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Abstract

Language evolution is cognitively motivated by
the reduction of communicative effort. Current
research exploring this reported tendency has
been constrained by the heavy reliance on man-
ually annotated resources (e.g., dependency
parsing) as well as a narrow focus (e.g., syntax
as the single metric). To transcend these limi-
tations, we propose two measures: Attention-
based Structural Distance (ASD) and Seman-
tic Space Distance (SSD). ASD is a parser-free
measure of syntactic locality derived from the
attention mechanism of pretrained large lan-
guage models (LLM), while SSD is a measure
of lexical distances that quantify the degree of
separation between different parts of speech
in the word vector space. Based on multiple
diachronic and multilingual corpora, our ex-
periments show a significant decrease of ASD
while an increase of SSD, which implies a lan-
guage developmental trend towards structural
compactness and semantic divergence. Our re-
search pioneers a novel lens grounded in LLM
for studying language evolution, which has two
major contributions. Linguistically, our study
corroborates the hypothesized law of human
language evolution by demonstrating that its de-
velopment optimizes syntactic locality as well
as functional semantic discriminability. Cogni-
tively, our study shows that human and LLMs
share common characteristics in language pro-
cessing, lending support to the potential of em-
ploying LLMs in the study of human cognition.

1 Introduction

An important question in linguistics concerns the
role of communicative efficiency in driving lan-
guage evolution. Specifically, according to the
Principle of Least Effort (Zipf, 1949), whereby
individuals, in pursuing a goal, tend to select the
path of shortest distance and least energy costs. On
human languages, linguistic structures exhibit the
tendencies towards efficiency to maximize infor-
mation transmission while minimizing cognitive

and productive costs, thereby striking a balance
between the speaker’s preference for expressive
economy and the listener’s demand for interpretive
clarity.

Among the research examining this principle, a
notable line is the recent use of dependency dis-
tance, the minimization of which is hypothesized
as human language universal (Liu et al., 2016).

However, most existing work relies on manually
annotated dependency treebanks, resources that are
sparse or unavailable for historical texts and low-
resource languages.

In this light, of particular importance for sup-
porting such a hypothesized language universal is
investigations on a large-scale cross-linguistic di-
achronic corpus.

Recent advances in pretrained language models
offer a promising alternative. Transformer-based
models have been shown to implicitly encode rich
syntactic and semantic information within their in-
ternal representations and attention mechanisms
(Vaswani et al., 2017; Htut et al., 2019; Clark et al.,
2019; Li et al., 2020). These findings suggest that
attention patterns can function as a data-driven mea-
sure of syntactic construction, enabling structural
analysis directly from raw texts.

Building on this insight, we propose two mea-
sures: Attention-based Structural Distance (ASD)
and Semantic Space Distance (SSD). ASD is a
parser-free metric that quantifies syntactic locality
derived from the attention patterns/mechanisms of
pretrained large language models (LLM) by con-
verting attention distributions into weighted inter-
word distances. In contrast to traditional parsing-
based measures, ASD allows scalable and compara-
ble analysis across languages and historical periods
without reliance on annotated syntactic resources.
And SSD is a measure of lexical distances that
quantifies the degree of separation between differ-
ent parts of speech in the word vector space, which
complements ASD from the semantic perspective.
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Our empirical large-scale analysis based on mul-
tiple diachronic and multilingual corpora (approx-
imately 70 million tokens) reveals a clear trend
toward a decrease in ASD and an increase in SSD,
which shows syntactic compactness and lexical dis-
ambiguation, and their synergy promotes the de-
velopment of more efficient and clearer langauge
communication systems.

Taken together, our framework contributes a scal-
able, annotation-free approach to diachronic lin-
guistic analysis and offers new empirical support
for efficiency-driven language evolution. Our study
also shows that human and large language models
share common characteristics in language process-
ing, lending support to the potential of employing
LLM in the study of human cognition.

2 Related Work

2.1 Efficiency-driven Language Evolution
from Syntactic and Semantic Perspectives

One line for language efficiency evolution is the
dependency distance minimization (DDM) from
the syntactic perspective.

DDM, the tendency for syntactically related
words to appear close in linear order, has been
widely proposed as a core principle of syntactic or-
ganization and a reflection of cognitive constraints
on language processing. Given the limited capac-
ity of human working memory (Miyake and Shah,
1999), shorter dependency distances are hypothe-
sized to reduce integration cost and facilitate effi-
cient comprehension (Yngve, 1960; Liu, 2008).

Large-scale cross-linguistic studies show that
natural sentences exhibit significantly shorter mean
dependency distances (MDD) than randomized
baselines across diverse languages (Liu, 2008;
Futrell et al., 2015). Diachronic and typological
analyses further suggest that DDM may function as
a near-universal pressure shaping word order pref-
erences (Liu et al., 2016; Lei and Jockers, 2020).
Psycholinguistic research corroborates these find-
ings: longer dependencies incur higher processing
costs, as predicted by dependency locality theory
(Gibson, 1998), and are associated with increased
reading difficulty in eye-tracking studies (Demberg
and Keller, 2008).

