France: Selected as the pri-
mary center of the Francophone world.

• German (DE) → Germany: Selected as the
linguistic epicenter of the Germanic cluster.

• Chinese (ZH) → China: Representing the
dominant Sinophone culture and the source of
the Mandarin dialect used in the corpus. This
mapping strictly aligns with the dataset prove-
nance, as the Chinese reviews in MARC are
exclusively sourced from Amazon.cn (Main-
land China).

• Japanese (JA) → Japan: A mono-cultural
linguistic isolate.

We acknowledge that languages are spoken
across diverse nations (e.g., French in Canada,
German in Switzerland). However, our selection
of specific target nations aims to maximize the
distinct cultural signals associated with these pri-
mary nation-states, thereby increasing the statisti-
cal power of our attribution analysis while main-
taining experimental tractability.

B Detailed Implementation Specifications

Complementing the high-level protocol outlined
in §4.2, this appendix details the specific hyper-
parameter settings, engineering constraints, and
module-level configurations required to reproduce
our results.

B.1 Hyperparameters and Optimization

Across all experiments, we utilized the Hugging
Face peft and transformers libraries.

• Optimization: We employed Adafactor for
T5-based architectures (mT5) to manage mem-
ory efficiency, and AdamW for all other models.

• Learning Rate Strategy: We adopted a dy-
namic learning rate scheduler that decays in-
versely relative to the shot size (k). For low-
resource settings (k ≤ 20), we utilized a
higher initial LR to allow rapid adaptation of
the LoRA modules. For higher shot settings
(k ≥ 100), the LR was reduced to preserve the
priors learned during the English fine-tuning
stage.

• Dynamic LoRA Rank: To balance plasticity
and stability, the LoRA rank r was not fixed
but determined by r = min(64,max(8, 2 ×
log2(k + 1))).

• Random Seeds: To mitigate data sampling
variance in few-shot scenarios, the specific
training subsets (k ∈ {0, 5, 20, 100, 500})
were extracted using three distinct random
seeds (42, 43, 44). This sampling protocol
accounts for the over 400 experimental runs
aggregated in our statistical analysis.

B.2 Architecture-Specific Engineering
Nuances

We implemented specific technical adjustments to
address the distinct behaviors of each architecture
family:

Language Code Forcing (mBART). Unlike
other models, mBART-50 relies heavily on lan-
guage codes. A critical implementation detail for
cross-lingual transfer is the decoupling of encoder
and decoder language tags. During the target adap-
tation phase, we forcefully set the Encoder source
language to the target language code (e.g., de_DE),
while locking the Decoder target language to En-
glish (en_XX). This forces the model to align for-
eign input representations into the English label
space.

Instruction Masking (Bloomz, Gemma). For
Decoder-only models trained on causal language
modeling, we applied Instruction Masking to the
loss computation. By setting the labels for the input
prompt tokens to −100, we ensure that gradients
are backpropagated solely based on the generated
sentiment label, preventing the model from mem-
orizing the instruction template. Furthermore, we
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employed Left Padding during batch training to en-
sure correct position embeddings for the generated
tokens.

Tokenizer Hacking (mBERT, XLM-R). To mit-
igate the impact of OOV fragmentation described
in the main text:

• For mBERT, we manually injected unused
tokens (e.g., [unused1]) to serve as language-
specific markers (e.g., [MASC], [FEM] for
French attributes) and explicitly added a
[CJK] marker to reinforce character bound-
aries in Chinese.

• For XLM-R, we used a custom
TemplateProcessing pipeline to cor-
rect the inconsistent insertion of <s> and </s>
tokens observed when processing German
and French sentence pairs via SentencePiece.

Output Parsing Logic. For generative mod-
els (mT5, mBART, Bloomz, Gemma), we set
predict_with_generate=True. To handle gen-
eration artifacts (e.g., hallucinations or repeated
prefixes), we implemented a regex-based factory
function that extracts the first occurrence of valid
label tokens ("Positive", "Negative", "Neutral") and
discards the remainder of the sequence.

