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Abstract
Syntactic movement is a core concept in gen-
erative linguistics to account for word-order
variation and long-distance dependencies, but
its psychological and neurobiological status re-
mains debated. Here, we test the neural real-
ity of movement in English and Chinese by
correlating brain activity during naturalistic lis-
tening with syntactic node counts, traces and
word embeddings derived from X-bar style tree
annotations. We find that deep structure sig-
nificantly predicts neural responses in English
but not in Chinese, providing partial support
for movement-based accounts while revealing
clear cross-linguistic differences.

1 Introduction

Syntactic movement refers to the displacement of
constituents from their base positions to derive sur-
face word order, a core idea in generative gram-
mar and X-bar theory (Chomsky, 1970; Jackendoff,
1977; Chomsky, 1981). These frameworks distin-
guish an underlying deep structure, where thematic
roles are assigned, from a surface structure that
determines linear order. Movement preserves hier-
archical structure while producing non-canonical
word orders and leaving a trace at the original posi-
tion. For example, in passivization, “John hit Bob”
is derived as “Bob was hit t (by John)”, where “Bob”
moves from object to subject position, leaving a
trace t in object position.

Despite its formal elegance, movement-based
syntax has been challenged by accounts that ex-
plain non-canonical word order without invoking
transformations or multiple representational lev-
els. Usage-based and constructionist approaches
question the need for deep–surface representa-
tions, citing the lack of clear neurobiological evi-
dence. These critiques are especially salient cross-
linguistically, as movement-based analyses devel-
oped for English do not straightforwardly extend
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Figure 1: Aligning X-bar–based syntactic predictors
and word embeddings with fMRI data during naturalis-
tic listening in English and Chinese.

to languages such as Chinese, where dependen-
cies are often resolved in situ or through discourse-
pragmatic mechanisms.

To empirically evaluate the neurobiological ev-
idence for syntactic movement, we manually an-
notated every sentence in the audiobook The Lit-
tle Prince in both English (N=1502) and Chinese
(N=1577) using X-bar–style syntactic representa-
tions. Based on these annotations, we derived
syntactic node counts under both top-down and
bottom-up parsing strategies and correlated these
measures with brain activity during naturalistic lis-
tening. To capture the hypothesized processing
cost of movement, we additionally coded a binary
regressor at trace positions, aligned to the offset
of the preceding overt word in the dependency,
to index the processing of an unpronounced copy
of the moved element. In parallel, we extracted
contextual word embeddings from each layer of
LLaMA3.1-8B (Grattafiori et al., 2024) and con-
structed representations reflecting both deep and



surface word order. These embeddings were then
correlated with fMRI responses while English and
Chinese participants listened to the audiobook, us-
ing an openly available naturalistic fMRI dataset
(Li et al., 2022). Figure 1 provides an overview of
the analysis pipeline. Our findings reveal that:

• Syntactic node counts derived from X-
bar annotations show stronger correlations
with brain activity than simpler Penn Tree-
bank–style context-free grammar (CFG) an-
notations in the left temporal regions for both
English and Chinese, with additional engage-
ment of left frontal regions for English under
top-down parsing;

• Trace-based regressors significantly predict
neural activity in the left temporal regions for
both languages, and additionally in left frontal
regions for English;

• LLaMA-derived word embeddings con-
structed in deep-structure word order predict
additional activity in the left superior tempo-
ral gyrus relative to surface-order embeddings
in English, whereas no contrast is observed in
Chinese.

Taken together, these results provide partial neu-
robiological support for syntactic movement and
a distinction between deep and surface structural
representations during online sentence processing
in English, but not in Chinese, suggesting that the
neural relevance of syntactic movement may be
language-specific rather than a universal property
of human sentence processing.

