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Abstract

Large Language Models (LLMs) demonstrate human-level or even superior lan-
guage abilities, effectively modeling syntactic structures, yet the specific computa-
tional units responsible remain unclear. A key question is whether LLM behavioral
capabilities stem from mechanisms akin to those in the human brain. To address
these questions, we introduce the Hierarchical Frequency Tagging Probe (HFTP), a
tool that utilizes frequency-domain analysis to identify neuron-wise components of
LLM:s (e.g., individual Multilayer Perceptron (MLP) neurons) and cortical regions
(via intracranial recordings) encoding syntactic structures. Our results show that
models such as GPT-2, Gemma, Gemma 2, Llama 2, Llama 3.1, and GLM-4
process syntax in analogous layers, while the human brain relies on distinct cortical
regions for different syntactic levels. Representational similarity analysis reveals
a stronger alignment between LLM representations and the left hemisphere of
the brain (dominant in language processing). Notably, upgraded models exhibit
divergent trends: Gemma 2 shows greater brain similarity than Gemma, while
Llama 3.1 shows less alignment with the brain compared to Llama 2. These find-
ings offer new insights into the interpretability of LLM behavioral improvements,
raising questions about whether these advancements are driven by human-like
or non-human-like mechanisms, and establish HFTP as a valuable tool bridging
computational linguistics and cognitive neuroscience. This project is available at
https://github.com/LilTiger/HFTP.

1 Introduction

Language is fundamental to human communication, thought, and cultural transmission. According
to the framework proposed by Noam Chomsky, language is divided into three key components:
semantics (meaning), phonology (sound), and syntax (hierarchical sentence structure) [Chomsky,
1963]]. Syntax is particularly crucial as it governs how words combine into meaningful expressions,
underpinning the recursive and generative capacity unique to human language. The theory of
Universal Grammar proposes that all human languages share innate structural principles [[Chomskyl
1980]. Building on this foundation, cognitive neuroscience has shown that syntactic processing
recruits mechanisms distinct from other linguistic functions, particularly within the left inferior
frontal and posterior temporal regions [Matchin and Wood, 2020}, [Friederici, 2011]]. Moreover,
increases in syntactic complexity yield graded activation in left inferior frontal and posterior temporal
cortices, consistent with the computation and maintenance of hierarchical dependencies rather than
simple lexical associations [Pallier et al.,| 2011} Nelson et al.,[2017]. As our understanding of human
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syntactic computation deepens, arti cial intelligence models have increasingly sought to emulate this
ability to capture and represent structured language.

In recent years, large language models (LLMs) have evolved rapidly, achieving human-level or better
performance on a range of linguistic benchmarks and professional eéxams [Achidrn et al., 2023]. Their
success in understanding, translation, and summarization has led to claims of human-like uency,
particularly in generating text that conforms to surface syntactic regulafities [Mahowald et al., 2024,
He et al.| 2024, Van Veen etlal., 2024]. Yet it remains unclear whether such models truly represent the
hierarchical sentence structures that characterize human syntax. Some ndings indicate that LLMs
can implicitly capture and manipulate structural relations [Manninglet al.,| 2020], while others suggest
their success can rely on shallow statistical heuristics rather than genuine structural understanding
[Linzen et al.| 2016, McCoy et al., 2019]. This ongoing debate underscores the need for a uni ed
analytic framework capable of directly comparing syntactic representations in human and model
systems, which is essential for probing the depth and nature of syntactic alignment between the
human brain and arti cial models.

Ding et al. [Ding et al., 2016] introduced the hierarchical frequency tagging (HFT) technique to
uncover how the human brain processes hierarchical linguistic structures during natural speech
comprehension. In this paradigm, monosyllabic words are presented at a datdzofo form
phrases a2 Hz, which combine into sentences htHz. Using frequency-domain analysis of
electrophysiological signals, Ding et al. deconstruct the processing of linguistic structures such as
phrases and sentences. Subsequent work has extended the HFT framework along complementary
axes. Attention is required to group lower-level inputs into higher-order linguistic units, and diverting
attention attenuates word- and phrase-rate tracking [Ding|et al.| 2018]. MEG source analyses
dissociate cortical signatures for word- versus phrase-level rhythms and link phrasal tracking to
comprehension [Keitel et al., 2018]. Computational modelling shows that oscillatory architectures can
implement hierarchical parsing and reproduce HFT-like spectra [Martin and Dbumas, 2017]. Natural-
speech EEG reveals endogenous word-rate tracking that interacts with exogenous rhythric ¢ues [Luo
and Ding| 2020]. Naturalistic experiments show that phrase-rate tracking re ects internally generated
structure rather than compositional meaning per se, yet remains sensitive to the lexical-syntactic cues
that support structure building [Coopmans €t'al., 2022]. Together, these studies demonstrate that HFT
effectively isolates neural markers of hierarchical language processing.

