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Abstract

Language is not only a tool for communication
but also a medium for human cognition and rea-
soning. If, as linguistic relativity suggests, the
structure of language shapes cognitive patterns,
then large language models (LLMs) trained on
human language may also internalize the habit-
ual logical structures embedded in different lan-
guages. To examine this hypothesis, we intro-
duce BICAUSE, a structured bilingual dataset
for causal reasoning, which includes semanti-
cally aligned Chinese and English samples in
both forward and reversed causal forms. Our
study reveals three key findings: (1) LLMs ex-
hibit typologically aligned attention patterns,
focusing more on causes and sentence-initial
connectives in Chinese, while showing a more
balanced distribution in English. (2) Models
internalize language-specific preferences for
causal word order and often rigidly apply them
to atypical inputs, leading to degraded perfor-
mance, especially in Chinese. (3) When causal
reasoning succeeds, model representations con-
verge toward semantically aligned abstractions
across languages, indicating a shared under-
standing beyond surface form. Overall, these
results suggest that LLMs not only mimic sur-
face linguistic forms but also internalize the
reasoning biases shaped by language. Rooted
in cognitive linguistic theory, this phenomenon
is for the first time empirically verified through
structural analysis of model internals.’

1 Introduction

“Now the whole world had one language and a
common speech. .. They said, ‘Come, let us build
ourselves a city, with a tower that reaches to the
heavens...’” “The Lord said, *... Come, let us go
down and confuse their language so they will not
understand each other”” — Genesis 11:1-7 (NIV)

"https://github.com/Aurora-cx/BabellLM_public.
: Corresponding Author.

This is not merely an ancient myth, but a para-
ble of how language both binds and divides us —
shaping not only how we speak, but how we think.

This idea lies at the heart of one of the most
debated theories in linguistic history—Ilinguistic
relativity. From Herder and Humboldt in the 18th
century to the well-known Sapir—Whorf Hypoth-
esis in the 20th, scholars have long proposed that
linguistic structures shape the speaker’s perception
of reality (Humboldt, 1999; Herder and Rousseau,
1986). Although the hypothesis has been contested,
recent empirical work in psycholinguistics—on
color terms, spatial reasoning, and temporal con-
cepts—has provided mounting evidence that lin-
guistic variation can influence how humans per-
ceive, infer, and categorize the world.

Given that human reasoning is expressed through
language, and that linguistic structures—especially
syntactic patterns—constrain how thoughts are for-
mulated, the cognitive models embedded in differ-
ent languages may also be encoded within language
models trained on them. Modern large language
models (LLMs) are primarily trained on internet-
scale corpora, which inherently reflect the logical
structures and reasoning styles of diverse linguistic
communities. This leads to a critical question: Do
different languages lead LLMs to think differ-
ently? And do LLMs internalize the cognitive
biases embedded in different languages?

This work addresses a critical gap by systemat-
ically examining how LLMs represent causal rea-
soning across languages. We introduce BICAUSE,
a structured bilingual dataset of semantically and
syntactically aligned causal chains in English and
Chinese—prototypical representatives of fusional
and analytic language families. The dataset spans
multiple domains, tightly controls for lexical and
grammatical variation, and includes both sequential
and reversed causal chains, enabling interpretable
tests of language-specific biases, which refer to the
LLMs’ tendency to apply structural expectations
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Figure 1: Causal expressions in forward order are common in native Chinese, while reversed forms are rare; both
are frequent in English. LLMs internalize such language-specific patterns, leading to divergent reasoning behaviors
when processing semantically aligned but structurally different inputs. For Chinese, the model over-applies the prior
that the initial phrase signals the cause, misallocating attention to [final effect] and failing to infer correctly. In
contrast, English models maintain stable attention and accurate predictions under both orders, revealing the deep

influence of syntactic structure on model behavior.

shaped by language-specific training distributions,
in causal reasoning.

Based on BICAUSE, we develop a fine-grained
analytical framework that decomposes each causal
chain into 13 interpretable syntactic components
and 3 semantic-level causal components. Our anal-
ysis proceeds along three axes: 1) Syntactic Atten-
tion Patterns. We analyze how LLMs distribute
attention to individual syntactic components across
languages under the same syntactic structure. We
observe that LLMs exhibit a greater attentional
focus on connectives and subjects when process-
ing Chinese inputs, whereas verbs receive more
attention in the English counterparts. 2) Causal
Structure Preferences. We examine the model’s at-
tention distribution over causal components across
different language-structure combinations. The
results show that LLMs tend to focus more on
causal antecedents (causes) in Chinese, while pay-
ing greater attention to consequences (effects) in
English. Moreover, we find that Chinese-specific
causal ordering preferences are internalized and
rigidly applied, leading to degraded reasoning accu-
racy when the input structure deviates from canoni-
cal Chinese expressions. 3) Representation Align-
ment. Despite the attention divergence, we find that
LLMs produce highly similar hidden representa-
tions for correctly reasoned samples, regardless of
language or syntactic structure. This suggests that
divergent attention patterns may converge toward
a shared, language-agnostic abstraction space—a
finding consistent with recent work on multilingual
model alignment (Schut et al., 2025; Brinkmann

et al., 2025; Lindsey et al., 2025).