2 Related Work

2.1 X-bar theory and syntactic movement
X-bar theory developed in the 1970s by Chom-
sky, Jackendoff, and others (Chomsky, 1970; Jack-
endoff, 1977) posits that all phrases share a simi-
lar three-level structure: a head X (lexical level),
which projects to an intermediate X’ level (head
plus complement), and a full phrase XP (possibly
with a specifier). This schema applies to all cate-
gories (DP, VP, PP, CP, etc.). Crucially, X-bar the-
ory provides landing sites for moved constituents
(typically specifier or adjunct positions) and con-
strains movement so that it does not violate the
structural template. Movement in X-bar theory is
typically characterized as an upward movement to
a c-commanding position that is initially empty. In

practice, this means an element can only move to a
higher position in the tree, often a specifier or head
position above its starting point. A trace, notated
as t or sometimes ec, is left behind in the origi-
nal site. The movement and trace together form
a chain: the moved element and its trace share
a single interpretation. Syntactic constraints like
the Proper Binding Condition and Empty Category
Principle (ECP) were proposed to regulate these
chains, requiring for instance that certain types
of traces be properly governed or bound (Fiengo,
1977; Chomsky, 1981). In essence, traces are null
categories that carry grammatical features but no
phonetic content, ensuring that despite the changed
word order, the sentence can be interpreted as if the
displaced element were in its base position.

2.2 Movement in English and Chinese
Generative syntax classifies movements by what
category moves and where it moves to. The major
types include A-movement, A’-movement and head
movement. A-movement refers to argument move-
ment to Case position, typically DP/NP movement
to subject or object positions. Classic instances
of DP-movement include passivization and raising
constructions. In a passive sentence, the object of
an active verb becomes the surface subject. For
example, “John1 hit Bob2.” becomes “Bob2 was
hit t2 (by John1).” Here the DP "Bob2" originates
as the object of the verb “hit” but moves to the
subject position, leaving a trace t2 as the verb’s
object. The trace carries the index of “Bob,” so the
verb “hit” can still assign its theme role to that po-
sition. English marks this movement with auxiliary
“be” + past participle. In Chinese, passivization
is marked by the “被(bei)-construction” as in “张
三1被李四2打了t1.” (“Zhangsan1 was hit t1 by
Lisi2”). Early generative analyses debated whether
bei-passives involve NP-movement like English
(Wang, 1970) or are base-generated as a different
structure (e.g., Hashimoto, 1969, 1987), illustrating
the debate of whether Chinese employs the same
kind of movement as English.

A’-movement refers to non-argument movement
to operator positions, such as wh-phrases to clause-
initial position. In English, A’-movement is overt
and obligatory in wh-questions: for example, in
“What did Mary buy t?” the object what moves
from its base position as the complement of “buy”
to the clause-initial Spec-CP position, leaving a
trace that marks its thematic role. In contrast, Chi-
nese is a wh-in-situ language and does not exhibit



overt A’-movement of wh-phrases. In a sentence
such as “张三买了什么？” (“Zhangsan bought
what?”), the wh-object “什么 (what)” remains in
its canonical postverbal position, and no surface
displacement occurs.

A’-movement also includes movement of adver-
bial elements (AdvPs) like adjunct fronting. In
English, adjuncts such as adverbs or prepositional
phrases can be fronted for emphasis, topic, or focus.
For instance: “Quickly, John finished the report t.”
English also allows fronting of negative adverbs
trigger inversion, such as “Never have I t seen that,"
or "Only then did he realize t his mistake.” In Chi-
nese, adverbial phrases in general do not need to
move to achieve various discourse functions be-
cause the base-generated order is already quite flex-
ible for adjuncts in Chinese. Temporal and locative
adverbials typically appear at the beginning of the
sentence in Chinese by default. For example, in
the sentence “昨天张三在这里看书。” (“Yester-
day Zhangsan read a book here.”), the AdvP “昨
天 (yesterday)” is at the front without any marked
inversion.

Head movement involves a head (like a verb,
Tense, or Complementizer) moving to a higher
head position. A prototypical case is T-to-C move-
ment in English questions. In an English yes-no
question or wh-question, an auxiliary or modal in
T (the inflectional head) moves to the C (comple-
mentizer) position at the front of the clause. For
example, “John has eaten.” becomes “Has John
eaten?”, where the T head “has” moves to a higher
position in the CP domain. If no auxiliary or modal
is present in a main clause (e.g. “John saw Mary.”),
English syntax supplies the dummy “do” to support
T-to-C movement (“Did John see Mary?”), a pro-
cess known as do-support, which indirectly reflects
that T must move to C in questions even when T
is just a tense affix. In Chinese, T or inflectional
heads do not undergo analogous movement. Chi-
nese lacks auxiliary inversion in questions; instead,
it employs other strategies: a sentence-final ques-
tion particle “吗 (ma)” for yes-no questions, or the
A-not-A construction such as “他去不去?” (“He
go-not-go?”) to mean “Is he going or not?” for
yes-no questions without particles.