Language efficiency has also been studied from
semantic and information-theoretic perspectives.
The Uniform Information Density (UID) hypoth-
esis posits that speakers distribute information to
avoid processing bottlenecks and reduce ambiguity

(Jaeger, 2010). This line of work primarily ad-
dresses predictability and information flow, but it
rarely examines the evolution of functional seman-
tic distinguishability itself.

Notably, most of the existing diachronic ev-
idence for language efficiency evolution relies
on manually annotated dependency treebanks,
severely limiting its applicability to historical cor-
pora and low-resource languages. Most of the exist-
ing studies also do not utilize the recent advances
in transformer and large language models.

2.2 Attention and Implicit Syntactic Structure
in Transformer Models

Attention-based modeling shares a similar cogni-
tive principle—efficient language processing under
limited resources. Humans are limited by working
memory, while models are shaped by positional en-
codings and the statistical dominance of local pat-
terns in training data—both favoring short-range
dependencies.

In Transformer-based language models without
explicit structural bias, self-attention assigns higher
weights to nearby tokens, exhibiting a strong local-
ity preference. This behavior reflects both cognitive
and computational constraints.

Models with relative positional encodings con-
verge faster on short sequences (Press et al., 2022).
Disrupting word order increases dependency length
and degrades both syntactic coherence and model
performance, paralleling human difficulties with
unnatural word orders.

Recent studies demonstrated that pretrained
Transformer models encode substantial syntactic
knowledge despite lacking explicit structural su-
pervision. Contextual representations from BERT
(Devlin et al., 2019) captured subject—verb agree-
ment and other grammatical constraints (Goldberg,
2019). Analysis showed that syntactic structure is
often more strongly encoded than semantic con-
tent (Tenney et al., 2019). Structural probes further
revealed that dependency tree distances can be ap-
proximately recovered from BERT embeddings,
indicating latent tree-like organization (Hewitt and
Manning, 2019). And recent work suggested that
large language models implicitly rely on latent tree-
structured representations during sentence process-
ing (Liu et al., 2025).

Beyond representations, self-attention weights
themselves have been shown to reflect syntactic re-
lations. Individual attention heads reliably capture
specific dependency types, such as subject—verb
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and verb—object relations (Htut et al., 2019; Clark
et al., 2019). However, no single head reconstructs
full syntactic trees, and attention-based structure
is distributed across heads. Analyses in neural ma-
chine translation similarly find that low-entropy,
high-confidence heads often align with syntactic de-
pendencies or rare lexical items (Voita et al., 2019).

While existing supervised probing methods pro-
vided strong evidence for latent syntax, they rely
on external annotations or task-specific objec-
tives, making them less suitable for large-scale di-
achronic comparison. This motivates parser-free
approaches that operate directly on attention dis-
tributions. In this regard, we propose an attention-
based structural distance, which applies to raw his-
torical text without external annotations.

2.3 Semantic Embedding Space and
Functional-Semantic Discriminability

In parallel, distributional semantics research has
demonstrated that part-of-speech (POS) distinc-
tions are inherently reflected in semantic space.
Kutuzov et al. (2016) found that unsupervised em-
beddings trained on large corpora cause words of
the same POS to cluster together, with each POS
class tending to occupy a distinct region in seman-
tic space. Even simple co-occurrence models can
recover syntactic categories from word meaning
alone: co-occurrence vectors carry “accurate in-
formation about syntactic category,” such as noun
versus verb (Westbury and Hollis, 2019). Analy-
ses of contextual embeddings further reveal POS-
sensitive organization—different word classes tend
to occupy distinct regions of embedding space,
which in turn affects their stability and variance.
For example, Schulte im Walde and Frassinelli
(2022) found that nouns and verbs behave differ-
ently in distributional measures.

Similarly, Gong et al. (2023) noted that incor-
porating POS cues can “determine and reinforce
the semantics in sentence representation,” under-
scoring the role of functional categories in shaping
contextual meaning. Together, this body of evi-
dence suggests that lexical categories are not arbi-
trarily mixed in semantic space but are separated
by distributional features.

Motivated by these existing works, our work di-
rectly measures how POS categories diverge in se-
mantic embedding space over time, thereby reveal-
ing the evolution of language efficiency through
both syntactic compactness and semantic diver-
gence within a unified representational framework,

particularly from a diachronic and cross-corpus
perspective.

3 Method

3.1 Attention-Based Structural Distance

3.1.1 Average Attention Matrix

To capture structurally informative attention pat-
terns, we extract self-attention weights from the
final layer of the model. Previous studies indicate
that higher layers preferentially encode long-range
semantic and discourse relations, whereas lower
layers are dominated by local syntactic cues (Clark
et al., 2019; Kovaleva et al., 2019). Using the top
layer therefore aligns with our goal of measuring
global structural organization rather than surface
adjacency.