Our main contributions are as follows: 1)
We construct a bilingual Chinese-English causal
reasoning dataset BICAUSE designed for fine-
grained quantitative analysis. The dataset spans
multiple domains and is carefully aligned at both
the syntactic and causal component levels, ensur-
ing cross-linguistic comparability and interpretabil-
ity. 2) To the best of our knowledge, this is the
first work that systematically analyzes the inter-
nal mechanisms of LLMs in cross-lingual causal
reasoning from both syntactic and semantic com-
ponent perspectives. Our approach provides a new
lens for understanding how LLMs handle struc-
tured reasoning across languages. 3) We provide
novel empirical evidence that, echoing the claims
of linguistic relativity, different linguistic repre-
sentations not only affect the external reasoning
outcomes of LLMs but also lead to the internaliza-
tion of language-specific causal expression patterns
as stable attention allocation strategies within the
model.

2 Related Work

Linguistic Relativity. Initially proposed by Ger-
man scholars Johann Gottfried Herder and Wil-
helm von Humboldt, this theory suggests that the
structure of a language shapes how its speakers
perceive the world (Humboldt, 1999; Herder and
Rousseau, 1986). This theory was further devel-
oped into the well-known Sapir—Whorf Hypothe-
sis (Whorf, 1956; Sapir, 1929). While the strong
version—that language determines thought—has
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been widely rejected, the weaker version—that lan-
guage influences thought—has received substantial
empirical support in psycholinguistics and cogni-
tive science (Lucy, 1992; Brown and Lenneberg,
1954). Studies have shown that speakers of dif-
ferent languages exhibit systematic differences in
how they perceive and process concepts such as
color (Kay and Kempton, 1984), time (Boroditsky,
2001), and causality (Wolff and Ventura, 2009).
For instance, the granularity of color terms affects
perceptual discrimination, and English and Chi-
nese speakers tend to conceptualize time along hor-
izontal and vertical spatial axes, respectively. Re-
search in bilingualism further reveals that second
language acquisition can destabilize and reorga-
nize pre-existing conceptual categories (Pavlenko,
2012; Schwieter, 2011). These findings suggest
that language-specific structures encode distinct
cognitive schemas (Bisk et al., 2020; Steven Pi-
antadosi, 2022). We further investigate whether
these schemas are internalized by LLMs trained on
multilingual corpora.

Cross-Linguistic Performance of LLMs. Mul-
tilingual LLMs show substantial performance gaps
across languages, largely due to the dominance of
high-resource languages like English in training
data and model design (Xu et al., 2025; Huang
et al., 2025; Qin et al., 2025). Etxaniz et al. (2024)
find that LLMs perform better when prompted in
English, and Nie et al. (2024) further show that
the syntactic knowledge encoded in these mod-
els is also primarily aligned with English. In ad-
dition, Chai et al. (2022) further show that lan-
guage structure affects cross-lingual transferability,
with syntactic composition playing a more central
role than word order or co-occurrence. To address
these issues, researchers have proposed multilin-
gual benchmarks (e.g., SeaEval Wang et al., 2024)
and explored approaches such as structural align-
ment (Zhang et al., 2025), and cross-lingual prompt
design (Zhang et al., 2024) to improve performance
in low-resource languages. Building on this, we
further explore whether language-specific internal
differences in LLMs underlie their cross-lingual
performance gaps.

Cross-Lingual Internal Mechanisms in LLMs.
Recently, researchers have begun to investigate
the internal reasoning mechanisms of multilingual
language models. Wendler et al. (2024) point out
that the abstract “concept space” in models such
as LLaMA aligns more closely with English than

with other input languages. Building on this, Schut
et al. (2025) show that LLMs tend to make key
decisions in representational spaces that are most
similar to English, regardless of the input or out-
put language. Meanwhile, Brinkmann et al. (2025)
find that LLMs are capable of encoding shared mor-
phosyntactic concepts across typologically diverse
languages. Wu et al. (2025) propose the Semantic
Hub Hypothesis, arguing that multilingual meaning
is centralized in a shared semantic space and inter-
preted through the dominant language of the pre-
training corpus. Zhang et al. (2025) further observe
that models may invoke the same syntactic cir-
cuit—one that is independent of surface language.
Anthropic’s recent study also finds that Claude 3.5
Haiku exhibits strong language-agnostic behavior
in its middle layers, but its early and output lay-
ers remain structurally dominated by English fea-
tures (Lindsey et al., 2025). However, one impor-
tant gap remains: whether language-specific pat-
terns of causal expression are internalized by LLMs
has not been systematically studied.

3 Dataset

To analyze the causal reasoning behavior of mul-
tilingual LL.Ms, we construct a bilingual dataset
named BICAUSE (Bilingual Causal Chains). It
covers eight domains, including household routine,
natural events, school life, healthcare, shopping
and retail, workplace activities, public transporta-
tion, leisure and recreation. Each domain contains
50 samples, resulting in 400 samples in total. De-
tails of the data generation process can be found in
Appendix A.

Forward Causal Chains. Each sample in
the dataset is a 3-step causal chain, fol-
lowing the structure [cause]—[intermediate
effect]—[final effect], where cause leads
to intermediate effect, and intermediate
effect leads to final effect. The English and
Chinese versions adopt parallel syntactic patterns,
where all Chinese phrases are semantically equiva-
lent to their English counterparts:

[Oncellsubject;1[verb;]1, [subjecta][verbs],
[then][subjects][verbs].

[9RJ51lsubjects1verbs].