The absence of overt wh-movement and head
movement in yes/no questions in Chinese does not
entail the absence of corresponding functional pro-
jections (e.g., TopicP, CP, FocusP). In many gen-
erative accounts, in situ elements in Chinese are
assumed to undergo covert movement to the same

structural positions as in English, with displace-
ment occurring at Logical Form rather than being
phonologically realized (Huang, 1982).

In sum, English and Chinese differ systemati-
cally in how syntactic dependencies are expressed,
with English relying more heavily on overt syn-
tactic movement and Chinese exhibiting compar-
atively less overt displacement. While Chinese
does allow topic fronting and DP movement in bei-
passives, other constructions like yes-no questions
and wh-questions are not expressed by overt move-
ment. Consequently, syntactic dependencies in Chi-
nese are more often resolved in situ or through prag-
matic mechanisms, highlighting a cross-linguistic
asymmetry in the relationship between deep and
surface structural representations.

2.3 Debates on syntactic movement
From the inception of transformational syntax,
Chomskyan formalism has posited distinct levels
of representation (deep structure vs. surface struc-
ture) to explain how one underlying proposition
can correspond to multiple surface orders (Chom-
sky, 1955, 1957, 1965, 1970, 1981; Jackendoff,
1977). Movement serves as the mechanism linking
these representational levels. Its primary motiva-
tion was explanatory unification: movement allows
superficially distinct constructions to share a com-
mon underlying structure, avoiding construction-
specific rules. For example, actives and passives
are analyzed as sharing a common underlying ar-
gument structure, with passivization involving dis-
placement of the object to subject position. Like-
wise, interrogatives are derived from declaratives
through operator movement—generalizations that
were difficult to capture in the non-transformational
grammars of the 1950s.

However, over the years many critiques have
arisen. One line of critique argued that a lot of what
generative grammar attributes to transformations
and abstract structure can be explained by resource
limitations and parsing strategies. For example, the
Dependency Locality Theory (DLT; Gibson, 1998,
2000) posits that the difficulty of a sentence largely
comes from the distance between dependent ele-
ments and the number of new referents introduced
between them. This is a gradient notion, not a
strict grammatical constraint. It does not distin-
guish “deep” vs. “surface” structures, there is just
the surface and the memory cost to connect ele-
ments in it. This approach essentially downplays
the necessity of an independent “deep structure”,



Figure 2: Methods overview. a Example English and Chinese sentences under X-bar–style and CFG syntactic
annotations, with counts of top-down and bottom-up parsing steps. b Aligning syntactic and control variables with
fMRI data using GLM. c Aligning LLaMA3 embeddings from surface and deep structures, and their average with
fMRI data using banded ridge regression.

as everything that matters is in the surface depen-
dency configuration and our memory handling of
it.

The critique can also be framed in terms of rep-
resentational economy: in the absence of clear neu-
robiological evidence for multiple syntactic repre-
sentations, usage-based approaches (Abbot-Smith
and Tomasello, 2010; Ambridge and Lieven, 2011;
Arnon and Snider, 2010; Boas, 2008; Diessel and
Hilpert, 2016; Dunn, 2019; Kidd et al., 2010; Ib-
botson, 2022; Goldberg, 1995, 2006) favor a single
level of representation in which structure emerges
from distributional regularities, dispensing with
movement in favor of direct form–meaning pair-
ings. Nonetheless, psycholinguistic and neurolin-
guistic findings provide support for movement-
based analyses. Large-scale acceptability studies
show sharp island effects not fully explained by
gradient memory metrics (Sprouse et al., 2012),
and neuroimaging work demonstrates that wh-
movement and head movement engage distinct
brain regions, with only the former overlapping
canonical syntactic networks (Shetreet and Fried-
mann, 2014). These results suggest that the brain
differentiates movement types in ways consistent
with their formal linguistic analyses.