B.3 LoRA Module Targeting
The precise modules targeted for Low-Rank Adap-
tation differed by architecture to maximize effi-
ciency:

• mBERT/XLM-R: query, key, value, dense.
Notably, for XLM-R in high-resource settings
(k > 20), we dynamically expanded targets to
include output.dense.

• mT5/mBART: q, v, k, o, wi, wo, fc1, fc2.

• Bloomz: query_key_value (fused), dense,
dense_h_to_4h, dense_4h_to_h.

• Gemma-3: All linear projections: q_proj,
k_proj, v_proj, o_proj, gate_proj,
up_proj, down_proj.

B.4 Prompt Configurations
Since the Decoder-only and Encoder-Decoder ar-
chitectures operate on a text generation paradigm,
the specific formatting of input prompts is critical
for inducing the correct label space. We employed
distinct prompting strategies tailored to the pre-
training nature of each model family.

Instruction-Tuned Models (Bloomz, Gemma-3).
For these Causal LMs, we utilized a rigid instruc-
tion template to constrain the generation to the
valid label set. The prompt explicitly defines the
semantic meaning of the labels and enforces a strict
output format to minimize hallucinations. The ex-
act template is as follows:

Classify the sentiment of this product
review as "Positive", "Negative", or
"Neutral".
- Positive: Expresses favorable emotions
(e.g., joy, satisfaction).
- Negative: Expresses unfavorable
emotions (e.g., anger, disappointment).
- Neutral: States a fact without emotion.
Only respond with exactly one of these
words and nothing else: Positive,
Negative, Neutral.
### Input: {review}
### Output:

Seq2Seq Models (mT5, mBART). Unlike the
instruction-tuned models, mT5 and mBART were
pre-trained with shorter, task-specific prefixes (fol-
lowing the T5 paradigm). Consequently, we em-
ployed a concise prefix-style prompt rather than a
verbose system instruction.

• Input Format: sentiment analysis:
{review}

• Target Output: The model is trained to gen-
erate the raw label tokens (e.g., Positive)
directly.

This minimal prompting strategy aligns with the T5
framework’s original design for multi-task learning,
effectively switching the model’s internal state to
the sentiment classification task embedding.

B.5 Model Assets

Table 6 lists the specific model checkpoints utilized.
We provide the direct Hugging Face URLs to en-
sure the exact versions are used for reproducibility.

C Statistical Supplement for LMEM
Analysis

This appendix provides the comprehensive statisti-
cal deliverables supporting the attribution analysis
in §5.2. We present the regression tables for the
key model specifications, detailed collinearity di-
agnostics via Variance Inflation Factors (VIF), and
validation of the LMEM assumptions.
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Model Params Hugging Face Checkpoint URL

mBERT 110M https://huggingface.co/bert-base-multilingual-cased
XLM-R Base 250M https://huggingface.co/xlm-roberta-base
XLM-R Large 560M https://huggingface.co/xlm-roberta-large

mT5 Base 580M https://huggingface.co/google/mt5-base
mBART-50 large 610M https://huggingface.co/facebook/mbart-large-50

Bloomz 560M https://huggingface.co/bigscience/bloomz-560m
Gemma-3 270M https://huggingface.co/google/gemma-3-270m-it

Table 6: Official checkpoints for the SMLMs evaluated in this study.

C.1 Full Regression Results
To ensure reproducibility, we present the detailed
regression results for the pivotal model specifica-
tions discussed in the main text. Each table de-
tails the standardized coefficients (β), p-values, and
95% confidence intervals for predictors added in
a sequential, stepwise manner. The final column
reports the cumulative AIC, allowing for a direct as-
sessment of how each additional variable improves
the model’s trade-off between goodness-of-fit and
complexity. A progressively decreasing AIC in-
dicates that the newly added variable contributes
significant explanatory power.

