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Abstract

Autoregressive large language models (LLMs)
process text token-by-token, yet the human lan-
guage system operates over multi-word units.
We ask whether aggregating LLM representa-
tions at the phrase level yields a closer cor-
respondence to human reading behavior and
language cortex than the default word-level rep-
resentations, and whether phrase-segmentation
fine-tuning amplifies this correspondence. Us-
ing Meta-Llama-3.1-8B (base and fine-tuned),
we provide three converging lines of evidence.
First, phrase-level attention features predict re-
gressive eye-saccade patterns more closely than
word-level features; a partial correlation analy-
sis with a shuffled-boundary control indicates
that this is not solely an aggregation artifact and
that linguistic chunk boundaries explain unique
variance beyond word-level attention. Second,
fMRI encoding analyses show that fine-tuning
selectively improves phrase encoding in left su-
perior temporal gyrus and inferior frontal gyrus,
with no improvement for word representations.
Third, representational similarity analysis con-
firms a phrase-specific gain in model–brain geo-
metric alignment. These results identify phrase-
level representation as a critical granularity for
LLM–human correspondence and suggest that
targeted training can model human-like com-
positional processing, linking computational
representations to hierarchical theories of lan-
guage.

1 Introduction

Autoregressive large language models (LLMs)
achieve strong performance by predicting the next
token conditioned on preceding context (Radford
et al., 2019). Because these models learn statisti-
cal regularities from text alone, they offer a pow-
erful test bed for understanding what aspects of
human language processing can emerge from dis-
tributional learning—and where the two systems
diverge (Cai et al., 2024; Duan et al., 2024). How-
ever, a principled model–brain comparison requires

choosing a representational granularity at which to
extract and evaluate model features. Most prior
work on model–brain alignment operates at the to-
ken or word level (Schrimpf et al., 2021; Goldstein
et al., 2022; Caucheteux and King, 2022; Wu et al.,
2025). Yet the human language system is orga-
nized around multi-word constituents: phrases are
the primary units of planning, production, and com-
prehension (Garrett, 1975; Fedorenko et al., 2016;
Hu et al., 2023; Gibson, 1998). This mismatch
raises a fundamental question: at what representa-
tional scale do LLM internal states best correspond
to human cognitive and neural processing?

The Granularity Problem Token-level represen-
tations are the default unit of analysis for trans-
former models, but they may not provide the
most informative window into how models encode
language-relevant structure. Effective next-token
prediction often requires integrating information
across multi-word spans (Manning et al., 2020).
For instance, determiner selection (“a” vs. “an”)
depends on upcoming phonological context. More
strikingly, subject–verb agreement can survive sub-
stantial intervening material: speakers and com-
prehenders routinely maintain agreement across
prepositional phrases, relative clauses, and other
syntactic interpolations (e.g., “The key to the cabi-
nets is. . . ”), and errors in such configurations, so-
called broken agreement, reveal that the language
system tracks hierarchical phrase structure rather
than simple linear adjacency (Bock and Miller,
1991). These observations suggest that multi-word
phrases, not individual tokens, are the natural grain
at which structural information is maintained. The
question is therefore not whether models explicitly
compute phrases, but whether phrase-level aggre-
gation of model representations provides a better
window into the structure that the human language
system tracks.
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Figure 1: Methodological framework. (A–B) Attention matrices from Llama-3.1-8B are extracted at word-level and
phrase-level granularities. (C) Eye-tracking fixation onsets are mapped to fMRI volumes (+5 s hemodynamic lag).
(D–E) Encoding models and LOSO cross-validated cluster permutation tests identify brain regions with significant
model alignment.