Building on this line of work, the present study
aims to directly test the neurobiological reality

of syntactic movement and representational lev-
els under naturalistic language comprehension.
Rather than focusing on isolated sentence types
or controlled contrasts, we combine fine-grained
X-bar–style syntactic annotations with fMRI data
collected during audiobook listening in both En-
glish and Chinese. This design allows us to ask
whether neural responses track movement-related
representations such as traces and deep-structure
word order beyond surface word order and gen-
eral processing demands, and whether such effects
generalize across typologically distinct languages.

3 Methods

3.1 Annotations

X-bar trees. The English version of the audiobook
The Little Prince comprises 15,369 words across
1,502 sentences, with a mean sentence length of
10.23 words (SD = 6.92). The Chinese version
comprises 15,195 words across 1,577 sentences,
with a mean sentence length of 9.64 words (SD =
6.00). Two trained syntacticians (one native En-
glish speaker and one native Mandarin Chinese
speaker) manually annotated X-bar trees for each
sentence in the English and Chinese. All annota-
tions followed a unified X-bar schema, with ad-
ditional Chinese-specific functional heads where
appropriate (see Table 2 in Appendix A for details).



Language Word order
preserved

Word order
changed

Word order
changed ratio

English 645 857 57.1%
Chinese 363 1214 77.0%

Table 1: Proportion of sentences exhibiting word order
changes induced by movement operations in English
and Chinese stimuli.

Annotation was carried out independently and re-
solved through discussion to ensure consistency.

We identified 857 English sentences and 1,214
Chinese sentences in which deep-structure word
order differed from surface word order, correspond-
ing to word-order change ratios of 57.1% and
77.0%, respectively (see Table 1). This result ap-
pears counterintuitive, given that Chinese is typi-
cally characterized as involving less overt move-
ment than English. Closer inspection reveals that
movement in Chinese more frequently results in
word-order changes than English. For example, in
the English sentence “Here is a copy of the draw-
ing”, the clause involves DP movement to sentence-
initial position, but the moved DP is a null category
(∅), yielding no visible change in surface word
order. In contrast, in the Chinese sentence “页
头上就是那幅画的摹本。” (“Page-top on ex-
actly is that classifier (CL) painting ’s copy”.), the
PP “页头上 (page-top on)” is overtly fronted to
sentence-initial position, producing a clear surface
word-order change (see Figure 6 in Appendix A)

Traces. Within this annotation scheme, traces
were represented as terminal nodes labeled with t
plus their syntactic category and index (e.g., t-DPi,
t-Vi). This procedure yielded 5,169 traces in the
English sentences and 3,435 traces in the Chinese
sentences. Table 3 in Appendix A summarizes
the counts of different trace types in the English
and Chinese texts. Based on these annotations, we
derived a binary trace regressor that was set to 1 at
the offset of the word immediately preceding the
trace, and to 0 at all other positions.

CFG trees. For comparison, we also generated
Penn Treebank–style context-free grammar (CFG)
trees for all sentences using Stanford CoreNLP
(v4.5.10; Manning et al., 2014).

Node count. Node count at a given word was de-
fined as the number of parser actions required to ad-
vance from that word to the next under a specified
parsing strategy. In top-down parsing, the parser
projects hierarchical structure from higher-level
nodes before matching the input string, whereas in

bottom-up parsing, the parser incrementally builds
structure from terminal words upward, applying
phrase-structure rules only after lexical evidence is
available (Hale, 2014). We computed node counts
for each word based on both X-bar and CFG trees
under each parsing strategy. Figure 2a illustrates
differences in node counts derived from X-bar and
CFG trees under different parsing strategies.

Controlled variables. We included four con-
trol variables: pitch, intensity, word rate, and word
frequency, which are known to correlate with ac-
tivity in core language-related brain regions and
served as baseline regressors against which syntac-
tic effects were evaluated. Pitch and root mean
square intensity were computed at 10-ms resolu-
tion for the English and Chinese audiobook using
the Voicebox toolbox 1. Word rate was modeled
as a binary regressor marking the offset of each
word in the audiobook. Word frequency was de-
fined as the log-transformed unigram frequency of
each word, estimated from Google Ngrams (ver-
sion 2012070129).