[[**ﬁi][subjectlj[verblj, [subjecta][verbs],

Here is a specific example:
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Once toaster heats, bread toasts, then aroma spreads.

—Hmaiuindk, maste, REE St .

\

We also provide a QA-style inference task:

[Question-en]: Therefore, if toaster heats, the final result is
[ Answer-en |: Aroma spreads.

[Question-zh]: Ft, WIREENII, HAERE

[ Answer-zh |: &S EL-

\. J

Each sample is annotated with conjunction com-
ponents and three causal components, each consist-
ing of a labeled [subject, verb] pair. The ques-
tion part in the QA format is also decomposable.

Reversed Causal Chains. We also construct re-
versed causal chains using the structure [final
effect]—[intermediate effect]—[cause].
The following examples show the structure of re-
versed causal chains in English and Chinese.

[subjectz][verbs], [due to]l[subjecta][verbs],
[which originates from][subject;][verb;].

. J

~ )

[subjects]Lverbs], [T 1lsubjecto]lverbs],
[MXYR H1lsubject;1verb;].

Here is a specific example:

Aroma spreads, due to bread toasts, which originates from
toaster heats.

FEY R RATEEBHA, TxXIREmaEInA -

J

Dataset Characteristics. We evaluate BICAUSE
on Qwenl.5-1.8B-Chat (Bai et al., 2023). The
model achieves balanced accuracy across English
and Chinese, with average scores of 91% and
91.2%, respectively. The justification rubrics can
be found in Appendix B. Detailed results for each
domain and comparisons with other models are
reported in Appendix C.

BICAUSE is designed with the following key
properties: 1) Domain diversity. It covers 8 real-
istic topics to ensure rich reasoning contexts. 2)
Semantic alignment. Every component is strictly
aligned between English and Chinese. 3) Syntactic
consistency. All components follow a standard-
ized format and consistent connector structures. 4)
Modular causal components. Each chain explicitly
contains 3 causal components.

In sum, BICAUSE offers a high-quality, cross-
lingual benchmark for interpretable causal reason-
ing. Its semantic alignment and modular design
make it well-suited for analyzing how LLMs inter-
nalize causal structures across different languages.

Model Selection. We primarily focus our analy-
sis on Qwen1.5-1.8B-Chat (Bai et al., 2023), as it
serves as an ideal “toy model” for studying multi-
lingual reasoning in LLMs. Its architecture remains
relatively close to a vanilla Transformer, with mod-
erate complexity—24 layers and 16 attention heads
per layer—making it more interpretable than larger
or heavily optimized models.

In addition, it demonstrates strong performance
in multilingual understanding (Team, 2024), re-
ducing the risk of English-centric bias and en-
suring that the insights derived from both En-
glish and Chinese prompts are equally robust
in terms of reliability. We further explore our
findings on models from different families and
with larger parameter sizes, including LLaMA3.2
(1B/3B) (Grattafiori et al., 2024), Mistral-7B (Jiang
etal., 2023) and Qwenl1.5 (32B/72B) (Team, 2024),
and observe that the conclusion that models inter-
nalize language-specific expression patterns is gen-
eralizable (see Appendix C, E for further details).

4 Cross-Lingual Attention Patterns over
Syntactic Components

To investigate whether language-specific syntactic
preferences are internalized by LLMs, we focus
on analyzing attention patterns. Since attention
directly governs how a token "sees" others dur-
ing inference, it provides a window into how the
model structurally organizes information and en-
codes grammatical relationships.

In this section, we decompose each Chinese and
English causal chain into 13 interpretable syntactic
components and quantitatively compare attention
allocation patterns across languages. Our analysis
reveals that while the layerwise attention trajec-
tories over corresponding components are highly
consistent between Chinese and English, the ab-
solute attention weights exhibit clear divergences,
suggesting that LLMs internalize language-specific
structural biases and expression preferences.

4.1 Analytical Framework

To investigate how LLMs allocate attention across
syntactic roles in cross-lingual causal reasoning,
we begin with structurally aligned sequential causal
chains in Chinese and English (e.g., [cause] —
[intermediate effect] — [final effect]). This natural
ordering in time and logic provides a controlled
setting to compare attention allocation patterns.
We segment each causal chain into 13 inter-
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pretable syntactic components, including three
subject-verb pairs for the cause, intermediate, and
final effect (e.g., “toaster—heats,” “bread—toasts,”
“aroma—spreads”), the subject-verb pair in the ques-
tion sentence, four frequent causal connectives
(“once,” “then,” “if,” “therefore”), and the “final re-
sult” trigger word itself. The Chinese versions are
manually aligned with their English counterparts
to ensure cross-linguistic comparability.

Measuring Component-Level Attention. Atten-
tion patterns are learned and meaningful. The allo-
cation of attention is not arbitrary—it is optimized
during training and reflects the model’s learned
inductive biases. If certain attention distributions
consistently emerge across linguistic structures, it
is because they are useful for minimizing loss. The
model has no incentive to allocate attention in these
ways unless such patterns are predictive and func-
tionally beneficial. Thus, attention offers a rare
window into this prioritization process with inter-
pretable structure.

We define a general metric to quantify the at-
tention received by any component (syntactic or
semantic) at each layer. This formulation allows us
to analyze both syntactic components and causal
components under a unified attention-based frame-
work.