Not all attention heads contribute equally to
structural representation. Similar to Voita et al.
(2019), we observe substantial redundancy across
heads, with only a subset exhibiting low-entropy,
sharply peaked distributions indicative of meaning-
ful relational focus. To aggregate attention signals,
we weight each head by the inverse of its average
entropy:

wy = — ,
> h €Xp (—H,(f,€ )
g(k)_igk: _g" AP 1o 4R
. ij 8 4ij
=1\ j=1

where k indexes sentences, m;, denotes the number
of real tokens in sentence k, and ARE) ¢ Rmwxmi
is the attention matrix of head A for sentence k. The
final attention matrix is then a weighted sum:

H
AW = 5" ) AR,
h=1

This entropy-weighted aggregation emphasizes
structurally informative heads while suppressing
diffuse or redundant ones. We then remove spe-
cial tokens and retain the submatrix corresponding
only to real lexical items, yielding a clean intra-
sentential attention representation.

3.1.2 Attention Structural Distance and Mean
Attention Structural Distance

Intuitively, if attention mass is concentrated on
nearby tokens, the resulting structure is compact;
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Figure 1: Overview of the method.
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Figure 2: Experimental analysis of MASD in the State
of the Union Address based on the BERT model.

frequent attention to distant tokens indicates greater
reliance on long-range dependencies.

Formally, for a sentence with m = L — L real
tokens, where L; denotes the number of special
tokens (e.g., [CLS], [SEP]) , let A" € R™*™ be
its filtered and re-normalized attention matrix and
D € R™*"™ the absolute positional distance matrix
with D;; = |i — j|. For each token ¢, we compute
its normalized attention structural distance:

m k . .
S AR i - ]
m 1k
Zj:kl A,-g— ) +e€

ASD = . e=10"%

The denominator accounts for possible numerical
deviations introduced by masking and token fil-
tering. Here, A’(%) denotes the aggregated atten-
tion matrix after removing special tokens and re-
normalizing the remaining rows.

The sentence-level ASD is the mean over all

tokens:
1 &
ASD® — = NT Asp®)
sent mk ; 7

For a document comprising N sentences, we
define its Mean Attention Structural Distance
(MASD) as:

N
1 k
MASD = — ;—1 AsDM)..

Overall, the calculation process for mean atten-
tion structural distance is shown in the first row of
Figure 1.

MASD thus operationalizes structural compact-
ness from a processing-oriented perspective: it re-
flects the average span over which linguistic rela-
tions must be maintained to interpret a text. Com-
pared to traditional dependency distance, MASD
does not rely on explicit parses and instead cap-
tures how structure is implicitly realized in model-
internal representations.

3.1.3 Regression Analysis

We perform linear regression with year as the in-
dependent variable and MASD as the dependent
variable. We fit the model y = 12 + ¢ and report
the coefficient of determination (R?) to quantify
the proportion of variance in structural compact-
ness explained by time.

To account for possible serial correlation across
years, we further apply Newey—West HAC robust
standard errors to the slope estimate.
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3.2 Semantic Space Distance

3.2.1 Functional Semantic Grouping and
Distance Measures

We construct a diachronic semantic analysis frame-
work to investigate the temporal evolution of func-
tional semantic categories. Given a document,
we first segment it into sentences, yielding a sen-
tence set S = {s1, s2, ..., sy }. For each sentence
s, we perform part-of-speech (POS) tagging us-
ing spaCy and categorize its tokens into six func-
tional semantic groups based on linguistic typology:
Nouns (NN), Verbs (VB), Adjectives (JJ), Adverbs
(RB), Prepositions (IN), and Determiners (DT). Let
G = {NN, VB,JJ,RB, IN, DT} denote the set of
functional groups. For any g € G, the set of tokens
in sentence s belonging to group g is defined as:

T19) = {w € s | POS(w) € TagSet(g)}, (1)

where TagSet(g) is the set of POS tags associ-
ated with functional group g (e.g., TagSet(NN) =
{NN,NNS}). In implementation, only tokens that
can be successfully aligned to model subwords are
retained, while special tokens, punctuation, and
whitespace are excluded from further computation.

To represent lexical semantics, we employ con-
textualized embeddings from the pre-trained model
to obtain an embedding vector e(w) € R? for each
token w, where d is the model’s hidden dimen-
sion. Tokens without aligned subwords are ex-
cluded from centroid computation. Based on this,
we compute the semantic centroid (i.e., mean em-
bedding) of each functional group within sentence
s:

1
— > e(w), i[>0,
pl? = LT )
s weTs

0, otherwise.
2)
Furthermore, the semantic distance between any
two functional groups g; and g; is defined as the
Euclidean distance between their centroids:

(95)

ds(gi, 97) = || — 1§ 3)

This distance quantifies the degree of separation
between distinct grammatical roles (e.g., nouns vs.
verbs) in semantic space within a local context and
serves as the core metric for measuring discrim-
inability along functional semantic axes.

In addition to individual group-pair distances,
we define the overall functional semantic disper-
sion of sentence s as the mean centroid distance
across all valid functional group pairs:

=1 >, ds(9ing), @

(gz 7gj)€PS

where Py = {(gi9) | 9 < g5, |T%)

0, \Ts(gj )] > 0} denotes the set of all unordered
functional group pairs both present in sentence s.