3.2 fMRI data

We analyzed the English and Chinese subsets of a
publicly available fMRI dataset (Li et al., 2022),
comprising 49 native English speakers (30 females;
21.3 ± 3.6 years) and 35 native Chinese speak-
ers (15 females; 19.3 ± 1.6 years). Participants
listened to language-matched audiobooks of The
Little Prince during scanning (English: 94 min;
Chinese: 99 min) in a single session consisting of
nine runs of approximately 10 minutes each. De-
tails of fMRI data acquisition and preprocessing
are provided in Appendix B.

3.3 Aligning syntactic and control variables
with fMRI data

The nine convolved regressors were fit to each par-
ticipant’s fMRI time series at each cortical vertex
within a left-lateralized language mask. The mask
(black region in Figure 2b,c) included the left tem-
poral lobe, the left inferior frontal gyrus (LIFG;
Brodmann areas 44 and 45), and the left angular
gyrus (LAG; BA39). The same regression proce-
dure was applied independently to the English and
Chinese groups.

1http://www.ee.ic.ac.uk/hp/staff/dmb/voicebox/voicebox.html



Figure 3: a Correlation matrices of syntactic and con-
trol regressors for English and Chinese. b Layer-wise
encoding performance of LLaMA3 against fMRI data in
English and Chinese. c Correlation matrices of surface-,
deep-, and combined-order word embeddings from their
best-performing LLaMA3 layers.

3.4 Aligning deep and surface-order word
embeddings with fMRI data.

We extracted deep- and surface-structure word em-
beddings from each layer of a large language model
and conducted layer-wise encoding analyses within
a predefined language mask. We used the widely
adopted open-source LLaMA3.1-8B (Grattafiori
et al., 2024), which supports both English and Chi-
nese and has been extensively used in model–brain
alignment research. We operationalized “deep
structure” as a reordering of identical lexical items
based on X-bar dependencies, and aligned word
embeddings following this deep-structure order to
the same temporal offsets as their surface-order
counterparts in the audio (see Figure 2c). For each
language, ridge regression models were trained
to predict neural responses at each cortical vertex
using embeddings from eight data segments and
tested on the held-out ninth segment. To identify
the best-performing layer, we averaged Pearson’s r
across vertices within the language mask, yielding
a single encoding score per layer.

We next modeled neural responses using deep-
and surface-order word embeddings from the best-
performing LLaMA3 layer with banded ridge
(multi-kernel) regression (Dupré la Tour et al.,
2022), implemented via Himalaya’s MULTIPLEK-
ERNELRIDGECV. In addition to the individual
deep and surface embeddings, we included a com-
bined embedding defined as their average (see Ap-
pendix C for details of the banded ridge regression).
Prior to regression, all embeddings were reduced
to their first 100 principal components. Each em-
bedding set was treated as a separate kernel with
its own regularization parameter, enabling joint
integration of multiple embedding spaces while
adaptively weighting their contributions.

3.5 Statistical significance test

At the group level, regression coefficients (β) from
the GLM and Pearson’s r values from the banded
ridge regression were first z-scored and evaluated
separately for each language group using one-
sample, one-tailed t-tests with a cluster-based per-
mutation procedure (Maris and Oostenveld, 2007).
Statistical significance was assessed using 10,000
permutations. Clusters were defined by an initial
threshold of p < 0.05 and were required to span at
least 20 vertices. All group-level analyses were per-
formed using the Python packages MNE (v1.10.2;
Gramfort et al., 2014) and Eelbrain (v0.41; Brod-



Figure 4: Significant clusters associated with trace and syntactic node counts in English and Chinese.

beck et al., 2023).

4 Results

4.1 Correlation among regressors

The nine regressors, including X-bar top-down and
bottom-up node counts (xbar-td, xbar-bu), CFG
top-down and bottom-up node counts (cfg-td, cfg-
bu), trace, pitch, intensity, word rate, and word
frequency, were first convolved with the canonical
hemodynamic response function (HRF) to match
the temporal resolution of the fMRI data. We then
computed correlation matrices among these con-
volved regressors. The strongest correlation was
observed between xbar-bu and xbar-td in both En-
glish (r = 0.77) and Chinese (r = 0.85), whereas no
other regressor pair exceeded a correlation of 0.7
(see Figure 3a).