Table 7 details the results for Model M7, which
we identify as the most robust specification. In
this model, we control for Resource Scale (Xshot),
Syntactic Distance (Dsyn), and Emotion Distance
(Demo).

Predictor Coef. (β) P-val [0.025 0.975] AIC

Intercept β0 0.657 0.000 0.609 0.704 NULL
Xshot 0.008 0.000 0.004 0.012 -364.54
Dsyn 0.029 0.024 0.004 0.054 -392.44
Demo -0.046 0.000 -0.064 -0.027 -408.31
Dcult -0.016 0.046 -0.032 -0.000 -410.24

Table 7: Regression Results for Model M7. Cultural
Distance (Dcult) remains a significant negative predic-
tor (p < 0.05) distinct from linguistic confounders. The
AIC column tracks cumulative model fit; its progres-
sive decrease confirms that Dcult contributes unique
explanatory power, optimizing the overall trade-off be-
tween complexity and accuracy. Notably, the positive
coefficient for Syntactic Distance likely reflects Trans-
formers’ inherent robustness to structural reordering via
self-attention mechanisms.

Regression results of all models. The results for
combinatorial specifications (e.g., controlling for
OOV Rate, Orthographic Distance) are available
in the supplementary material repository, namely

Predictor Coef. (β) P-val [0.025 0.975] AIC

Intercept β0 0.657 0.000 0.609 0.704 NULL
Xshot 0.008 0.000 0.004 0.012 -364.54
Dcult -0.024 0.000 -0.033 -0.015 -388.33

Table 8: Regression Results for Model M1.

Predictor Coef. (β) P-val [0.025 0.975] AIC

Intercept β0 0.657 0.000 0.609 0.704 NULL
Xshot 0.008 0.000 0.004 0.012 -364.54
Dgeo -0.031 0.001 -0.049 -0.012 -398.34
Dcult 0.003 0.746 -0.016 0.022 -396.44

Table 9: Regression Results for Model M2.

Table 8 to 13.

C.2 Collinearity Diagnostics and VIF Analysis
A critical challenge in cross-cultural attribution is
the high correlation between Cultural Distance and
other typological factors (e.g., geographically dis-
tant languages often have distinct scripts or higher
OOV Rate). To quantify this multicollinearity, we
computed the VIF for key predictors in our LMEM.
High VIF scores (typically > 5) indicate that a pre-
dictor is highly correlated with other predictors in
the model, potentially inflating standard errors and
obscuring independent effects.

As shown in Table 14, the presence of high
VIF scores for cultural and typological features
directly explains the positive correlations observed
in some preliminary models (e.g., when control-
ling for OOV Rate or Geographic Distance alone).
These variables are so strongly correlated with per-
formance degradation that they mathematically ab-
sorb the variance of Cultural Distance. This phe-
nomenon, known as statistical suppression, high-
lights the challenge of isolating culture’s effect
when it is intrinsically entangled with other observ-
able typological features. Our final model selec-
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Predictor Coef. (β) P-val [0.025 0.975] AIC

Intercept β0 0.657 0.000 0.609 0.704 NULL
Xshot 0.008 0.000 0.004 0.012 -364.54
Dorth 0.030 0.000 0.019 0.042 -413.60
Dcult -0.003 0.578 -0.014 0.008 -411.91

Table 10: Regression Results for Model M4.

Predictor Coef. (β) P-val [0.025 0.975] AIC

Intercept β0 0.657 0.000 0.609 0.704 NULL
Xshot 0.008 0.000 0.004 0.012 -364.54
Dsyn 0.029 0.024 0.004 0.054 -392.44
Demo -0.046 0.000 -0.064 -0.027 -408.31
Dcult -0.016 0.046 -0.032 -0.000 -410.24

Table 11: Regression Results for Model M7.

tion (M7) deliberately omits these high-collinearity
variables to reveal the true, independent impact of
culture.