3.2.2 Diachronic Variation in Functional
Semantic Distances

For diachronic analysis, we aggregate sentence-
level distances by year. Let S, denote the set of
all sentences from year y. The annual average
semantic distance for functional group pair (g;, g;)
is then:

Jy(gzag]) g“gj Z d gzv.gj (5)
(gl 95)
where Ségi’gf ) C S, is the subset of sentences sat-

isfying [739)| > 0 and |7;(gj)\ > 0. We compute
the yearly mean for each POS-pair distance and
then further derive an overall SSD trend by averag-
ing across all valid POS-pair distances within each
year.

To eliminate scale effects and enable cross-pair
comparison, we standardize the annual distances
for each functional group pair via Z-score normal-
ization:

2(9i,95) = dy(9i, 95) Mgigj7 6)
O9ig;

where fig,4. and oy, 4. are the mean and standard
deviation of all valid dy(g;, g;) values across the
entire time span.

We apply the Mann—Kendall trend test to the
time series {dy (i, g;) }=3.. O assess monotonic-
ity and estimate a robust trend slope B with a 95%

confidence interval using the Theil-Sen estimator.

3.2.3 Correlation between Syntactic
Compactness and Semantic Distance

Additionally, we introduce mean dependency dis-
tance as a proxy for syntactic compactness. For
sentence s, it is defined as:

— pos(head(w))],

(N
where W, denotes the set of all non-root tokens in
sentence s, pos(w) is the linear index of token w
in the sentence, and head(w) is its syntactic head.

wEW
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We compute the Spearman rank correlation co-
efficient p between J5 and selected functional se-
mantic space distances (e.g., ds(NN, VB)), as well
as between d5 and the overall sentence-level dis-
persion Dy, to examine the association between
semantic differentiation and syntactic integration.

Moreover, we align the annually averaged over-
all functional semantic dispersion

_ 1
Dy:@ZDs (8)

€Sy

with an externally provided attention-based struc-
tural distance a,, (computed independently from the
same corpus) over shared years. Their cross-year
association is quantified by Spearman correlation:

Prext-struct = COIT ({Dy }yeycommon I {a’y }yéycommon) i
&)

where Corr is the Spearman correlation, YV.ommon
is the set of years common to both data sources.
Overall, the analysis workflow based on the seman-
tic space distance is shown in the second row of
Figure 1.

This analysis aims to reveal the co-evolutionary
relationship between macro-level discourse struc-
ture and micro-level functional semantic differenti-
ation.

This methodological framework not only quan-
tifies the diachronic divergence along functional
semantic axes but also provides computational evi-
dence that the increased semantic discriminability
helps to reduce role-mapping ambiguity through
multi-dimensional correlation analyses.

4 Experiments

4.1 Data Acquisition and Preparation

To ensure both diachronic continuity and stylis-
tic comparability, we construct a curated corpus
of formal texts spanning multiple centuries, lan-
guages, and institutional registers. Rather than
maximizing genre diversity, our data design pri-
oritizes register stability, which is crucial for iso-
lating language-internal evolutionary trends from
confounding stylistic variation.

Specifically, we integrate five institutionally
grounded text collections, covering both SVO and
SOV languages while maintaining relatively for-
mal and constrained communicative settings. The
Royal Society Corpus (RSC) consists of English
scientific articles from the 17th to the 20th centuries

and represents a form of early modern academic
prose (Fischer et al., 2020). American Presidential
Speeches and State of the Union speeches provide
formal political discourse in English. Japan Gen-
eral Policy Speeches extend the dataset to SOV
languages in comparable institutional contexts. An-
nual Christmas messages by Western monarchs
and New Year’s editorials of China’s Xinhua News
Agency further supplement the corpus with addi-
tional forms of publicly delivered, institutionally
produced texts.

All texts are obtained from authoritative official
sources, which cover formal registers such as sci-
ence, governance, ritual communication, and state
media. Notably, we use these materials as paral-
lel instances of relatively stable, formal registers
across languages and time periods, rather than as-
suming that any single source is broadly represen-
tative. This makes our corpus highly suitable for
diachronic comparison, since the observed linguis-
tic variations reflect internal structural differences
rather than changes in genre or communicative pur-
pose.

After data cleaning, the resulting formal-text cor-
pus comprises approximately 70 million tokens,
drawing from multiple publicly available and in-
stitutionally curated sources with a high degree of
register consistency.

Moreover, the corpus span over 200 continu-
ous years, encompassing at least six to eight gen-
erations of language users, which may leave dis-
cernible and statistically detectable traces on lan-
guage structures.

Therefore, the corpus forms a robust empirical
foundation for cross-linguistic and cross-temporal
analysis of language efficiency.

Table 1: Token counts of the datasets used in our experi-
ments.