4.2 Encoding performance across LLaMA3
model layers

The best-performing layers for deep- and surface-
structure embeddings were layer 9 and layer 15
for English, and layer 8 and layer 15 for Chinese,
respectively (see Figure 3b). Correlations between
surface-, deep-, and combined-order word embed-
dings from their best-performing layers showed
highest correlation between deep and combined
word embeddings in English (r=0.45) and Chinese
(r=0.25).

4.3 Brain regions associated with syntactic
node counts and traces

We observed significant brain clusters associated
with trace and all syntactic node-count regressors
in canonical language regions for both English and
Chinese. However, node counts derived from X-bar

trees, under both top-down and bottom-up parsing,
predicted additional neural activity compared to
simpler CFG-based measures. Moreover, in En-
glish, trace and the contrast between xbar-td and
cfg-td elicited additional activation in left frontal
regions, suggesting greater sensitivity to syntactic
processing in English than in Chinese (see Figure
4 and Table 4 in Appendix D for detailed statistics
of the brain clusters). Regression results from con-
trol variables are shown in Figure 7 and Table 5 in
Appendix D.

4.4 Brain regions associated with deep and
surface word embeddings

For English, we observed significant left tempo-
ral activation associated with word embeddings
extracted from LLaMA3 under both deep- and
surface-structure word orders, as well as with their
average. Contrast analyses revealed stronger re-
sponses for surface-order than deep-order embed-
dings, while the combined embeddings elicited
greater activity than either surface or deep embed-
dings alone (see the left panel in Figure 5 and Table
6 in Appendix E for detailed statistics).

For Chinese, significant left temporal activation
was observed only for surface-order and combined
embeddings, with a significant contrast favoring
surface-order over deep-order embeddings in this
region. The combined embedding did not elicit
additional activity relative to the surface-order em-
bedding, and only a small cluster in the superior
temporal region was observed for the combined vs.
deep contrast (see the right panel in Figure 5 and
Table 6 in Appendix E for detailed statistics).



Figure 5: Significant clusters associated with deep-structure, surface-structure and combined word embeddings in
English and Chinese.

5 Discussion

Across both English and Chinese, syntactic node
counts and trace regressors significantly predicted
activity in canonical language regions, particu-
larly in the left temporal cortex, with X-bar–based
measures consistently outperforming simpler CFG-
based controls. These findings align with prior
work linking temporal regions to hierarchical struc-
ture building and dependency processing dur-
ing naturalistic language comprehension (Brennan
et al., 2012, 2016; Coopmans et al., 2025; Nelson
et al., 2017).

However, clear cross-linguistic differences
emerged. Relative to X-bar-based predictors, CFG-
based predictors appear to recruit additional frontal
activity under bottom-up parsing in English and
additional temporal activity in Chinese under top-
down parsing. Stronger top-down effects are taken
to reflect predictive structure-building mechanisms,
whereas stronger bottom-up effects are interpreted
as evidence for input-driven integrative computa-
tions. The cross-linguistic differences between En-
glish and Chinese suggest that the relative balance
between predictive and integrative processes may
be shaped by language-specific structural proper-
ties, such as the extent to which overt movement
and hierarchical reordering are systematically ex-
ploited in the grammar.

In English, trace effects and X-bar–specific con-
trasts additionally engaged left inferior frontal re-
gions, and deep-structure embeddings explained
neural variance beyond surface-order embed-
dings, with combined representations yielding the
strongest encoding performance. In contrast, Chi-
nese showed robust effects only for surface-order

embeddings, with minimal contributions from
deep-structure representations and little frontal in-
volvement. This asymmetry aligns with typological
differences between the languages, as many syn-
tactic dependencies in Chinese are resolved in situ
or through discourse-pragmatic mechanisms rather
than overt displacement. Together, these findings
support a hybrid view in which movement-related
representations are neurally instantiated when sys-
tematically exploited by a language’s grammar, but
play a reduced role when surface order and dis-
course cues suffice.

More broadly, our results align with prior
model–brain alignment work showing that neural
responses during naturalistic comprehension are
well predicted by LLM-derived word embeddings
(e.g., Gao et al., 2024, 2025; Goldstein et al., 2022;
Huth et al., 2016; Toneva et al., 2022; Schrimpf
et al., 2021). The superior performance of com-
bined embeddings, especially in English, suggests
that surface-order representations alone are insuffi-
cient, and that jointly encoding linear context and
hierarchical structure yields better alignment with
brain activity.

