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The Geometry of Macro-Syntax: Geometric Resonance and Hierarchical Derivation
in the Left Angular Gyrus

Mengkai Wang (taylericy @bfsu.edu.cn)’
!'School of English and International Studies, Beijing Foreign Studies University

Abstract

A central challenge in cognitive neuroscience is identifying
the algorithmic principles that allow the human brain to trans-
form linear linguistic input into hierarchical macro-syntactic
structures. We propose the Geometric Resonance Hypothesis,
postulating that the Left Angular Gyrus (L-AG) operates on a
representational geometry that is topologically isomorphic to
the deep derivational manifolds emergent in Large Language
Models (LLMs). Utilizing fMRI data from the Natural Sto-
ries Corpus and the BERT transformer architecture, we track
the alignment between neural activity and the model’s compu-
tational hierarchy. Residual Representational Similarity Anal-
ysis (RSA) reveals a distinct phase transition: neural align-
ment remains minimal in lexical layers but peaks significantly
in the deepest integration layers. Quantitative manifold analysis
demonstrates that this resonance is driven by the intrinsic struc-
tural complexity of the representational space. Furthermore, a
causal mediation analysis establishes that the relationship be-
tween syntactic complexity by Dependency Locality Theory
scores and L-AG BOLD responses is significantly mediated by
the model’s macro-syntactic manifold. These results suggest a
biological convergence, where disparate substrates, biological
circuits and artificial networks, converge upon shared geometric
solutions to resolve the complexity of human language.

Keywords: macro-syntax; manifold geometry; BERT; causal
mediation; Left Angular Gyrus; structural complexity; biologi-
cal convergence

Introduction

The architecture of the human language faculty is defined by
a central computational paradox: linguistic input is received
as a linear stream of acoustic or visual symbols, yet it is in-
stantly perceived as a hierarchical structure of meaning. For
decades, cognitive neuroscience has struggled to reconcile two
competing theoretical frameworks describing this transforma-
tion. On one side, the Predictive Coding framework posits
that the brain operates primarily as a probability estimator,
where neural signals such as the N400 or BOLD responses in
the temporal-parietal junction reflect surprisal, the prediction
error generated when input deviates from expectation (Hale,
2001; Levy, 2008). On the other, the Structural Composition
framework argues that these signals reflect the distinct cog-
nitive cost of building syntactic relations, a process governed
by memory retrieval and dependency integration rather than
probabilistic heuristic (Fedorenko et al., 2020; Gibson, 2000).

While the Left Angular Gyrus (L-AG) has been consistently
implicated as a critical hub for this high-level integration, the

precise algorithmic nature of its computation remains opaque.
Does the L-AG simply register the shock of unexpected words,
or does it actively derive a macro-syntactic structure? The
difficulty in adjudicating between these accounts stems largely
from the lack of a dynamic computational model capable
of simulating the process of structure building. Traditional
metrics like Dependency Locality Theory (DLT) provide static
complexity scores but fail to describe the evolving geometric
state of the system as meaning unfolds.

The rapid ascendancy of Transformer-based Large Lan-
guage Models (LLMs), such as BERT, offers a novel avenue to
resolve this impasse. Crucially, recent breakthroughs in inter-
pretability have demonstrated that these models do not merely
memorize statistics; rather, they follow a distinct bottom-up
derivational trajectory. As information propagates through
the network’s depth, the representational geometry undergoes
aphase transition: shallow layers encode local lexical features,
while deep layers effectively reconstruct the global syntactic
hierarchy (Hewitt & Manning, 2019; Manning et al., 2020).
This layered architecture provides a formalized hypothesis
space, allowing us to ask whether the human brain employs a
topologically similar solution to the problem of composition.