Dataset Tokens
The Royal Society Corpus 63237372
State of Union Addresses 1764432
American Presidential Speeches 1961286
New Year Editorial of Xinhua Daily 666357
Japan General Policy Speeches 765307

4.2 Attention-based Structural Distance
Analysis

We begin by investigating whether syntactic organi-
zation exhibits systematic diachronic compression
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when viewed through the internal representations
of pretrained language models. To this end, we
employ the proposed Attention-based Structural
Distance (ASD), an attention-based metric that cap-
tures the average span of model-internal attentional
dependencies. Lower ASD values indicate that at-
tention is more locally concentrated, corresponding
to more compact structures.

We first focus on bidirectional attention mod-
els, such as BERT, because their fully bidirectional
attention mechanism can completely reveal the allo-
cation of attention across contexts, thereby directly
modeling global structural dependencies, which is
crucial for tracing linguistic trends.

We then turn to causal attention models to better
simulate incremental and predictive language pro-
cessing, as their constrained context aligns with the
real-time, left-to-right nature of auditory language
comprehension. We include the Qwen family to
test whether the observed diachronic trends hold
under unidirectional attention.

We apply the procedure to four diachronic cor-
pora: the Royal Society Corpus, American Pres-
idential Inaugural Addresses, State of the Union
speeches, and the New Year Editorials of the Xin-
hua Daily. All experiments are conducted on
NVIDIA A100 GPUs. Processing time varies
with corpus size, ranging from under one hour for
smaller datasets to approximately two hours for the
full RSC.

Across all corpora, MASD exhibits a clear down-
ward trajectory over time, as illustrated in Figure 2,
5, and 6. This pattern indicates that syntactic struc-
ture becomes increasingly compact in the model’s
internal representation. Importantly, the trend is
consistent across both bidirectional and unidirec-
tional architectures, suggesting that the observed
compression is not an artifact of a particular mod-
eling assumption but a stable property of the under-
lying textual data.

To eliminate sentence length as a potential con-
founding factor, we selected two SVO corpora (the
State of the Union Addresses and New Year Edito-
rial of Xinhua Daily) and one SOV corpus (Japan
General Policy Speeches) for our empirical investi-
gation. Specifically, we partitioned sentences into
bins based on length using a step size of 5 tokens.
For the State of the Union and New Year Editorial
of Xinhua Daily corpora, bins were defined over
the interval [0,50] (i.e., [0,5], [5,101, ..., [45,50]),
which covers close to 90% of all sentences. For the
Japanese corpus, we used the same bin width and

extended the range to [0,70] to accommodate its
longer sentence distribution. Within each bin, resid-
ual variation in sentence length is limited. We also
applied Newey—West HAC standard errors (max
lag = 4) to all regression analyses to address tem-
poral auto-correlation.

The results indicate that for MASD, the negative
trend reflecting syntactic simplification remains sta-
tistically significant (p < 0.0001) across nearly all
sentence-length bins in the State of the Union Ad-
dresses, especially within the most prevalent range
of 5 to 45 words. The only clear exception oc-
curs in the sparsely populated shortest bin ([0,5]),
where the trend is not significant. In the New Year
Editorial of Xinhua Daily corpus, the downward
trend in MASD is also pronounced and statistically
significant for the vast majority of bins from 5 to
50 tokens, with the steepest declines observed in
longer sentences such as the [40,45] and [45,50]
ranges. Again, the shortest bin ([0,5]) exhibits a
non-significant slope, consistent with the limited
data and minimal syntactic complexity in that range.
In the Japanese corpus, a similar monotonic pattern
is also observed. Although weaker and less uni-
form in shorter and mid-length bins, significantly
negative slopes still emerge in the longer-sentence
ranges, particularly from 40 tokens onward. This
suggests that the long-run reduction in structural
distance is robustly preserved in more syntactically
elaborate sentences. Detailed estimates for each
bin are reported in Table 3, 4, and 5.

The decline in MASD aligns with earlier find-
ings on dependency distance minimization and
stylistic simplification in modern written language.
However, unlike traditional surface-level metrics,
MASD captures this change directly from learned
attentional structure, without explicit syntactic an-
notation. This demonstrates that diachronic struc-
tural compression is not only reflected in observ-
able syntax but also captured by the latent process-
ing geometry induced by large language models.

4.3 Semantic Space Distance Analysis

To examine whether the observed patterns extend
beyond a single corpus and reflect a more general
diachronic tendency, we replicate the core analy-
sis across the five historical datasets following an
identical processing pipeline.

We obtain contextualized embeddings us-
ing two variants of the Qwen embedding
model series—Qwen-Embedding-0.6B and Qwen-
Embedding-4B. For each sentence, compute the
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Table 2: Cross-corpus Theil-Sen Slopes (Z-scores) and p-values of Syntactic Pairs Based on Qwen-Embedding-0.6B.

NN-VB NN-JJ VB-]J
Slope p Slope p Slope p
Royal Society Corpus 0.000069  0.7177 0.0006 < 0.0001 0.002083 < 0.0001

0.004947 < 0.0001
0.004856 < 0.0001

0.004780 < 0.0001
0.004680 < 0.0001

0.004390 < 0.0001
0.004305 < 0.0001

American Presidential Speeches
State of Union Addresses

semantic distance between POS group centroids,
the average syntactic dependency distance, and the
MASD derived from model attentions. All exper-
iments are run on NVIDIA A100 GPUs. While
most datasets require approximately three hours
to process, the substantially larger Royal Society
Corpus (RSC) takes about 45 hours to complete.