This observation reinforces our theoretical
framework: Cultural misalignment functions as
a latent high-level bottleneck. When surface-level
noise (OOV Rate) is overwhelmingly strong, it
masks the subtle pragmatic signal; however, when
structural factors (Syntax, Emotion) are controlled
without introducing collinear surface proxies, the
independent negative impact of culture becomes
statistically visible and robust.

C.3 LMEM Structure and Random Effects
Diagnostics

We employed a LMEM with a random intercept
for each model architecture. The mathematical
specification is:

yij = Xijβ + ui + ϵij (3)

where ui ∼ N (0, σ2
u) represents the random effect

for Model i.

Necessity of Random Effects. We incorporated
random intercepts for each model architecture to
strictly control for the inherent performance het-
erogeneity across different SMLMs. A likelihood
ratio test confirmed that modeling this hierarchical
structure is statistically superior to a fixed-effects-
only approach. By accounting for model-specific
baselines, we ensure that the analysis isolates the
variability driven by cross-lingual distance, rather
than conflating it with the general architectural su-
periority (e.g., the consistent baseline advantage of
XLM-R over smaller decoder-only models). This

Predictor Coef. (β) P-val [0.025 0.975] AIC

Intercept β0 0.657 0.000 0.609 0.704 NULL
Xshot 0.008 0.000 0.004 0.012 -364.54
Dsyn -0.019 0.024 -0.036 -0.003 -392.44
Dcult -0.008 0.347 -0.025 0.009 -391.32

Table 12: Regression Results for Model M14.

Predictor Coef. (β) P-val [0.025 0.975] AIC

Intercept β0 0.657 0.000 0.609 0.704 NULL
Xshot 0.008 0.000 0.004 0.012 -364.54
Roov -0.054 0.000 -0.076 -0.032 -404.90
Dcult 0.026 0.020 0.004 0.047 -408.20

Table 13: Regression Results for Model M22.

disentanglement prevents the misattribution of gen-
eral model robustness to cultural adaptability.

C.4 Post-Hoc Power Analysis via Monte Carlo
Simulation

A potential methodological concern regarding our
hierarchical LMEM analysis is that the limited
number of macroscopic target languages (N = 4;
FR, GE, ZH, JA) might constrain the independent
variation needed for reliable statistical attribution.
To rigorously validate the statistical robustness of
our model against this limited macroscopic sample
size, we conducted a post-hoc power analysis using
Monte Carlo simulations.

While the number of distinct cultural profiles
is small, our experimental framework leverages
a highly nested, repeated-measures design across
multiple models (N = 7), few-shot settings (N =
5), and random seeds (N = 3). This structural de-
sign generates a substantial number of independent
observations (7× 4× 5× 3 = 420 transfer pairs)
that significantly amplify statistical power through
partial pooling in the mixed-effects architecture.

To quantify this, we simulated 1,000 synthetic
datasets based on the empirical structure of our
most robust specification (Model M7). For each it-
eration, we generated simulated sentiment transfer
scores (F1) by injecting the empirical fixed-effect
estimates (most critically, βcult = −0.016, along-
side specific control parameters), model-specific
random intercepts derived from the empirical group
variance (σ2

u ≈ 0.004), and normally distributed
residual noise (σ2

ϵ ≈ 0.0024). We then refit the
LMEM to each simulated dataset and computed
the proportion of models that successfully detected
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Predictor VIF Score Collinearity

Dcult 13.30 High
Dorth 8.48 High
Roov 30.89 Very High
Dgeo 9.84 High

Table 14: VIF Scores. The high VIF values for Cultural
Distance, Orthographic Distance, OOV Rate, and Geo-
graphic Distance (all > 8) when included in the same
model indicate substantial multicollinearity. This ex-
plains why the significance of Cultural Distance varies
across specifications: these surface and physical vari-
ables partially capture or obscure the independent cul-
tural signal. In our final model M7, we select a parsimo-
nious set of predictors with low VIF to isolate culture’s
distinct impact.

a statistically significant, negative effect for Cul-
tural Distance (p < 0.05, β < 0).