In this study, we propose the Geometric Resonance Hypoth-
esis, postulating that the integration mechanisms in the human
L-AG are algorithmically equivalent to the macro-syntactic
derivation observed in the deep layers of high-performance
neural networks. We diverge from traditional encoding studies
that rely on linear correlations with scalar metrics. Instead, we
employ a dual-strategy approach utilizing the Natural Stories
Corpus (Futrell et al., 2018). First, we use Representational
Similarity Analysis (RSA) to trace the representational tra-
Jjectory of neural activity, testing whether the L-AG exhibits
a second-order isomorphism with the specific derivational
manifold of deep LLM layers. Second, and critical to es-
tablishing mechanism over mere correlation, we implement a
Causal Mediation Analysis. We posit that if the L-AG is truly
a compositional engine, the relationship between linguistic
complexity (DLT) and neural activity should be statistically
mediated by the computational state of the model’s deep syn-
tax layers.

By validating this geometric alignment, we aim to demon-
strate a form of biological convergence: that disparate sub-
strates, biological circuits and artificial neural networks, may
have converged upon a shared geometric solution for deriv-
ing global meaning from local inputs. This work thus moves
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beyond the dichotomy between prediction and composition,
suggesting that the brain’s response to complexity is the phys-
iological signature of traversing a high-dimensional syntactic
manifold.

Related Work

Theoretical Accounts of Syntactic Integration

The mechanism by which the brain unifies discrete lexical
items into coherent macro-syntactic structures remains a cen-
tral dispute in psycholinguistics. The Surprisal Theory frames
this process within an information-theoretic paradigm, assert-
ing that the cognitive cost of processing a word is proportional
to its negative log-probability given the preceding context
(Hale, 2001; Levy, 2008). Under this view, neural activity in
the temporal-parietal cortex primarily reflects the resolution
of prediction errors. Conversely, structuralist accounts, most
notably Dependency Locality Theory (DLT), argue that pro-
cessing cost is driven by memory retrieval and the integration
distance between dependent elements (e.g., subject-verb de-
pendencies) (Gibson, 2000). While the Left Angular Gyrus
(L-AG) is widely recognized as a supramodal hub for combi-
natorial processing (Bemis & Pylkkinen, 2011; Price, 2010),
physiological evidence has been equivocal, with studies re-
porting sensitivity to both probabilistic expectation and struc-
tural complexity. This theoretical ambiguity persists partly
because traditional metrics treat syntactic derivation as a sin-
gular scalar value rather than a dynamic trajectory through a
representational state space.

Language Models as Neural Encoders

The advent of Transformer architectures has spurred a
paradigm shift in mapping computational models to biological
substrates. Recent work has demonstrated a substantial linear
correspondence between the internal activations of Large Lan-
guage Models (LLMs) and human cortical responses during
naturalistic listening, often outperforming traditional linguis-
tic features (Caucheteux & Gramfort, 2022; Schrimpf et al.,
2021). However, the majority of these studies rely on en-
coding performance, the ability to predict voxel-wise BOLD
signals, as the primary metric of success. While establishing a
broad similarity, this approach treats the model as a black box,
obscuring the specific algorithmic isomorphisms that may ex-
ist. Crucially, high predictive accuracy does not distinguish
whether the brain is mirroring the model’s prediction of the
next token or its construction of hierarchical syntax, as these
features are often collinear in the final layer outputs.

The Geometry of Deep Derivation

To disentangle these mechanisms, we draw upon insights from
the interpretability of deep neural networks. Research utiliz-
ing structural probes has revealed that models like BERT do
not process syntax uniformly; rather, they exhibit a clear struc-
tural ontogeny across layers (Hewitt & Manning, 2019; Man-
ning et al., 2020). Information in shallow layers is dominated

by local lexical proximity, while global dependency struc-
tures, the hallmark of macro-syntax, emerge linearly only in
the deeper layers of the network. This layer-wise progression
offers a precise, falsifiable hypothesis space for neuroimag-
ing: if the L-AG is specialized for macro-syntactic integra-
tion, its representational geometry should not merely correlate
with the model’s output, but should structurally resonate with
the specific manifold topology found in the network’s deep,
integration-heavy layers. By focusing on this geometric align-
ment rather than simple signal prediction, the present study
aims to isolate the causal mechanism of derivation from the
confound of surface-level predictability.