As shown in Figure 3, 8, 9, 10, 11, 12, 13, 14,
15 and 16, the semantic space distance between
word classes increases significantly over time. This
trend remains pronounced across specific part-
of-speech pairings—such as noun-verb (NN-VB),
noun-adjective (NN-JJ), and verb-adjective (VB-
JJ)—whose correlation values are detailed in Ta-
ble 2. This convergence across genres and histor-
ical periods suggests that the phenomenon is not
corpus-specific, but reflects a stable trajectory of
linguistic change.

Notably, this analysis involved multiple hypoth-
esis tests. While corrections for multiple compar-
isons (e.g., Bonferroni) were not applied in the
initial computation, the inferential validity of the
observed trends remains robust for two primary
reasons. First, the objective is not isolated discov-
ery but the corroboration of a single theoretical
prediction across distinct POS pairs and datasets.
Second, the reported p-values fall predominantly
below 0.0001, a threshold that retains statistical
significance even under the most conservative ad-
justments.

We also plot the correlation between MASD and
SSD. As shown in Figure 4, 20, 21 and 22, a signif-
icant negative correlation is observed, indicating a
co-evolutionary relationship between the two mea-
sures.

For SSD, the analysis controlling for sentence
length followed the same binning and estimation
procedure described for MASD. In the State of
the Union Addresses, Theil-Sen estimates indicate
a positive trend that is statistically significant at
the p < 0.05 level across all bins spanning 5 to
45 words, while the longest bin ([45,50]) yields
no significant result. In the New Year Editorial of

Average Semantic Space Distance - Z-score

3] __ Theil-Sen slope=0.013749
p=<0.0001

®
N
-
v{
&
[ ]

Figure 3: Temporal variation in semantic space distance
in State of the Union Addresses and significance testing
based on Qwen-Embedding-4B.

Xinhua Daily corpus, the positive trend in SSD is
even more robust, with Theil-Sen slopes achiev-
ing statistical significance at the p < 0.0001 level
across all bins from 5 to 45 tokens. The only ex-
ception is the [15,20] bin, where the positive slope
does not reach significance. In Japan General Pol-
icy Speeches, positive slopes are also observed in
most bins, with statistically significant increases
concentrated in short, medium, and some long sen-
tence ranges, although several bins do not reach
significance and a small number show near-zero
or negative estimates. Overall, the results remain
consistent with an increase in semantic separability
over time, albeit with greater heterogeneity than
in the English corpus. Full bin-level estimates are
provided in Table 3, 4, and 5.

This systematic expansion of POS-level seman-
tic separation indicates a gradual increase in func-
tional discriminability in lexical representations.
From a psycholinguistic perspective, such a trend
aligns closely with decades of evidence showing
that human language comprehension is fundamen-
tally predictive in nature. Neurocognitive studies
have consistently demonstrated that the brain ac-
tively anticipates upcoming linguistic input at mul-
tiple representational levels, including lexical form,
syntactic category, and semantic content (Wicha
et al., 2004; DeLong et al., 2005; Van Berkum et al.,
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2005; Federmeier, 2007; Dambacher et al., 2009;
Laszlo and Federmeier, 2009; Dikker et al., 2010;
Dikker and Pylkkénen, 2013; Lau et al., 2016;
Willems et al., 2015). Prediction is now widely
regarded as a core organizing principle of language
processing (Van Petten and Luka, 2012; Hagoort
and Indefrey, 2014; Huettig, 2015).

Within such a predictive system, clearer separa-
tion between functional categories directly reduces
uncertainty. When semantic representations of dif-
ferent parts of speech overlap substantially, for ex-
ample, in cases of a word used as different POS
in one sentence, listeners must rely more heavily
on extended context to resolve grammatical roles.
By contrast, greater semantic divergence between
POS categories narrows the hypothesis space of
upcoming words, facilitating faster and more re-
liable online interpretation. From this viewpoint,
the observed diachronic increase in POS group em-
bedding distance can be interpreted as a gradual
reduction in cognitive processing cost, consistent
with the long-standing efficiency-based principle
(Zipf, 1949).

Mean Attention-based Structural Distance vs Semantic Space Distance

--- 0=-0.778, p=0.000
76

74

72

70

68

Semantic Space Distance

6 8 10 12 14 16 18 20

Mean Attention-based Structural Distance (Qwen-based)

Figure 4: Trends in MASD and SSD on RSC data
(Qwen3-Embedding-0.6B).

Taken together, our findings align with the long-
standing hypothesis of syntactic compression and
functional-semantic divergence. Importantly, our
results bridge human cognitive processing and neu-
ral language models. Just as predictive mechanisms
in the human brain benefit from shorter integra-
tion spans and clearer functional semantic discrim-
inability, attention-based language models allocate
processing resources more efficiently when depen-
dencies are local and functional categories are well
separated in representation space. The convergence
of trends observed across human language data and

model-internal representations thus provides con-
verging computational and cognitive evidence for
the existing efficiency-driven hypothesis.