Let A ¢ RT*T denote the attention matrix
from layer [ and head h with sequence length 7T'.
For each token index ¢ in the component token set
T., we consider only the valid queries j > i due
to the autoregressive attention mask. We compute,
for each component c, the attention ratio per layer
and head as:

T (l,h)

Z 2j=it1 Aji Y

(L)
| C’zETC ] =i+1 Zk 1Aj,k

This yields a L X H matrix per component,
where L is the number of layers and H is the num-
ber of heads. We define the Relative Component
Attention Ratio (RCAR) at layer [ as:

Z"” (1h). )

To ensure fair cross—hngual comparisons, we ap-
ply a two-level normalization strategy. First, we
compute the proportion of attention received by
each token from all valid queries (i.e., subsequent
positions in autoregressive decoding), which con-
trols for differences in sequence length and visi-
bility range. Second, we average attention scores

lh)

RCARY

across tokens within a component to neutralize the
effect of token count on total attention mass. This
allows us to compare attention trends across lan-
guages and layers while mitigating biases. RCAR
thus serves as a diagnostic metric to assess how
syntactic and semantic components are prioritized
by the model.

4.2 Cross-Lingual Similarities

Despite the fact that Chinese and English belong
to analytic and fusional language families respec-
tively, we observe striking consistency in how
LLMs allocate attention across syntactic compo-
nents over different layers during causal reason-
ing. As shown in Figure 2, which presents average
RCARs across all samples, the attention trajecto-
ries of 8 core components (see Appendix D for
others) exhibit remarkably similar trends across
languages.

Specifically, attention to subjects is consistently
higher than to verbs in both Chinese and English,
and [once] receives more attention than then on
average. Attention to the [cause subject] is
relatively evenly distributed across layers, while
[final subject] shows a prominent peak at
layers 17-18. The patterns for [cause verb]
and [intermediate verb] are similar, whereas
[final verb] receives noticeably less attention.
These shared layerwise attention dynamics may re-
flect structural attention preferences that the model
has naturally acquired during pretraining, shaped
by the characteristics of its training corpus and
learning objective (Tenney et al., 2019; Clark et al.,
2019; Voita et al., 2019).

Such consistency is also attributable to the struc-
tured nature of our dataset—where Chinese and
English samples are tightly aligned at both seman-
tic and syntactic levels—as well as the multilin-
gual pretraining of the LLM, which encourages the
development of language-agnostic representations.
Moreover, syntactic components such as subjects,
verbs, and connectives often fulfill analogous dis-
course functions across languages. Even when their
surface realizations differ, the model learns to allo-
cate attention in consistent patterns based on shared
functional roles. This finding resonates with prior
work suggesting that LLMs achieve conceptual
alignment across languages through a unified rep-
resentational space (Schut et al., 2025; Brinkmann
et al., 2025; Lindsey et al., 2025).
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Figure 2: Layerwise RCAR over eight syntactic components in Chinese (orange) and English (blue) causal chains.
Despite similar layerwise trends, Chinese shows higher attention on subjects, while English focuses more on verbs.
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Figure 3: RCAR differences between Chinese and En-
glish across 13 syntactic components. Each bar rep-
resents the difference in the sum of RCARSs assigned
to a given component across all layers, computed as
(Chinese - English).

4.3 Typological Divergences

Despite the strong structural alignment observed
in the layerwise attention trajectories across lan-
guages, we find that the RCARs assigned to spe-
cific syntactic components differ systematically.
Figure 3 presents the component-wise attention
differences between Chinese and English. Clear
disparities emerge in attention preferences: for Chi-
nese inputs, the model tends to focus more on sub-
jects and conditional connectives such as "once"
and "if"; in contrast, English inputs elicit higher
attention to verbs and logical progression connec-
tives like "then" and "therefore."

These differences can be partially attributed
to typological factors. Chinese is classified as

a topic-prominent language (Li and Thompson,
1976), where discourse structure emphasizes par-
ticipants and global context. This aligns with
the model’s higher attention toward subjects and
sentence-initial causal markers in Chinese. En-
glish, on the other hand, is considered a verb-
centric and tense-driven language (Halliday and
Matthiessen, 2004), with verb morphology carry-
ing core semantic content. As a result, the model al-
locates more attention to verbs and result-oriented
connectives in English inputs. Additionally, we
observe that causal connectives such as "once"
and "if" in Chinese tend to occur at the beginning
of a sentence, guiding the conditional structure,
whereas “then” and “therefore” in English often
appear mid-sentence or post-verbally to indicate
reasoning progression. This structural difference
causes the model to adjust its attention focus be-
tween languages accordingly.

It is also worth noting that Chinese is a pro-drop
language, where subjects are frequently omitted,
especially when the referent is contextually acces-
sible (Feng-Fu, 1979; Badan and Gobbo, 2011;
Huang, 1989). Consequently, when subjects are
explicitly stated, they often carry greater infor-
mational weight—potentially contributing to the
model’s increased attention toward subject compo-
nents in Chinese.

Typology thus offers a compelling explanation:
these attention disparities likely reflect statistical
distributional differences in pretraining corpora,
rooted in the distinct syntactic conventions of ex-
pressing causality across languages. Our findings
suggest that even in tightly aligned causal chains,
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multilingual LLMs adjust their internal attention
mechanisms in ways that mirror the discourse logic
of each input language.