Methods

Data Sources

We utilized the Natural Stories Corpus, a large-scale neu-
roimaging dataset consisting of fMRI recordings from sub-
jects listening to naturalistic spoken narratives (Futrell et
al., 2018). The neural analysis focused on the Left Angu-
lar Gyrus (L-AG), defined as a functional Region of Interest
(fROI) through the standard Langl.oc protocol (Fedorenko et
al., 2010). This region was selected due to its established
role as a supramodal hub for high-level semantic and syn-
tactic integration. The BOLD signals were extracted from
the Langl.AngG parcel and averaged across subjects to pro-
vide a robust estimate of the population-level response to the
narrative stimuli. To ensure temporal alignment between the
discrete linguistic inputs and the continuous hemodynamic
signal, we synchronized the onset times of each word with the
fMRI TR (2.0s).

Computational Modeling

To simulate the hierarchical derivation of syntax, we employed
a pre-trained BERT-base-uncased transformer model (Devlin
etal., 2019). We extracted hidden state activations from all 12
layers (I € [0, 11]) plus the initial embedding layer. For each
word in the corpus, the model processed the preceding context
to generate a context-aware representation. To mitigate the
narrow cone effect common in LLM embeddings, where high
anisotropy can inflate similarity scores, we applied a centering
transformation by subtracting the mean activation across the
stimulus set (Ethayarajh, 2019).

The geometric complexity of each layer’s manifold was
quantified using the Participation Ratio (PR), a measure of
effective dimensionality derived from the eigenvalues (1) of
the covariance matrix:

32
pR:M (1)

%A
Furthermore, we applied a structural probing approach by
projecting the high-dimensional activations into a lower-
dimensional syntactic subspace using Principal Component
Analysis (PCA), capturing the macro-syntactic coherence vec-
tors that represent the transition from local lexicality to global
dependency structures (Manning et al., 2020).
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To quantify the topological properties of the derivational
space, we estimated the Manifold Dimensionality of each
transformer layer using the Participation Ratio (PR). Unlike
raw dimensionality, PR provides a measure of the effective de-
grees of freedom utilized by the neural population to encode
structural information. The PR is derived from the eigenval-
ues (A1) of the activation covariance matrix:

noA)?

pr = (B ) o
n 2
i=1 A

This metric allows us to track the structural ontogeny of the
model, specifically, how the representational space expands to
accommodate complex syntactic dependencies in middle lay-
ers before potentially compressing into abstract task-relevant
manifolds in the final output layers.

Feature Alignment and Hemodynamic Modeling

The word-level features (BERT layer activations and DLT
scores) were convolved with a Glover Hemodynamic Re-
sponse Function (HRF) to match the temporal dynamics of
the fMRI signal. We employed a robust convolution pipeline
with a high-resolution 0.1s time-grid, subsequently downsam-
pling the predicted signals to the 2.0s TR of the BOLD data.
This process ensured that the linguistic features were appropri-
ately lagged and smoothed, reflecting the physiological delay
of the neurovascular response. Base-line controls, including
word frequency and the Dependency Locality Theory (DLT)
scores provided in the corpus (Gibson, 2000), were similarly
convolved to serve as benchmarks for the predictive modeling.

Representational Similarity Analysis

To test for geometric isomorphism between the L-AG and the
computational model, we performed Representational Simi-
larity Analysis (RSA) (Kriegeskorte et al., 2008). For each
story in the corpus, we constructed Representational Dissim-
ilarity Matrices (RDMs) for the neural activity (RDMp,4in)
and for each BERT layer (RDM,;,541(1)) using cosine dis-
tance. To isolate high-level macro-syntactic resonance from
lower-level lexical-semantic confounds, we implemented a
Residual RSA framework. For each layer /, we constructed
a Representational Dissimilarity Matrix (RDM) using cosine
distance. Crucially, we employed partial Spearman rank cor-
relations (p) to assess the second-order isomorphism between
the brain’s RDM and the model’s RDM at layer /, while statis-
tically partialing out the RDM of the initial embedding layer
(Layer 0). This approach ensures that the observed alignment
trajectory (Figure 1) reflects the incremental contribution of
the derivational process rather than the static similarity of
word embeddings. We employed a bootstrapping procedure
(5,000 iterations) to estimate the stability of these correla-
tions across subjects. This second-order isomorphism anal-
ysis allowed us to track the alignment trajectory across the
computational hierarchy of the network.