6 Conclusion

In this work, we conducted a naturalistic, cross-
linguistic test of syntactic movement by aligning
X-bar–based syntactic predictors and LLM em-
beddings with fMRI data during audiobook lis-
tening. Deep-structure and trace-related effects
were substantially stronger in English than in Chi-
nese, providing partial neurobiological support for
movement-based theories while highlighting their
language-specific neural relevance.



Limitations

Several limitations should be acknowledged. First,
deep-structure word order was derived from X-bar
annotations, which necessarily reflect theoretical
assumptions. Although we mitigate this by compar-
ing against CFG-based controls and by using inde-
pendent LLM representations, alternative syntactic
formalisms could yield different deep representa-
tions. Extending this approach to other syntactic
theories would further strengthen the conclusions.

Second, although naturalistic stimuli offer eco-
logical validity, they reduce experimental control
over specific syntactic contrasts. As a result, move-
ment types and dependency configurations are un-
evenly distributed, particularly across languages.
Future work using targeted manipulations embed-
ded within naturalistic contexts could help isolate
specific movement operations more precisely.

Finally, while LLaMA3 provides a powerful mul-
tilingual embedding space, it is not a model of
human sentence processing per se. Differences
between model architectures, training data, or tok-
enization strategies may influence which represen-
tational levels best align with brain activity. Future
work comparing multiple model families may help
disentangle theory-specific from model-specific ef-
fects.
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Appendix

A X-bar and trace annotations in English
and Chinese

Table 2 lists the Chinese-specific functional cate-
gories. Table 3 reports the counts of different trace
types derived from movement in English and Chi-
nese. Figure 6 illustrates representative examples
of movement in English and Chinese using X-bar
tree structures.

B fMRI data acquisition and
preprocessing

English and Chinese MRI data were acquired
with a 3 T GE Discovery MR750 scanner us-
ing a 32-channel head coil. Structural scans
were acquired using a T1-weighted magnetization-
prepared rapid gradient-echo sequence. Functional
scans were obtained using a multi-echo echo-planar
imaging (EPI) sequence (TR = 2000ms; TEs =
[12.8, 27.5, 43] ms; flip angle = 77◦; matrix size =
72 × 72; FoV = 240.0 × 240.0mm; in-plane ac-
celeration factor = 2; 33 axial slices; voxel size
= 3.75 × 3.75 × 3.8mm). Each scanning run be-
gan with a trigger followed by an 8 s delay before
stimulus onset. Anatomical and functional MRI
data were preprocessed with fMRIPrep (v25.0.0;
Esteban et al., 2020), with final resampling to the
fsaverage5 surface performed in a single interpola-
tion step using mri_vol2surf.

C Banded ridge methods

In the banded ridge regression, fMRI responses y
were predicted as

ŷ =
∑
i

Kiwi (1)

where Ki = XiX
⊤
i and wi are the correspond-

ing kernel weights. Model fitting minimized the
objective

∥y −
∑
i

Kiwi∥2 +
∑
i

αiw
⊤
i Kiwi (2)

with independent ridge penalties αi for each
kernel. We used the precomputed kernel op-
tion and performed random search over αi ∈
[100, 1020], optimizing log-weights δi = − logαi

via cross-validation. Data were split into 90%
training and 10% testing sets in temporal or-
der. Per-kernel predictions ŷi were obtained using

predict(split=True), and Pearson correlations
between predicted and observed responses were
computed as model-specific performance scores.

D Additional GLM results

Statistics for significant brain clusters associated
with syntactic node counts and traces from the
GLM analysis are reported in Table 4. Clusters
and corresponding statistics for control variables
are shown in Figure 7 and Table 5.

E Banded ridge results

Table 6 reports cluster statistics for deep-, surface-,
and combined-order word embeddings in English
and Chinese from the banded ridge regression anal-
ysis.

F Computational resources

All experiments were conducted on a high-
performance computing (HPC) cluster with nodes
equipped with dual AMD EPYC 7742 processors
(64 cores per socket; 128 physical cores per node)
and 512 GB of RAM. For each participant, the
GLM analysis required approximately 0.5 CPU-
hours, and the banded ridge regression required
approximately 5 CPU-hours.