5 Cross-Lingual Attention Patterns over
Causal Components

In this section, we further examine how multilin-
gual LLMs allocate attention to different causal
components across languages and syntactic struc-
tures. Building on the component segmentation
introduced in Section 3, we compute the RCAR for
each of the three causal components by layer. We
additionally introduce the Singular Vector Canon-
ical Correlation Analysis (SVCCA) (Raghu et al.,
2017), a tool for quickly comparing two representa-
tions, to measure the overall similarity of layerwise
attention patterns across different sentence struc-
tures and lanuages.

Our findings reveal striking differences in atten-
tional focus between Chinese and English, even
when the underlying causal chains are semantically
and syntactically aligned. Moreover, within Chi-
nese, we observe a rigid transfer of the model’s
internalized causal ordering preference when con-
fronted with reversed syntactic structures—leading
to a drop in reasoning accuracy. In contrast, the En-
glish attention distribution appears more adaptive
to structural changes, reflecting greater flexibility
in its learned causal reasoning schema.

5.1 Structural Sensitivity Measured by
SVCCA

To assess the consistency of attention structures
across different sentence forms, we compute
SVCCA similarity scores between the 24-layer at-
tention distributions of four input variants: English
forward causal chains, Chinese forward causal
chains, English reversed causal chains, and Chi-
nese reversed causal chains. Specifically, we ex-
tract a 3-dimensional vector from each layer repre-
senting the RCAR scores of the three causal com-
ponents: [cause], [intermediate effect], and
[final effect]. This results in a 24 x 3 atten-
tion trajectory matrix for each input type. SVCCA
is then used to quantify the layerwise similarity
between different structures.

The results reveal that the original English and
Chinese chains exhibit a high SVCCA similarity of
0.73. In contrast, the similarity between the English
forward and reversed chains drops to 0.64. More-
over, comparisons between the two Chinese input

forms show low scores around 0.46. Interestingly,
these SVCCA similarity patterns closely mirror
the model’s reasoning accuracy. The English and
Chinese forward chains achieve comparable perfor-
mance (91.0% and 91.2%, respectively), consistent
with their SVCCA score. The English reversed
chains yield a lower accuracy of 88.5%, while
the Chinese reversed chains perform the worst at
76.5%, mirroring the decreasing SVCCA score.
This trend suggests that the layerwise evolution of
attention is not merely a structural byproduct, but
instead encodes functional representations that are
critical to causal reasoning.

5.2 Cross-Linguistic and Structural
Divergences

Forward Causal Chains. Figure 4 presents the
RCAR-based attention distributions over causal
components across all layers for four input types.
In forward causal chains, Chinese inputs exhibit
a clear “cause — effect” preference—models al-
locate the highest attention to the [cause] com-
ponent, followed by [intermediate effect]
and [final effect]. This preference aligns
with findings in linguistic typology. Chinese is
a topic-prominent language that emphasizes event
continuity and often relies on preposed topics to
maintain discourse coherence. Its sentence struc-
ture reflects a traditional “#-2K-¥%-5" (“introduc-
tion—development—transition—conclusion”) pattern,
favoring linear unfolding of causal chains starting
from the event origin.

In contrast, English models show a more evenly
distributed attention pattern, with downstream com-
ponents receiving even higher attention than the
cause. This flexibility reflects the syntactic diver-
sity of English, which lacks a strong preference
for forward causal order. Causal expressions in
English frequently adopt result-first constructions,
such as “X happened, because Y.

Cross-Linguistic Narrative Preferences. Chi-
nese and English exhibit notable preferences in
causal sequencing. Chinese heavily relies on for-
ward causal structures, whereas English, being
more linear and focus-oriented, often presents in-
formation in a “focus-first” manner. When causal
chains are expressed in reversed order, the behav-
ioral gap between models becomes more apparent.

In paraphrased Chinese inputs, the model dis-
proportionately focuses on the sentence-initial
[final effect] instead of the true causal ori-
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Figure 4: Layerwise RCAR heatmaps for three core causal components — [cause], [intermediate effect],
and [final effect] — across four input conditions: English (Forward Causal Chain) (top left), English
(Reversed Causal Chain) (top right), Chinese (Forward Causal Chain) (bottom left), and Chinese (Reversed
Causal Chain) (bottom right). Warmer colors indicate higher attention allocation. Notably, RCAR of [cause]
is consistently higher in Chinese-Forward than in English-Forward, and RCAR of [final effect] increases

noticeably in Chinese-Reversed.

gin ([cause]), indicating an overreliance on the
prior that “sentence-initial = cause.” When the
cause is embedded in a relative clause, its topic
accessibility diminishes, making it harder for the
model to trace the causal core. While reversed
causal structures are grammatically valid in Chi-
nese, they are rare in native usage and likely un-
derrepresented in the training corpus, weakening
the model’s ability to construct semantic paths for
such structures—ultimately leading to lower accu-
racy. In contrast, reversed structures are prevalent
in English corpora, enabling the model to learn
their patterns more effectively.

This attention bias hinders the model’s ability to
correctly capture the causal logic, explaining the
performance drop observed in paraphrased Chinese
structures. By comparison, English paraphrases
have a milder impact. Since reversed causal ex-
pressions are common in English training data, the
model demonstrates greater generalizability and is
able to extract causal information robustly across
structures.

These findings suggest that even when express-
ing the same semantic content, structural and prag-
matic differences between languages significantly
affect LLMs’ internal representations and reason-
ing paths. This highlights the importance of ac-
counting for language-specific structural prefer-
ences in cross-lingual modeling, rather than focus-
ing solely on semantic alignment.