Building on hierarchical frequency-tagging [Ding et al., 2016], we introduced the Hierarchical
Frequency-Tagging Probe (HFTP), a uni ed framework that probes internal representational structure
and systematically assesses the alignment of syntactic representations between large language models
and the human brain. The key contributions of this paper are: (i) We innovatively employed
frequency-domain analysis using HFTP to characterize the syntactic structure representations of
every computational unit in each layer of LLMs; (ii) HFTP provides a simple, universally applicable
approach for detecting and aligning syntactic structure representations in LLMs (via neuron-wise
probing) and the human brain (via population-level analyses), and extends seamlessly to naturalistic
text. (iii) Using syntactic templates derived from HFTP, we identi ed brain regions highly correlated
with LLMs, predominantly located in key language-processing areas of the left hemisphere; (iv)
By comparing six LLMs, we observed divergent trends in upgraded versions, with some showing
increased similarity to brain representations while others exhibited reduced alignment. In sum, HFTP
effectively detects syntactic structure representations in both LLMs and the human brain, providing a
novel framework for alignment study.

2 Related work

Syntactic processing in the human brain In humans, syntactic processing recruits a left-dominant
fronto-temporal network that supports hierarchical combination from nite elements. Classic lesion
and neuroimaging work documents a left-hemisphere advantage [Friederici and Braugr, 2009] Hagoort,
2013/ Blank et all|, 2016], with hemispheric temporal sensitivities aiding speech segmentation [Albouy
et al., 2020]. Converging evidence shows that syntactic operations are distributed across frontal and
temporal cortex with substantial overlap with semantic integration [Blank et al., 2016, Fedorenko
et al., 2020]. Arti cial-grammar fMRI further indicates that hierarchically structured strings reliably
engage left inferior frontal gyrus and posterior superior temporal regions [Chen et al., 2021]. Overall,
syntactic processing relies on a left-dominant, distributed fronto—temporal network that substantially
overlaps with semantic integration, rather than a single locus.



Syntactic processing in language models Even before the development of LLMs, researchers found
that simple LSTM language models could capture syntax-sensitive dependencies, such as subject-verb
agreement [Linzen et al., 2016, Kuncoro et al., 2018]. Using a technique called structural probing,
Manning et al. discovered that transformer-based models like BERT can encode hierarchical syntactic
trees, enabling such models to implicitly represent complex syntax without direct training [Hewitt
and Manning, 2019]. These transformer-based models excel at tracking both local and long-range
dependencies through specialized attention mechanisms, distributing syntactic knowledge across
layers [Clark, 2019, Tenney et al., 2019, Manning et al., 2020].However, the methods employed in
these studies of language models make it challenging to apply ndings to the exploration of human
brain activity.

Alignment between LLMs and the human brain A growing body of work shows that sentence-level
contextual embeddings from predictive LMs strongly predict cortical responses during comprehension
[Sun et al., 2020, Schrimpf et al., 2021]. Disentanglement analyses that factorize activations into
lexical, compositional, syntactic, and semantic components indicate distributed contributions—often
with compositional/lexical signals explaining much of the alignment, rather than syntax alone
[Caucheteux et al., 2021, Caucheteux and King, 2022]. Neuroimaging manipulations that dissociate
semantics from syntax reveal distinct patterns (including frontal engagement) without establishing
syntactic dominance [Wang et al., 2020]. Intervention studies that selectively remove linguistic
properties from model representations yield reliable drops in brain alignment, with syntactic properties
(e.g., tree depth, top constituents) exerting large cross-layer effects [Oota et al., 2023]. These ndings
are consistent with convergence on shared representational axes across brains and models [Hosseini
et al., 2024] and with demonstrations that model-derived stimuli can causally drive or suppress
the human language network [Tuckute et al., 2024], while alignment varies systematically across
layers as contextual information accrues [Goldstein et al., 2022]. However, despite these advances,
methodological inconsistencies still prevent systematic comparison of syntactic structure encoding
across models and neural populations, underscoring the need for a uni ed analytical framework.