Phrase Head / Marker Core function and description
ModP neng, hui, yinggai Encodes deontic, epistemic, or dynamic modality; headed by modal markers

and structurally dominates vP.
PolarP shi bu shi, neng fou Encodes affirmative, negative, or interrogative polarity, typically realized

through polarity markers.
ShiP shi Copular phrase connecting subject and predicate, realizing equivalence, clas-

sification, or focus-related emphasis.
QP san ge, dou, you de Quantifies nominal or verbal predicates; includes both nominal and adverbial

quantifier types.
LianP lian Marks extreme focus (e.g., lian . . . dou/ye); the focused element occupies the

specifier position.
DeP de Functions as an attributive marker or nominalizer of predicative phrases via

the structural particle de.
BaP ba Disposal construction moving the patient to the specifier position; dominates

VP and co-occurs with resultative or perfective markers.
ClP ben, ci, tian Classifier phrase forming the core of number–classifier–noun structures;

includes nominal (dominating NP) and verbal (dominating VP) types.
YouP you Expresses possession, existence, or attributive relations via the verb you.
ReP result elements Encodes resultative meaning by dominating result-denoting elements associ-

ated with an action.
SitP situation markers Encodes durative situational states of events; e.g., zhao in Ta shui zhao le

indicates continuation of the sleep state.
AspP le, zhe, guo Encodes aspectual properties of events; aspect markers indicate completion,

durativity, or experiential aspect and dominate VP.

Table 2: Chinese-specific functional phrase categories.

Trace type English Chinese Trace type English Chinese
t-DP 2330 1982 t-ClP / 2
t-TP 8 1 t-C 245 /
t-T 1370 / t-AspP / 2
t-DeP / 101 t-CP 128 188
t-V 216 428 t-Shi / 1
t-GP / 22 t-Op 117 /
t-v 219 269 t-AP 2 /
t-NumP / 7 t-AdvP 134 1
t-PRO 328 214 t-VP 1 /
t-ConjP 1 6 t-PP 23 27
t-pro 46 183 t-NegP 1 1

Table 3: Counts of different types of traces in English and Chinese sentences.

Regressor English Chinese
N vertices p Cohen’s d N vertices p Cohen’s d

Trace 731 0 2.9374 316 0.001 4.4334
X-bar bottom-up 111 0.0438 3.1838 300 0.0009 2.9952
X-bar top-down 419 0 2.6363 144 0.0679 4.4474
CFG bottom-up 474 0.0004 2.7472 207 0.0168 3.5706
CFG top-down 316 0.0220 2.2983 189 0.0469 3.5454
X-bar > CFG
Bottom-up 457 0.0415 2.1765 300 0.0009 2.9952
Top-down 511 0 3.2521 67 0.0338 2.8111

Table 4: Cluster statistics for syntactic node-count and trace effects from the GLM analysis in English and Chinese.

Control variable English Chinese
N vertices p Cohen’s d N vertices p Cohen’s d

Pitch 465 0.0001 3.0234 561 0 1.9540
Intensity 373 0 2.6984 106 0.006 3.1360
Word rate 593 0 3.2627 579 0 2.1923
Frequency 690 0 -3.2925 231 0.0754 -1.9742

Table 5: Cluster statistics for control variables in English and Chinese from GLM analysis.



Figure 6: Representative examples of movement in English and Chinese using X-bar tree structures.

Figure 7: Significant clusters associated with control variables in English and Chinese from the GLM analysis.

Embedding group English Chinese
N vertices p Cohen’s d N vertices p Cohen’s d

Deep 41 0.0095 4.0586 / / /
Surface 68 0.0434 2.5661 12 0.0300 2.3576
Combined 120 0.0498 1.9537 59 0.042 1.9463
Contrast
Surface > Deep 64 0.0498 1.8627 44 0.0013 2.3757
Combined > Surface 17 0.0138 3.5557 / / /
Combined > Deep 58 0.0132 1.6109 12 0.0463 5.3000

Table 6: Cluster statistics for deep-, surface-, and combined-order word embeddings in English and Chinese from
banded ridge regression.
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