EN-ENPARA
—&— ZH-ZHPARA
—e— EN-ZH

ENPARA-ZHPARA

0.8

o
o

Cosine Similarity
o
S

°
N}

10 15 20

Layer

Figure 5: Layerwise cosine similarity of hidden vectors
at the final causal token position between input pairs
where both predictions are correct. Each line represents
a different pairwise comparison.

6 Representation Similarity Across
Languages and Structures

We further analyze the differences in representa-
tions at the convergence point of causal informa-
tion. Specifically, for each input sample, we extract
the hidden vector at the final token of the causal
chain—this position represents the model’s state af-
ter integrating the causal information (Meng et al.,
2022; Geva et al., 2023; Yang et al., 2024). For
each pair of input forms (e.g., English vs. Chi-
nese), we compute the layerwise cosine similarity
between the hidden vectors at this position across
all layers, considering only samples where both
inputs produce correct predictions.
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As shown in Figure 5, the English—Chinese
pair exhibits the highest similarity across most
layers, indicating that when semantics and struc-
ture are aligned, the model’s internal reasoning
paths are highly synchronized. In contrast, the Chi-
nese—reversed Chinese pair shows the lowest sim-
ilarity in the middle layers, suggesting that word
order changes disrupt the internal representation
more strongly in Chinese. This aligns with our ear-
lier findings. Notably, all input forms converge to
relatively high cosine similarity in the final layers,
implying that once the model succeeds in com-
pleting the reasoning task, it forms functionally
equivalent causal representations, regardless of sur-
face structure. This phenomenon also echoes prior
works (Schut et al., 2025; Lindsey et al., 2025).

7 Conclusion

This paper introduces BICAUSE, a structured bilin-
gual dataset designed to support fine-grained anal-
ysis of LLMs’ causal reasoning. Our findings in-
clude: 1. Even when semantics and structure are
fully aligned, LL.Ms exhibit typologically aligned
attention patterns; 2. LLMs internalize language-
specific habitual causal constructions; 3. When
reasoning succeeds, models form a shared under-
standing that goes beyond surface form.

These results reveal the language-specific biases
of LLMs in causal reasoning and their impact on
performance. Future work includes extending BI-
CAUSE and advancing research on multilingual
interpretability and alignment mechanisms.

Limitations

This study focuses exclusively on Chinese and En-
glish. While these two languages differ signif-
icantly in typology, they represent only a small
portion of the world’s linguistic diversity. We se-
lected this language pair to ensure high-quality
semantic alignment, as the authors are fluent in
both languages and could manually verify cross-
linguistic equivalence. Future work may extend
this research to a broader set of languages, espe-
cially those with greater structural divergence or
lower resource availability. In addition, although
we analyze eight models, our coverage does not
encompass all architectures or training paradigms.
This study primarily focuses on attention patterns
and hidden representations; future research could
incorporate additional interpretability methods to
provide a more comprehensive analysis.
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A Dataset Construction

We generated 50 English—Chinese causal chains
for each of the 8 selected domains (e.g., household
routines, natural events, healthcare, etc.) using
GPT-4 with a carefully designed bilingual prompt.
Each sample includes a three-step causal sentence,
a corresponding question—answer pair, and labeled
components in both languages. All generations
were manually reviewed to ensure strict alignment
between English and Chinese in both syntax and
semantics.

Below is the full prompt template (Base Prompt
+ Example Prompt + Banned Words + Final Instruc-
tions) used during data collection. All code and
data used in this paper are publicly available at the
link provided on the first page.

7

Base Prompt:

Please generate a 3-step causal chain in the field of {do-
main}.

You must follow all of these constraints:

1. The English sentence must follow this structure:

"Once [subjectl][verbl], [subject2][verb2], then [sub-
ject3][verb3]."

- Each subject and each verb must be a single word.

- Select verbs that can form complete meaningful sentences
without requiring an object.

- Do not include determiners, adjectives, or multi-word
phrases.

- Make sure every component (subjectl, verbl, subject2,
verb2, subject3, verb3) can be tokenized into exactly one
token by Qwen-1.5-1.8B-Chat.

- Example (correct): "Once temperature rises, ice melts,
then water flows."

- Example (incorrect): "Once the temperature is rising..."
2. The Chinese sentence must mirror the same structure:
"— H [subject1][verbl], [subject2][verb2],

SRJ5 [subject3][verb3]"

- Each subject and verb must be a single standalone Chinese
word, with no modifiers or compound forms.

- Example (correct): "WRE—E A5, WKEt@Et, RE
KA .

- Example (incorrect): "R & — HHFH.."

3. Also generate a question-answer pair for both languages:
- English question:

"Therefore, if [cause_subject] [cause_verb], the final result
is"

- English answer: "[final_subject] [final_verb]."