The Monte Carlo simulation yielded a statisti-
cal power of effectively 100% (1, 000 significant
detections out of 1, 000 valid convergences). This
empirically confirms that our nested hierarchical
design possesses ample sensitivity to capture the
specific impact of cultural misalignment. Conse-
quently, it demonstrates that the observed perfor-
mance degradation is statistically reliable and not
merely an artifact of the small language sample
size.

D Supplementary Visualizations and
Probing Results

This appendix extends the mechanism analysis
from §6.1 by providing visualization evidence
across diverse architectures and conducting a rigor-
ous control experiment to validate the robustness
of the cultural diagnostic probe.

D.1 Latent Space Visualization across
Architectures

In the main text, we visualized the embedding
space of mBERT to demonstrate the Pragmatic
Alignment Paradox. To verify that this geomet-
ric disjointedness is not specific to encoder-only
models, we projected the latent representations
of the Encoder-Decoder (mT5) and Decoder-only
(Gemma-3) architectures using the same t-SNE set-
tings.

As shown in Figure 6, the geometric separation
between Western (FR, DE) and Eastern (ZH, JA)
clusters remains pervasive. Despite the fundamen-
tal differences in attention mechanisms and train-

ing objectives, all SMLMs encode these cultural
groups into isolated subspaces. This universality
supports our claim that the bottleneck is intrinsic
to the multilingual representation alignment rather
than a model-specific artifact.

D.2 Cross-Lingual Probe Transfer
A potential critique of our diagnostic probe’s high
accuracy (> 99% in §6.1) is that the classifier
might rely on superficial heuristics, specifically
lexical memorization (e.g., specific English to-
kens) or script discrepancies rather than capturing
a shared latent cultural encoding.

To rule out the hypothesis that the probe merely
memorizes language-specific vocabulary, we con-
ducted a Cross-Lingual Probe Transfer experi-
ment. We adopted a Leave-One-Pair-Out protocol:

• Training Phase: We trained the logistic re-
gression probe solely on representations from
EN (Western) and ZH (Eastern). The probe
learns to identify a decision boundary separat-
ing these two specific languages.

• Testing Phase (Zero-Shot): We froze the
probe and evaluated its classification accuracy
on an unseen language pair: DE, FR (Western)
vs. JA (Eastern).

Model Architecture In-Domain Zero-Shot
(Train: EN/ZH) Test: EN/ZH Test: DE+FR / JA

mBERT (Enc.) 100.0% 90.16%
mT5 (Enc-Dec.) 100.0% 93.70%
Gemma-3 (Dec.) 100.0% 99.87%

Table 15: Cross-Lingual Probe Transfer Accuracy. The
probe is trained solely on EN (West) vs. ZH (East).
The high zero-shot accuracy on the unseen language set
(DE/FR vs. JA) confirms that the Western and Eastern
subspaces are geometrically consistent across languages
and architectures, ruling out simple lexical memoriza-
tion.

Rationale. English and German have distinct
vocabularies (despite some cognates), as do Chi-
nese and Japanese (excluding shared Kanji/Hanzi,
which typically have different encodings). If the
probe relies on memorizing English token IDs, it
should fail to classify German samples correctly.
Conversely, if the probe succeeds on the unseen
pair, it proves that the model maps these languages
into a shared geometric direction of cultural vari-
ance.
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Figure 6: t-SNE Projections for mT5 and Gemma-3. Consistent with the mBERT visualization in the main text, both
architectures exhibit a stark geometric separation between the Western and Eastern clusters. This confirms that the
cultural disjointedness is an architecture-agnostic phenomenon, persisting regardless of the pre-training objective.

Figure 7: Latent Space Visualization of 5 Languages across Architectures. These t-SNE projections verify the
structural consistency hypothesis. In all three architectures, the unseen Western languages (DE, FR) spontaneously
cluster with the source Western language (EN), while the unseen Eastern language (JA) aligns with the source
Eastern language (ZH). This geometric alignment explains the high zero-shot transfer accuracy of the diagnostic
probe.