Phrase-Level Structure in Human Language
Processing Psycholinguistic and neuroscientific
evidence indicates that humans process language
using structured, multi-word units (Fedorenko
et al., 2016; Hu et al., 2023). Eye movements
during reading reflect incremental difficulty and
predictability effects that operate over spans larger
than individual words: fixation durations and sac-
cade patterns are modulated by phrase-level pre-
dictability and constituent boundaries, not only by
properties of the currently fixated word (Rayner
and Duffy, 1986; Smith and Levy, 2013). Neu-
roimaging studies consistently implicate left tempo-
ral and inferior frontal regions in combinatorial and
sentence-level computations, with activity in these
regions scaling with the size and complexity of
phrasal constituents (Pallier et al., 2011; Fedorenko
et al., 2011; Hu et al., 2023). If phrase-level ag-
gregation captures information that is more closely
aligned with the granularity at which the brain or-
ganizes language processing, it should yield better
correspondence between model features and both
behavioral and neural measures.

The Interface Hypothesis We propose that
phrase-level aggregation of LLM attention pro-
vides a better correspondence to human cognition
than word-level attention, regardless of whether
the model explicitly computes phrases. On this
view, the phrase is the representational scale at
which model internal states most closely corre-
spond to human reading dynamics and neural lan-
guage processing. The claim is not that models
“know about” phrases in a symbolic sense, but
rather that extracting model features at the phrase
grain reveals structure that is otherwise obscured
by token-level analysis. We use phrase in an op-
erational, surface-level sense: our segmentation
corresponds to what NLP calls chunking (Abney,
1991), non-overlapping multi-word groupings such
as base noun phrases, verb groups, and preposi-
tional/adverbial spans, rather than full hierarchi-
cal constituents of generative syntax. This usage
is close in spirit to “construction”-level units in
construction grammar (Goldberg, 2003), is consis-
tent with psycholinguistic descriptions of chunks
as units of incremental processing, and is robust

465



across syntactic frameworks. We return to this
choice in the Discussion and Limitations.

The Fine-Tuning Leverage If the phrase-level
interface can be strengthened, then explicitly train-
ing a model to recognize phrase boundaries should
amplify the alignment between model representa-
tions and human neural activity. Critically, we
frame this as amplification of an existing corre-
spondence rather than creation of a new compu-
tational mechanism: the base model may already
encode phrase-relevant structure, and fine-tuning
may sharpen this structure toward the granularity
at which the brain operates (Manning et al., 2020;
Tenney et al., 2019).

Present Study We test the interface hypothesis
and the fine-tuning leverage using Meta-Llama-3.1-
8B as a base model and a parameter-efficient fine-
tuned variant trained to produce explicit phrase
segmentations. We evaluate both models on the
Reading Brain Project naturalistic reading dataset,
which provides simultaneous eye tracking and
fMRI during text comprehension. Our central
comparison contrasts features derived from atten-
tion at multiple granularities: a word condition
based on token/word-level attention, a phrase con-
dition obtained by aggregating attention within
and between syntactically defined phrase spans,
a shuffled-phrase control that preserves multi-word
aggregation but disrupts linguistic boundaries, and
a phrase − word residual that isolates composi-
tional structure beyond lexical processing. We
ask: (1) does phrase-level aggregation better pre-
dict human reading behavior, and does this advan-
tage survive after controlling for multi-word aggre-
gation? (2) does phrase-segmentation fine-tuning
selectively enhance neural encoding of phrase rep-
resentations? and (3) does fine-tuning improve
the representational geometry alignment between
model attention and human neural responses in
language-related region? Figure 1 provides an
overview of our experimental framework.

Our results reveal a robust phrase superiority
effect in behavioral alignment, selective amplifi-
cation of phrase-level neural encoding after fine-
tuning, and convergent geometric evidence, while
neither model encodes phrase-minus-word residual
structure, constraining phrases as holistic represen-
tational units.

2 Method

2.1 Base Model
We use Meta-Llama-3.1-8B as our base model
(Grattafiori et al., 2024), analyzing internal atten-
tion representations across all 32 transformer layers.
We focus on attention weights rather than hidden
states because our central comparison is with word-
pair regressive-saccade matrices, which have the
same pairwise structure as attention matrices and
were the basis of prior model–brain alignment work
on this dataset (Gao et al., 2025).