- Chinese question:

"I, W [cause_subject][cause_verb], AL R E"

- Chinese answer: "[final_subject][final_verb] - "

299

\

. 5
Example Prompt:

299

Return your result in the following JSON format:

"en": [

"Once temperature rises, ice melts, then water flows.",
"Therefore, if temperature rises, the final result is"

1,
"zh": [

“EE—EAE, UKEtEl, REKERE .
"B, WRIBEAE, mEESRE"

I

"answer": {

"en": "water flows.",

"zh": "JKIFBh . "

}s
"labels": {

"en":

"cause_subject": "temperature",
"cause_verb": "rises",
"intermediate_subject": "ice",
"intermediate_verb": "melts",
"final_subject": "water",
"final_verb": "flows"

"zh": {

"cause_subject”: "@E",
"cause_verb": "FF ",
"intermediate_subject": "¥K",
"intermediate_verb": "BR{L.",
"final_subject": "7K",
"final_verb": "ViBh"

}
}

"

ausal_labels": {
"en":
"cause_sentence": "Once temperature rises,",
"effect_sentence_1": "ice melts,",
"effect_sentence_2": "then water flows."
Bo
"zh":{
"cause_sentence": "{mE—H &, ",
"effect_sentence_1": "VKFLRRLL, ",
"effect_sentence_2": "SR/F /KD - "
IR

299

\

-
Banned Words:
DO NOT use these words in the causal chain:
EnglishSubjects: {banned_subjects_en}
ChineseSubjects: {banned_subjects_zh}

\

-
Final Instructions:

Important:

- All subject and verb entries must be single words (1 word
only).

- Do not use multi-word phrases like "the button" or "turns
off".

- All values in the "labels" must be a single word.

- Only generate literal, real-world events.

- Check if the content cling to the domain.

- Check if the cause-effect relationship is natural and rea-
sonable.

- Only return valid JSON string that can be parsed by Python
directly.
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B Inference Evaluation

To evaluate reasoning accuracy, we adopt a QA-
style judgment task for each bilingual causal chain.
Given the generated answer and the gold answer
(in both English and Chinese), we prompt GPT-40
with a strict rubric and ask it to output a binary
judgment — [1] for correct and [@] for incorrect
— along with a brief justification.

All model outputs are scored automatically by
GPT-40, based on semantic fidelity to the ground
truth, logical consistency, and allowance for minor
phrasing variations. Answers are considered cor-
rect only if they preserve the core causal outcome
and align logically with the input conditions. The
same evaluation rubric is applied in both English
and Chinese.

To ensure fairness, we use system prompts in the
corresponding language for English and Chinese
inference. All prompts, predictions, gold answers,
binary decisions, and justifications are stored in our
released evaluation logs and have been manually
verified. Code and rubric are available in our public
repository (see first page).

;
System Prompt (English):

You are an answer evaluator. Your task is to determine if
the predicted answer contains the core information from the
ground truth answer. Please note the following:

1. The answer must contain the information that has same
meaning as the ground truth, even if it’s presented in a
different way or with additional context.

2. If the answer uses conditional statements (if/then) that
logically connect to the question, it should be considered
correct.

3. Different phrasings and synonyms are acceptable as long
as the core information matches the ground truth.

4. Additional relevant information that doesn’t contradict
the ground truth is acceptable.

Your response must strictly follow this format:

[0/1]: <your reasoning>

Where 0 means incorrect and 1 means correct.

Example:

Prompt: When the valve closes, the pressure drops.

When the pressure drops, the alarm rings.

What happens when the valve closes?

Ground Truth: The alarm rings.

Predicted Answer: When the valve closes, the alarm will
sound, which is a safety measure to alert operators.

[1]: The predicted answer contains the core information
about the alarm activation. Using "will sound" instead of
"rings" is semantically equivalent, and the extra explanation
doesn’t contradict the ground truth.

Example:

Prompt: When the valve closes, the pressure drops.

When the pressure drops, the alarm rings.

What happens when the valve closes?

Ground Truth: The alarm rings.

Predicted Answer: The valve makes a sound.

[0]: While the answer mentions a sound, it doesn’t specify
that it’s the alarm that makes the sound. The core informa-
tion about the alarm is missing.

Example:

Prompt: When it rains, the field floods.

When the field floods, practice is cancelled.

So, if it rains, what happens to practice?

Ground Truth: Practice is cancelled.

Predicted Answer: If the field floods, practice is cancelled.
[1]: The answer contains the core information that practice
is cancelled. Although it uses a conditional statement, it
logically connects to the question about rain through the
given conditions (rain — field floods — practice cancelled).
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System Prompt (Chinese):
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e D

User Prompt:

Question: {prompt}

Ground Truth: {gold}

Predicted Answer: {predicted}

Please evaluate if the predicted answer is correct and pro-
vide your reasoning.

C Accuracy Results on BICAUSE

This section presents the performance of all models
mentioned on the BICAUSE dataset. See Table 1
and Table 2.

D RCAR Distribution of Syntactic
Components

This section presents the layerwise RCAR distribu-
tions of all syntactic components in Qwen1.5-1.8B.
See Figure 6.

E RCAR Distribution of Causal
Components

This section presents the RCAR distributions of
causal components across different models.
See Figures 7, 8, 9, and 10.
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Table 1: Accuracy (%) for English and Chinese across different models and domains. Domain abbreviations:
House=household routine, Nature=natural events, School=school life, Health=healthcare, Shop=shopping retail,
Work=workplace activities, Trans=public transportation, Leisure=leisure recreation.