Causal Mediation Analysis

To determine whether the computational states of the model
causally mediate the brain’s response to syntactic complexity,
we implemented a mediation framework (Imai et al., 2010).
We modeled a causal path where the Treatment variable
(T') was the syntactic complexity (DLT score), the Mediator
(M) was the macro-syntactic feature from the high-alignment
BERT layer (e.g., Layer 10), and the Outcome (Y) was the
L-AG BOLD signal. We calculated the Average Causal Me-
diation Effect (ACME) using a non-parametric bootstrap pro-
cedure. This analysis aimed to provide mechanistic evidence
that the neural variance observed in the L-AG is not merely
a direct response to word-level attributes but is a downstream
product of the structural derivation process captured by the
deep manifold.

Results & Discussion

Our investigation sought to adjudicate between predictive and
compositional accounts of language processing by testing for a
geometric and causal isomorphism between the Left Angular
Gyrus (L-AG) and the layered syntactic derivation in a deep
neural network. The results provide converging evidence for a
mechanism rooted in hierarchical structure building, moving
beyond simple prediction error.

0.020
0.015

0.010

Incremental Alignment (Partial p)

0.005

0.000

0 2 4 6 8 10 12
Computational Hierarchy (BERT Layers)

Figure 1: The trajectory of neural alignment between the
L-AG and BERT layers. Partial Spearman correlation (p)
is computed after controlling for lexical-level representations
(Layer 0). The shaded area represents the standard error of
the mean across subjects. The alignment peaks in the deep
layers (9-12), a region highlighted as critical for high-level
integration.

Geometric Resonance

The primary test of our Geometric Resonance Hypothesis
was a residual Representational Similarity Analysis (RSA),
designed to track the alignment between the L-AG’s represen-
tational geometry and the evolving geometry across BERT’s
layers. The analysis revealed a distinct and non-linear tra-
jectory of neural alignment (Figure 1). The correlation was
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Figure 2: The complexity of the representational manifold
across BERT layers, quantified by the Participation Ratio
(PR). The manifold’s effective dimensionality peaks in the
same deep layers that exhibit the strongest neural alignment,
suggesting the L-AG is tuned to maximally expressive repre-
sentations.

minimal in the shallow layers (/ = 0 — 3, p ~ 0.005), which
primarily encode lexical and surface-level features. As the
model hierarchy deepened, the alignment increased mono-
tonically, exhibiting a phase transition that culminated in a
significant plateau of high correlation in the deepest layers
(I =9-12, peak p = 0.015).

The distinct alignment lag observed in the early layers, fol-
lowed by a robust surge in the integration zone (Layers 10-
12), provides critical evidence against a purely surprisal-based
or predictive-coding account of L-AG function. In classic
information-theoretic models, cognitive load is localized at
the point of prediction error; however, computational mod-
els of next-token prediction typically peak in performance at
middle layers (e.g., Layers 7-9), where local contextual con-
straints are most informative. If the L-AG were primarily
signaling the shock of an unexpected word, we would expect
its representational geometry to mirror these predictive-heavy
middle layers. Instead, our findings show a significant shift:
the L-AG resonates maximally with the final products of the
derivational hierarchy.

This suggests a computational ontogeny within the L-AG
that prioritizes the structural gestalt of the sentence over the
transient process of predicting its individual components. The
observed bottleneck at Layer 9, characterized by a slight dip
before the final plateau, likely reflects a representational re-
configuration where the model transitions from processing
local dependencies to constructing a globally coherent macro-
syntactic manifold. This trajectory implies that the L-AG’s
primary role is not to anticipate what word comes next, but
to maintain a geometric state that represents how the entire
structure fits together. The brain appears to wait for the ac-
cumulation of enough local information to project it into the
deep, structural manifold that BERT constructs only at its final
stages. This reinforces the view of the L-AG as a high-level

integrator that abstracts away from surface-level symbols to-
ward a global, invariant representation of meaning.