5 Conclusion

This paper presents an annotation-free framework
for diachronic linguistic analysis based on pre-
trained language models. We introduce Attention-
based Structural Distance (ASD) as a parser-
independent measure of syntactic locality derived
from attention patterns, together with Semantic
Space Distance (SSD), which quantifies func-
tional-semantic separation between parts of speech
in embedding space.

Across multiple multilingual and diachronic cor-
pora, we observed a consistent decrease in ASD
alongside an increase in SSD. This co-evolutionary
pattern suggests that the language change involves
not only structural compression but also an in-
creased functional-semantic discriminability. The
negative association between these two dimensions
aligns with efficiency-driven principles of language
evolution, in which reduced integration cost is ac-
companied by clearer functional differentiation.

Overall, the consistency of these observed trends
across diverse model architectures demonstrates
that they stem from the inherent properties of the
linguistic data, rather than from artifacts unique to
specific models.

From a linguistic perspective, our results can
therefore be integrated into the existing theoreti-
cal framework, limited typological samples though.
Meanwhile, our study also demonstrates the poten-
tial of language models as scalable tools for study-
ing long-term language change beyond annotated
resources, and the cognitive foundation underlying
our metrics gives us confidence in its applicability
to more languages.

Also, our study finds that attention-based and
semantic space modeling share a similar cogni-
tive principle with the human mind, both maxi-
mizing language processing capacity under limited
resources. Such a common characteristic implies
the potential of employing LLMs in the study of
human cognition in the future.

Limitations

Although this study has made certain progress in ex-
ploring language evolution patterns and analyzing
part-of-speech attention through attention mecha-
nisms, the spatiotemporal coverage and typological
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diversity of research samples remain significantly
constrained due to the fragmented and incomplete
nature of historical corpus data. Furthermore, while
observed attention patterns are suggestive of cog-
nitive mechanisms, their correspondence to spe-
cific cognitive processes remains unresolved across
models with distinct attention architectures.

To overcome these limitations, future research
will focus on typological analysis and establish a
multidimensional language evolution framework,
including the construction of parallel diachronic
cross-linguistic and cross-dialectal corpora, as well
as hierarchical attention networks specifically de-
signed for diachronic linguistic analysis. Addi-
tionally, we will further compare how different
attention mechanisms reflect varied cognitive as-
pects, and clarify the interpretative links between
model-internal computations and human language
processing.

Ethical Considerations

All experiments in this study were conducted us-
ing publicly available datasets and newly created
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objective of this research is to investigate the ob-
jective laws of linguistics through the integration
of artificial intelligence technologies. We hereby
confirm that this study fully complies with ethical
review guidelines.
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Table 3: Controlling for sentence length on regression results of MASD and SSD across length bins on State of the
Union addresses with Qwen3-4B and Qwen3-Embedding-4B.

Length Bin MASD SSD

Slope P R? Theil-Sen Slope P R?
[0,5] -0.00342 0.1651 0.010 0.008142 0.0244 0.1881
[5,10] -0.00221 < 0.0001 0.097 0.004132 0.0254 0.0422
[10,15] -0.00186 < 0.0001 0.100 0.012622 < 0.0001 0.3888
[15,20] -0.00192 < 0.0001 0.144 0.013478 < 0.0001 0.6029
[20,25] -0.00346 < 0.0001 0.259 0.013846 < 0.0001 0.6714
[25,30] -0.00430 < 0.0001 0.298 0.012197 < 0.0001 0.5660
[30,35] -0.00540 < 0.0001 0.342 0.010925 < 0.0001 0.4538
[35,40] -0.00622 < 0.0001 0.306 0.009420 < 0.0001 0.4201
[40,45] -0.00639 < 0.0001 0.193 0.006817 < 0.0001 0.2873
[45,50] -0.00445 0.0428 0.064 0.004449 0.1137 0.1631

Table 4: Controlling for sentence length on regression results of MASD and SSD across length bins on New Year
Editorial of Xinhua Daily with Qwen3-4B and Qwen3-Embedding-4B.

Length Bin MASD 55D

Slope P R? Theil-Sen Slope P R?
[0,5] -0.001379 0.6746 0.0053 0.257137 0.0080 0.1365
[5,10] -0.010494 < 0.0001 0.4522 0.117528 < 0.0001 0.4685
[10,15] -0.006486 0.01586 0.1669 0.050608 < 0.0001 0.2347
[15,20] -0.011298 0.01879 0.2034 0.033882 0.1437 0.0870
[20,25] -0.013595 0.02548 0.1606 0.084742 < 0.0001 0.4320
[25,30] -0.016752 0.03139 0.1761 0.097623 < 0.0001 0.3552
[30,35] -0.018389 0.05171 0.1255 0.122794 < 0.0001 0.4020
[35,40] -0.036187 0.02072 0.2180 0.156061 < 0.0001 0.3172
[40,45] -0.041223 0.00251 0.1494 0.145910 < 0.0001 0.2860
[45,50] -0.038806 0.08975 0.0669 0.160182 0.0034 0.1197
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Table 5: Controlling for sentence length on regression results of MASD and SSD across length bins on Japan
General Policy Speeches with Qwen3-4B and Qwen3-Embedding-4B.