Figure 1: A framework for Hierarchical Frequency Tagging Probes (HFTP) and an illustration of
computational units involved in different levels of hierarchical linguistic processing in both LLMs
and the human brain. A, hierarchical linguistic structure in English and Chinese including syllable,
phrase, and sentence. B, hierarchical linguistic pattetiz sentence featur@, Hz: phrase feature)
observed both in LLMs and C, human brain.



3 Methods

We present the framework of the proposed HFTP methodology (see Figure 1). This framework is
organized into four parts: Section 3.1 describes the syntactic corpora used and the LLM architectures;
Section 3.2 details the syntactic structure probe in LLMs to detect syntactic units; Section 3.3 explains
the syntactic structure probe applied to human intracranial stereo-electroencephalography (SEEG)
data; and Section 3.4 correlates syntactic structure representations in LLMs and the human brain by
comparing frequency-domain representations and detecting similarities in how syntactic structures
are encoded across both systems.

3.1 DataandLLMs

We mainly utilized Chinese and English corpora adapted from [Ding et al., 2016], consisting of
four-syllable sequences in Chinese or four-word sequences in English, where the rst two and last
two units form phrases (see Figure 1). Further details regarding the corpus can be found in Appendix
H. We also adopted naturalistic texts to test the generalizability of our HFTP method (see F). For
both the SEEG and model-brain alignment experiments, we used the same two Chinese corpora—the
sentence and phrase corpora—from [Sheng et al., 2019]. While these corpora share a similar
structure to the Chinese syntactic corpus used in the LLM experiments, they differ in content. Guided
by evidence that periodic lexical regularities alone can produce peaks at word-, phrase-, and sentence-
rate frequencies [Frank and Yang, 2018], we added a within-sentence word-order—randomized control
in all experiments: items are permuted across positions so that lexical and part-of-speech categories
do not recur at xed positions and any consistent phrase- or sentence-level patterns are prevented,
while the lexical set is preserved. This control isolates the syntactic and lexical contributia® to

and 4 Hz power.

We applied HFTP to six state-of-the-art LLMs: GPT-2, Gemma, Gemma 2, Llama 2, Llama 3.1, and
GLM-4, which vary in both architecture and parameter scale (see Table 5). To avoid tokenization
artefacts, we average MLP activations over sub-tokens at the syllable level for Chinese and word
level for English before FFT. This ensures that thélz and2 Hz spectral components re ect
linguistic boundaries rather than tokenization boundaries, enabling consistent cross-lingual and
cross-model comparisons. Notably, the term “MLP neuron” denotes a computational unit in the
intermediate hidden layer of the MLP sub-layer within a Transformer model. This sub-layer consists
of two linear transformations separated by a nonlinear activation function. We target MLP neurons
because they house localized, interpretable units—conceptualized as “knowledge neurons” [Dai et al.,
2021] that causally control factual recall and lexical—-syntactic concepts [Geva et al., 2022]. This
mechanistic speci city provides the discrete, concept-aware handles required by HFTP to robustly
localize syntactic structures.

3.2 Syntactic structure probe in LLMs

For each LLM, sequences from the Chinese and English corpora were concatenated separately into
continuous texts to capture neural-like activations. During this process, each Chinese syllable (or
English word) outputs an activation value, allowing the signal corresponding to every individual
linguistic unit to be traced. These time-domain activations were then transformed into frequency-
domain information via fast-fourier transform (FFT). Because LLM activations are indexed by token
order rather than physical time, we imposed an expli¢iz clock and sampled & Hz, which by

Nyquist con nes the analyzable band@e2 Hz This explicit time axis mirrors prior continuous-time
encoding approaches that reconstruct model features on a continuous timeline before comparing
them with neural data [Jain et al., 2020], thereby enabling temporally interpretable model-brain
correspondence.. This adjustment ensured that the syntactic rhythms analogous to those observed in
human brain data could be captured within the model activations.

LLMs, with their multiple layers and thousands of MLP neurons per layer, require a systematic
approach to detect which neurons are responsible for either sentence or phrase processing. HFTP
introduces a uni ed probe to detect signi cant syntactic processing units, applicable to both LLMs
and human brain data. For the LLMs, we conducted a permutation test, randomizing the model
activations derived from the structured input corpus 1000 times. The original frequency bikkzat

and?2 Hz, representing sentence and phrase rhythms respectively (their real parts of amplitudes are
denoted aseallamp(1 Hz)], reallamp(2 Hz)]), were compared to the 95% con dence intervals



Figure 2: Alignment pipeline between LLMs and the human brain. SRDMs are computed for
exclusive sentence/phrase and sentence&phrase MLP neurons and brain channels by comparing
cosine similarities across different conditions. Subsequently, RSA (using Spearman correlation) is
applied to quantify the similarity between the two SRDMs, thereby assessing the correspondence
between model and brain representations.