The Manifold of Macro-Syntax: Complexity and
Structure

To understand the nature of the representations that the L-AG
aligns with, we analyzed the intrinsic dimensionality of the
model’s geometric manifold at each layer. As depicted in
Figure 2, the Participation Ratio (PR), a measure of effective
dimensionality, follows a strikingly similar trajectory to the
neural alignment curve. The representational complexity is
low in shallow layers but expands dramatically, peaking at
Layers 10 and 11, precisely where the neural alignment is
strongest. This parallel ascent strongly suggests that the L-
AG is specifically tuned to computational states that are both
high-dimensional and structurally expressive.

The geometric structure of these high-complexity layers is
not random noise. A visualization of the Representational
Dissimilarity Matrix (RDM) from Layer 10 (Figure 3) reveals
a highly organized space, with clear block-diagonal patterns
indicating that the model has clustered inputs into coherent
syntactic and semantic groups. This is the geometric finger-
print of macro-syntax. The fact that the L-AG’s neural RDM
shows a second-order isomorphism to this specific, structured
pattern indicates a profound alignment in how information is
organized. The brain is not merely tracking a scalar value like
complexity; it is resonating with the specific geometric topol-
ogy that the model uses to represent global sentence structure.

The second-order isomorphism established here suggests
a shared organizational principle: the relative distances be-
tween neural states in the L-AG mirror the computational
distances between states in the model’s deep hierarchy. This
topological isomorphism indicates that meaning in the L-AG
is represented as a specific trajectory through a structured
manifold, where the identity of a thought is defined by its
structural relations to all other possible thoughts. This ge-
ometric solution to the problem of compositionality appears
to be a substrate-independent requirement for deriving hierar-
chical meaning from linear input, serving as a computational
universal across biological and artificial systems.

A Causal Pathway

While RSA establishes a powerful geometric correspondence,
it remains a correlational method. To test for a causal link, we
implemented a mediation analysis to determine if the com-
putational state of the macro-syntax manifold (represented
by BERT Layer 10) explains the L-AG’s response to syntac-
tic complexity (DLT). The results, shown in Figure 4, con-
firm a significant mediation pathway. The model revealed
a strong direct effect of DLT on the model’s state (path a,
B = 0.80,p < .001) and a significant effect of the model’s
state on the brain response (path b, § = 0.13,p < .001).
Crucially, the indirect effect (ACME) was highly significant
(8 =0.097, p < .001), indicating that a substantial portion of
the variance in L-AG activity driven by syntactic complexity
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Figure 3: Example RDM from BERT Layer 10. The struc-
tured, non-random pattern is the geometric signature of the
macro-syntactic manifold to which the L-AG shows topolog-

ical isomorphism.
Macro-Syntax Manifold
(BERT Layer 10)

b = 0.13%**

Indirect Effect: 0.097***

Syntactic Information Brain Response
(DLT Score) (L-AG ROI)

Figure 4: Causal Mediation Analysis. The computational
state of the Macro-Syntax Manifold (Layer 10) significantly
mediates the effect of syntactic complexity (DLT) on the L-
AG brain response.

is causally channeled through a computational state equivalent
to the model’s deep derivational manifold.

This mediation result provides strong evidence for our hy-
pothesis, shifting the narrative from correlation to Causal
Channeling. It reveals that the brain’s response to syntactic
complexity is not a brute-force reaction to processing effort or
memory load, but is instead mediated by the active construc-
tion of the macro-syntactic manifold. As shown in the effect
size breakdown (Figure 5C), the indirect effect accounts for
nearly 90% of the total variance in the L-AG BOLD signal.
This implies that if we were to "remove" the computational
state of the manifold, the brain’s sensitivity to linguistic diffi-
culty would effectively vanish.