Length Bin MASD S5D

Slope P R?>  Theil-Sen Slope P R?
[0,5] -0.009000 0.2813 0.0344 1.669117 < 0.0001 0.5595
[5,10] 0.000169 0.9650 < 0.0001 0.126810 0.0175 0.1111
[10,15] 0.005439 0.2652 0.0279 0.064115 0.0261 0.0398
[15,20] 0.008770 0.0019 0.0891 -0.070973 0.0795 0.0803
[20,25] -0.000176 0.9601 < 0.0001 0.049979 0.1436 0.0429
[25,30] -0.001668 0.6027 0.0030 -0.028223 0.2899 0.0197
[30,35] -0.008445 0.1199 0.0355 0.046680 0.1948 0.0340
[35,40] -0.006416 0.6512 0.0053 0.006486 0.7903 0.0011
[40,45] -0.050053 < 0.0001 0.2930 -0.038107 0.1367 0.0244
[45,50] -0.079376 0.0021 0.3123 0.054221 0.0853 0.0552
[50,55] -0.063707 0.0082 0.1706 0.075720 0.0393 0.0561
[55,60] -0.110334 0.0009 0.2399 0.026792 0.4694 0.0060
[60,65] -0.146010 < 0.0001 0.3356 -0.024806 0.4990 0.0051
[65,70] -0.091559 0.0346 0.1318 0.003251 0.3797 0.0056

Figure 5: Experiments on Multiple Bidirectional Attention Models.
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Figure 7: Schematic illustration of the attention distri-
bution from the final layer of BERT on the example
sentence.

Figure 10: Temporal variation in semantic space dis-
tance in state of the American Presidential Speeches and
significance testing based on Qwen-Embedding-4B.
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Figure 8: Temporal variation in semantic space distance
in State of the Union Addresses and significance testing
based on Qwen-Embedding-0.6B.

Figure 11: Temporal variation in semantic space dis-
tance in RSC data and significance testing based on
Qwen-Embedding-0.6B.
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Figure 9: Temporal variation in semantic space distance  Figure 12: Temporal variation in semantic space dis-
in state of the American Presidential Speeches and sig-  tance in RSC data and significance testing based on
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Figure 13: Temporal variation in semantic space dis-

tance in New Year Editorial of Xinhua Daily and signif-

icance testing based on Qwen-Embedding-0.6B.
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Figure 16: Temporal variation in semantic space dis-
tance in Japan General Policy Speeches and significance
testing based on Qwen-Embedding-4B.
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Figure 18: Visualization of semantic space distance
and dependency distance in example sentences (Qwen3-
Embedding-0.6B).
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Figure 22: Trends in MASD and SSD on American pres-

Figure 19: Trends in MASD and SSD on American idential speeches over the years (Qwen3-Embedding-

presidential speeches (Qwen3-embedding-0.6B). 4B).
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Figure 25: Trends in dependency distance and the main semantic space distance on state of the union addresses over
the years (Qwen3-Embedding-0.6B) .
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Figure 26: Trends in dependency distance and the main semantic space distance on American presidential speeches
over the years (Qwen3-Embedding-0.6B).
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Figure 27: Trends in dependency distance and the main semantic space distance on American presidential speeches
over the years (Qwen3-Embedding-4B).
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Figure 28: Trends in dependency distance and the main semantic space distance on State of Union Addresses
(Qwen3-Embedding-4B).
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Figure 29: Trends in dependency distance and the main semantic space distance on New Year Editorial of Xinhua
Daily (Qwen3-Embedding-0.6B).
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Figure 30: Trends in dependency distance and the main semantic space distance on New Year Editorial of Xinhua
Daily (Qwen3-Embedding-4B).
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Figure 31: Trends in dependency distance and the main semantic space distance on Japan General Policy Speeches

(Qwen3-Embedding-0.6B).
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Figure 32: Trends in dependency distance and the main semantic space distance on Japan General Policy Speeches

(Qwen3-Embedding-4B).
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Figure 33: Trends in dependency distance and SSD  ,, New Year Editorial of Xinhua Daily (Qwen3-
on State of the Union Addresses (Qwen3-Embedding-  Empedding-4B).

0.6B).
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Figure 37: Trends in dependency distance and SSD on

Figure 34: Trends in dependency distance and SSD on Japan General Policy Speeches (Qwen3-Embedding-

State of the Union Addresses (Qwen3-Embedding-4B). 0.6B).
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Figure 35: Trends in dependency distance and SSD  Figure 38: Trends in dependency distance and SSD on
on New Year Editorial of Xinhua Daily (Qwen3- Japan General Policy Speeches (Qwen3-Embedding-
Embedding-0.6B). 4B).
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