Model House Nature School Health Shop Work Trans Leisure Avg

Llama-3.2-1B (En) 52.0 42.0 54.0 72.0 72.0 74.0 64.0 58.0 61.0
Llama-3.2-1B (Zh) 44.0 48.0 40.0 66.0 44.0 42.0 64.0 50.0 49.8
Llama-3.2-3B (En) 36.0 42.0 24.0 38.0 6.0 14.0 40.0 16.0 27.0
Llama-3.2-3B (Zh) 60.0 64.0 50.0 44.0 62.0 42.0 78.0 54.0 56.8
Mistral-7B (En) 94.0 98.0 98.0 96.0 94.0 94.0 94.0 98.0 95.8
Mistral-7B (Zh) 86.0 86.0 82.0 88.0 92.0 92.0 94.0 88.0 88.5
Qwenl1.5-1.8B (En) 84.0 84.0 96.0 92.0 88.0 96.0 100.0 88.0 91.0
Qwenl.5-1.8B (Zh) 90.0 90.0 94.0 94.0 94.0 82.0 96.0 90.0 91.2
Qwenl.5-14B (En) 100.0 98.0 98.0 98.0 94.0 94.0 98.0 94.0 96.8
Qwenl.5-14B (Zh) 94.0 98.0 98.0 96.0 98.0 94.0 96.0 94.0 96.0
Qwenl.5-32B (En) 100.0 96.0 98.0 98.0 94.0 96.0 98.0 62.0 92.8
Qwen1.5-32B (Zh) 94.0 96.0 94.0 92.0 92.0 90.0 94.0 82.0 91.8
Qwenl.5-72B (En) 100.0 94.0 98.0 94.0 96.0 94.0 96.0 92.0 95.5
Qwenl.5-72B (Zh) 94.0 90.0 92.0 86.0 88.0 94.0 98.0 96.0 92.2
Qwenl.5-7B (En) 96.0 92.0 94.0 92.0 96.0 90.0 98.0 88.0 93.2
Qwenl.5-7B (Zh) 94.0 96.0 94.0 90.0 88.0 94.0 94.0 98.0 93.5

Table 2: Accuracy (%) for English and Chinese with paraphrased data across different models and domains.
Domain abbreviations: House=household routine, Nature=natural events, School=school life, Health=healthcare,
Shop=shopping retail, Work=workplace activities, Trans=public transportation, Leisure=leisure recreation.

Model House Nature School Health Shop Work Trans Leisure Avg

Llama-3.2-1B (En) 40.0 58.0 58.0 52.0 70.0 48.0 68.0 32.0 532
Llama-3.2-1B (Zh) 54.0 46.0 38.0 54.0 62.0 52.0 66.0 54.0 532
Llama-3.2-3B (En) 84.0 68.0 54.0 80.0 50.0 44.0 70.0 60.0 63.8
Llama-3.2-3B (Zh) 70.0 76.0 62.0 52.0 72.0 34.0 62.0 66.0 61.8
Mistral-7B (En) 90.0 98.0 90.0 96.0 98.0 86.0 94.0 98.0 93.8
Mistral-7B (Zh) 80.0 78.0 80.0 86.0 88.0 74.0 82.0 84.0 81.5
Qwenl.5-1.8B (En) 92.0 96.0 82.0 86.0 90.0 80.0 90.0 92.0 88.5
Qwenl1.5-1.8B (Zh) 82.0 80.0 74.0 76.0 64.0 74.0 78.0 86.0 76.8
Qwenl.5-14B (En) 100.0 100.0 96.0 100.0  100.0  90.0 98.0 96.0 97.5
Qwenl.5-14B (Zh) 96.0 98.0 100.0 94.0 98.0 98.0 98.0 98.0 97.5
Qwen1.5-32B (En) 96.0 94.0 94.0 100.0 98.0 96.0 100.0 46.0 90.5
Qwen1.5-32B (Zh) 100.0 96.0 98.0 94.0 100.0 94.0 100.0 70.0 94.0
Qwenl1.5-72B (En) 98.0 96.0 98.0 98.0 92.0 96.0 100.0 98.0 97.0
Qwenl1.5-72B (Zh) 96.0 90.0 94.0 100.0 98.0 96.0 98.0 98.0 96.2
Qwenl.5-7B (En) 96.0 96.0 96.0 94.0 92.0 96.0 96.0 98.0 95.5
Qwenl.5-7B (Zh) 96.0 96.0 98.0 96.0 86.0 98.0 96.0 98.0 95.5
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Figure 6: Layerwise RCAR over all syntactic components in Chinese (orange) and English (blue) causal chains.
Despite similar layerwise trends, Chinese shows higher attention on subjects, while English focuses more on verbs.
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Causal Component Attention - qwenl.5_7b_chat
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Figure 7: Layerwise RCAR heatmaps for Qwen1.5-7B-Chat showing attention patterns across causal components

in four conditions. Note how attention distribution shifts significantly between forward and reversed causal chains,
especially in Chinese.
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Figure 8: Layerwise RCAR heatmaps for Qwen1.5-14B-Chat. The larger model size shows more structured attention
patterns compared to smaller variants, with clearer differentiation between causal components across languages.
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Causal Component Attention - qwen1.5_32b_chat
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Figure 9: Layerwise RCAR heatmaps for Qwen1.5-32B-Chat. With 32 billion parameters, this model demonstrates
more refined attention allocation strategies, with distinct patterns emerging in middle and later layers when
processing causal information.
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Figure 10: Layerwise RCAR heatmaps for Qwenl.5-72B-Chat. As the largest model in the Qwen family, it
shows the most sophisticated attention patterns, with highly specialized layer functions and clearer cross-linguistic
differences in causal processing.
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