(CI) generated by the distribution of permuted activations. Neurons wieafamp(1 Hz)] and
reallamp(2 Hz)] values exceeded this threshold were classi ed as signi cant MLP neurons (see 1),
indicating their involvement in syntactic processing with statistical robustness against random noise.

De nition 1 (Signi cant MLP Neurons). For a xed frequency, a neuron is a signi cant MLP
neuron, if and only if its FFT result satis es

real[amp(f)] 2 95% CI of permuted distribution: Q)
The set containing all the signi cant MLP neurons in terms of frequency f is denoted.as S

Since the signi cant MLP neurons are distributed almost uniformly across all layers, detecting
the speci c neurons that contribute to sentence and phrase processing requires a more objective
and systematic method. We then applied z-scores to the FFT amplitudeslaand2 Hz in

both the experimental and control groups for all signi cant MLP neurons across layers. The z-
score deviatiorzs (n) between the experimental and control groups was then calculated for each
neuron.This deviation helps minimize semantic confounds by isolating frequency-speci ¢ syntactic
effects. Sentence and phrase MLP neurons were de ned as those whose z-scores deviated by more
than two standard deviations from the mean, at 1 Hz and 2 Hz, respectively (see 2).

De nition 2 (Sentence MLP Neurons and Phrase MLP Neurons). A neuard de ned as a
sentence/phrase MLP neuron if it satis es

n2Ss; z(n) z 2 2 (2)

wherez; (n) denotes the-score deviation of the FFT amplitude between experimental and control
groups for neurom at frequency , ,, denotes the meariscore across all neurons for the frequency
f, 2 denotes the standard deviationEcores across all neurons for the frequerigyand the
frequency f is speci ed as 1 Hz and 2 Hz for sentence and phrase MLP neuron respectively.

Following this, we identi ed and analysed sentence and phrase MLP neurons across layers and LLMs,
with full details provided in Section 4.1. We also conducted bilingual experiments to assess the ability
of different LLMs to perceive syntactic structures across Chinese and English (see Appendix C).

3.3 Syntactic structure probe in the human brain

We recorded sEEG from 26 native Chinese speakers while they listened to two Chinese auditory
corpora. In the sentence corpus, nine faytlable sentences were concatenated per trial; in the
phrase corpus, eighteen twgyllable phrases were concatenated. Each corpus comprised 40 trials
per subject. Syllables were 250 ms long, and signals were samptd@ atiz (2048 Hzfor one



participant). To minimize onsetlated responses, subsequent analyses used only the nal 32 syllables
of each trial.

To analyze the SEEG data, we employed inter-trial phase coherence (ITPC), a frequency-domain
method relatively resistant to noise that quanti es the consistency of phase relationships in oscillatory
brain activity across multiple trials [Cohen, 2014]. sSEEG channel localization was performed similarly
to previous studies [Xu et al., 2023, Wang et al., 2024]; all channels were mapped to brain regions
de ned by the Automated Anatomical Labeling (AAL) system. We then grouped certain AAL regions

to form 12 brain regions of interest (ROIs) (details in Appendix I). Subsequent experiments were
conducted based on brain ROls.

As previously outlined, the HFTP proposes a uni ed syntactic structure probe for both LLMs and
human brain data. For the human brain analysis, we employed the same permutation testing procedure
on the time-domain sEEG data that captured cortical activity during listening to Chinese corpora.
Speci cally, ITPC results were randomized 1000 times for each channel in each subject. The original
frequency binsreallamp(1 Hz)] andreal[amp(2 Hz)], were then assessed to determine whether
they fell within the 95% con dence interval of the permuted ITPC distribution (see 3).

De nition 3 (Sentence channels and Phrase channels). A charisele ned as a sentence/phrase
channel if its ITPC result satis es

real[amp(f)] 2 95% CI of permuted ITPC; 3)

where f = 1 Hz for sentence channel and f = 2 Hz for phrase channel.

Using this probe, we identi ed and analyzed the distribution of sentence and phrase channels across
various brain ROIs, with full details provided in Section 4.2.