Results and Discussion. As presented in Table
15, the probe maintains high classification accuracy
on the unseen DE, FR/JA pair. This quantitative
finding is visually corroborated by Figure 7, where
we observe that German and French vectors natu-
rally reside in the same relative Western subspace
as English, while Japanese vectors align with the
Chinese subspace. This result is critical: it demon-
strates that the geometric boundary between West-
ern and Eastern languages is structurally consis-
tent across the multilingual embedding space. The
model places German vectors in the same relative
Western subspace as English, and Japanese vectors
in the same Eastern subspace as Chinese. This con-
firms that the observed separability is driven by
deep representation alignment (or misalignment)
rather than superficial token memorization, further
validating the Pragmatic Alignment Paradox.

E High-Shot Error Persistence

To verify whether the Pragmatic Alignment Para-
dox (§6.2) is merely a zero-shot artifact, we exam-
ined the error distributions of the 500-shot models
for Eastern targets (ZH, JA). Our analysis confirms
that the representative pragmatic failures detailed
in Table 5 (e.g., Concessive Buffering, Politeness
Masking) stubbornly persist even after exposure to
500 in-domain examples.

This persistence indicates that while few-shot
adaptation successfully aligns explicit polarity lexi-
cons, it fails to overwrite the strong English Culture
Prior established during source fine-tuning (§4.2).
The models continue to over-attend to localized
surface tokens rather than decoding the implicit
illocutionary force. This qualitative finding me-
chanically explains the Cultural Cliff observed in
Figure 2 (§5.1): brute-force data scaling in the few-
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shot regime is structurally insufficient to bridge
deep-seated cultural misalignment.

F Computation of Emotion Distance

To ensure full reproducibility of the LMEM speci-
fications (particularly Model M7), this section de-
tails the computation of the Emotion Distance met-
ric (Demo). As introduced in §3.2, Demo quantifies
the semantic divergence of emotional concepts be-
tween the source language (LS , English) and a
given target language (LT ).

Following the theoretical framework of Jackson
et al. (2019), the emotional lexicon of a language
can be represented as a semantic network derived
from colexification, defined as cases where a sin-
gle word expresses multiple distinct concepts. For
a standardized set of core emotion concepts, we
represent each language L as a semantic proximity
matrix M(L), where each element M (L)

u,v captures
the empirical similarity between emotion concepts
u and v within that language’s lexicon.

To calculate the pairwise distance between lan-
guages, we extract the flattened, upper-triangular
vector of these semantic matrices, yielding a high-
dimensional emotional profile vector e(L) for each
language. The Emotion Distance is then opera-
tionalized as the cosine distance between the vec-
tors of the source and target languages:

Demo(LS , LT ) = 1− e(LS) · e(LT )

∥e(LS)∥2∥e(LT )∥2
(4)

This formulation yields a bounded scalar value
Demo ∈ [0, 1], where higher scores indicate greater
structural divergence in how emotional concepts
are lexically grouped and conceptualized. These
raw distances were subsequently Z-score normal-
ized before being integrated as predictors in the
LMEM (§3.3) to ensure comparability with other
variables.

G Per-Language Statistics for
Hierarchical Variables

Table 16 presents the exact per-language values for
all hierarchical control and target variables utilized
in our statistical attribution framework (§3.2). All
distance metrics are computed relative to the source
language (EN).
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Target Language Dcult Dgeo Roov Dorth Dsyn Demo

French (FR) 71.610 0.000 0.283 0.044 0.460 0.619
German (DE) 57.000 0.100 0.289 0.026 0.420 0.703
Chinese (ZH) 100.657 1.000 0.921 0.011 0.570 0.805
Japanese (JA) 91.640 0.500 0.950 0.013 0.660 0.881

Table 16: Per-language statistics for all variables. Dcult: Cultural Distance; Dgeo: Geographic Distance; Roov:
OOV Rate; Dorth: Orthographic Distance; Dsyn: Syntactic Distance; Demo: Emotion Distance.
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