This finding provides a decisive empirical blow to general-
purpose resource theories of the L-AG. If the region were

merely a buffer for memory retrieval (as suggested by some
DLT accounts) or a signal for attentional effort, we would
see a large Direct Effect from DLT to the brain. Instead, we
see that the L-AG response is a metabolic byproduct of the
solution (the derived geometry) rather than the problem (the
linguistic complexity). The L-AG acts as the cortical engine
that builds the high-dimensional scaffolding necessary to rec-
oncile linear speech with hierarchical thought. Each spike
in neural activity in the L-AG is not a signal of difficulty,
but the physiological energy required to project an incoming
word into its correct structural coordinate within the evolv-
ing macro-syntactic manifold. This positions the L-AG as a
specialized compositional processor whose metabolic activity
reflects the algorithmic work of structure building.

General Discussion: Beyond Prediction and
Towards Biological Convergence

Taken together, our results offer a cohesive, multi-level ac-
count of syntactic processing in the Left Angular Gyrus. The
RSA trajectory (Figure 1) demonstrates what the brain aligns
with, the final, integrated syntactic product. The manifold
complexity and RDM analyses (Figures 2 and 3) reveal why it
aligns, because both systems converge on a high-dimensional,
highly structured geometric format to represent macro-syntax.
Finally, the mediation analysis (Figure 4) shows how this re-
lationship functions, through a causal pathway where the de-
rived representation explains the neural response to linguistic
demands. The full suite of findings is summarized in Figure
5.

This evidence compels a refinement of the classic
prediction-composition debate. Rather than being mutually
exclusive, prediction may be a byproduct of the primary goal
of structural derivation. The brain builds a geometric model
of the unfolding utterance, and surprisal arises when an in-
coming word forces a drastic, high-energy reconfiguration of
this manifold. The core computation, however, is the main-
tenance and updating of the geometry itself. Our findings
suggest the L-AG is the engine of this geometric processing.

Finally, the striking alignment between a biological system
shaped by millennia of evolution and an artificial system op-
timized via gradient descent suggests a deep principle at play:
a form of biological convergence. To solve the fundamen-
tal problem of converting a linear sequence into a hierarchical
meaning structure, both systems appear to have independently
discovered a similar algorithmic solution. This solution is not
based on simple heuristics but on the creation and naviga-
tion of high-dimensional representational manifolds. This
suggests that the principles of deep learning may offer more
than just an analogy for cognition; they may reflect funda-
mental constraints on how any complex system, biological or
artificial, learns to represent the compositional structure of
the world. Future work using methods with higher temporal
resolution, such as MEG or ECoG, will be essential to trace
the millisecond-by-millisecond dynamics of this derivational
trajectory in the human brain.
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Figure 5: A consolidated view of the primary findings. (A) Inter-layer similarity matrix of BERT, showing the emergence of
stable representational blocks in deep layers. (B) The RSA performance curve, mirroring the complexity trend. (C) Bar plot
from the mediation analysis, showing the large indirect effect. (D) A positive correlation between manifold complexity (PR)
and neural alignment, confirming the brain’s preference for expressive representations.

Conclusion

This study provides compelling evidence that the human lan-
guage faculty, specifically the high-level integration processes
in the Left Angular Gyrus, operates on principles of geomet-
ric composition that are algorithmically isomorphic to those
emerging in deep artificial neural networks. By moving be-
yond linear encoding models to a multi-faceted analysis of
representational geometry and causal mechanism, we demon-
strated that L-AG activity does not merely track probabilis-
tic surprise, but rather resonates with the high-dimensional
manifold of fully derived macro-syntax. The causal medi-
ation analysis further substantiates this claim, revealing that
the brain’s response to syntactic complexity is a downstream
consequence of this structure-building computation. Our find-
ings suggest a resolution to the long-standing tension between

predictive and compositional theories: prediction may be an
emergent property of a system whose primary objective is
to construct a coherent geometric representation of linguistic
structure. Ultimately, the profound alignment between the hu-
man brain and a Transformer model points toward a form of
biological convergence, suggesting that the bottom-up, hier-
archical derivation of syntax through layered manifolds may
represent a fundamental and substrate-independent solution
to the challenge of language processing.
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