3.4 Alignment of syntactic structure representations of LLMs with the human brain

To explore syntactic structure representation alignment between LLMs and the human brain, we
compared their frequency-domain representations using the same sentence and phrase corpora as in
the sEEG experiment. For each computational unit (a MLP neuron in LLMs or an sEEG channel
in the human brain), we extracted amplitude in the frequency spectrum as the feature vector. This
approach creates a multi-dimensional space based on frequency-domain features, where each syntactic
structure corresponds to a speci ¢ point in this space (see Figure 2). We then computed the distances
between these points for different syntactic structures within the same computational unit using cosine
similarity. Through pairwise comparisons, we constructed Structure Representational Dissimilarity
Matrices (SRDMSs) for each computational unit, which are similar to Representational Dissimilarity
Matrices (RDMs) but speci cally capture the representations of syntactic structures [Cichy et al., 2014,
Khaligh-Razavi and Kriegeskorte, 2014]. We then applied Representational Similarity Analysis (RSA)
to enable cross-modal comparisons between LLMs and brain data, correlating the representations
in both systems [Kriegeskorte et al., 2008]. This approach quanti ed alignment and used statistical
tests to detect signi cant overlaps. We introduced two measures: model-brain siniémityb) and
model-region similaritys(m; by ), to evaluate alignment globally and in speci ¢ brain ROI, and used

the contribution raticCR; to assess the impact of each region on the alignment. For more details on
the alignment pipeline, see Appendix A. The comprehensive discussion of the alignment results can
be found in Section 4.3.

4 Experiments

We used HFTP to assess syntactic processing in the human brain and LLMs, and aligned their
frequency-domain representations to evaluate their similarity.

4.1 MLP neurons represent sentences and phrases in LLMs

Using the HFTP method, we identi ed neurons in all six models that selectively represent sentences
(sentence MLP neurons), phrases (phrase MLP neurons), and neurons that simultaneously represent
both (sentence & phrase MLP neurons). In the examples shown, we highlight MLP neurons which
display distinct hierarchical frequency patterns. Figure 3 demonstrates four patterns: a signi cant
peak at the sentence frequenéyefence = 1 Hz), a signi cant peak at the phrase frequency



(f phrase = 2 Hz), dual peaks at botfisenence @andf pnrase , @nd no signi cant peaks. Frequencies
beyond 2 Hz have been arti cially set to zero for smoothness in the representation.

Figure 3: Hierarchical frequency patterns of MLP neurons selectively represent sentence features,
phrase features, shared features of both and non-sensitive feature (from left to the right). Here,

“experiment” denotes the original corpus, while “random" indicates the randomized version. Shaded
bands showl s:e:m: computed across 10 shuf ed-input activation partitions. Signi cant peaks

(*p < 0:05, FDR corrected) indicate amplitudes stronger than neighboring frequencies within
0:5 Hz. "Normalized Amplitude" represents the curves and bands scaled to a range of 0 to 1.

(a) GPT-2 (b) Gemma (c) Gemma 2

(d) Llama 2 (e) Llama 3.1 (f) GLM-4

Figure 4: Statistics of exclusive sentence/phrase MLP neurons and sentence & phrase MLP neurons
in each layer across six LLMs.

For the six LLMs tested, we identi ed their sentence and phrase neurons using the HFTP method.
Figure 4 shows the distribution of exclusive sentence/phrase neurons and sentence & phrase across
different layers, based on experiments using the Chinese syntactic corpus. All the models contain
neurons dedicated to capturing sentences and phrases, demonstrating their ability to encode the
syntactic hierarchies of human language. However, distinct distribution patterns suggest varied
syntactic processing strategies: Llama and GLM primarily process syntactic information in later
layers, re ecting a more integrated approach. GPT, on the other hand, exhibits higher concentrations
of sentence and phrase neurons in its middle layers, suggesting a balanced intermediate strategy. In
contrast, Gemma demonstrates a distinct preference for dense concentrations of neurons in the early
layers, indicating an emphasis on initial-stage syntactic processing. These divergences may re ect
where hierarchical composition occurs: models that infer constituent structure from short-range cues
may compute sentence/phrase integration early and propagate it via residual paths, whereas models
that rely on broader context may defer integration to later layers. Training dynamics may further
partition depth into composition versus context-mixing stages, reallocating syntactic signals across
layers even under identical inputs.

A comparative analysis reveals a signi cant decrease in the maximum proportions of all syntactic
MLP neurons in the Llama and Gemma models, dropping from 11% in Llama 2 to 4.5% in Llama
3.1, and from 27% in Gemma to 22% in Gemma 2. As Llama 3.1 and Gemma 2 are updated versions
of Llama 2 and Gemma, respectively, this trend suggests a potential shift in computational resource
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