2.2 Phrase Segmentation Task
To test whether explicitly teaching chunk bound-
aries affects cognitive alignment, we fine-tuned the
model on a supervised phrase-segmentation task.

Training data and format. We constructed
a dataset of 200,000 sentences from BLiMP
(Warstadt et al., 2019) (∼60,000) and SNLI (Bow-
man et al., 2015) (∼140,000), filtered for well-
formedness and length (10–80 tokens). Each
sentence was annotated by a deterministic rule-
based pipeline applied to spaCy dependency parses
(en_core_web_trf ); the rules group tokens into
base noun phrases, verb groups, and preposi-
tional/adverbial spans (full rule set in Appendix A).
The model takes a sentence and outputs the seg-
mented version with chunk boundaries marked by
pipes (e.g., “The quick brown fox | jumps | over the
lazy dog | .”). We adopt a shallow chunking scheme
for two reasons: (i) it provides robust, framework-
neutral groupings; (ii) it mirrors the “chunking”
level used in psycholinguistic studies of incremen-
tal processing.

2.3 Fine-Tuning Implementation
We fine-tuned the model using LoRA (r = 64, α =
128) applied to all attention projection matrices
(Hu et al., 2022), trained for 2 epochs with the TRL
SFTTrainer (full hyperparameters in Appendix A).
The fine-tuned model achieves 94.2% exact-string
match against this rule-based gold on a held-out test
set of 140 testing sentences from Reading Brain
Project datasets, vs. 25.7% for the base model.

2.4 Dataset: Reading Brain Project Corpus
We evaluated model–human alignment using the
Reading Brain Project corpus (Li and Clariana,
2019; Follmer et al., 2018; Hsu et al., 2019): si-
multaneous eye-tracking and fMRI from 50 partici-
pants reading naturalistic STEM articles (∼29.6
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sentences/article, ∼10.3 words/sentence) in the
scanner at TR = 0.4 s. Analyses focused on a left-
hemisphere language mask (see Neural Encoding
below).

2.5 Attention Extraction Conditions

For each sentence, layer j, and head k, we extracted
the lower-triangular part (excluding the diagonal)
of the nword × nword attention matrix—the right-to-
left attention weights, consistent with the model’s
unidirectional structure.

Word condition. Word-level attention as above;
subword-to-word alignment summed over “to” sub-
words and averaged over “from” subwords (Man-
ning et al., 2020). For eye-movement analyses,
we max-pooled across heads at each layer before
extracting the lower triangle.

Phrase condition. Tokens belonging to the same
chunk were grouped using the same rule-based seg-
mentation, and attention and saccade matrices were
pooled to chunk boundaries with identical aggrega-
tion; eye-movement correlations were computed in
chunk-pair space.

Shuffled-phrase control. Phrase boundary po-
sitions were randomly permuted within each sen-
tence, preserving the number and size of phrases;
the same pooling was applied. This matches the ag-
gregation granularity but disrupts linguistic group-
ings.

Phrase − Word condition. Residual obtained by
subtracting word-level from phrase-level attention
values (neural encoding and RSA only).

2.6 Eye Movements Alignment

We follow the analysis pipeline of Gao et al. (2025):
both unidirectional LLM attention and regressive
(right-to-left) eye saccades occupy lower-triangular
pair space, so the two can be compared on a
sentence-by-sentence basis.

Regression target. For each sentence and each
participant, we built a matrix E(s) ∈ Rn

(s)
word×n

(s)
word

whose cell (l,m) equals the number of regressive
eye fixations moving from word l to word m. We
extracted the lower-triangle entries (right-to-left
saccades), flattened them, and concatenated across
sentences to obtain one vector per participant of
length Npairs =

∑
s n

(s)
pairs. The same flattening pro-

cedure was applied to the attention vectors. We

restricted the analysis to regressive saccades be-
cause (i) unidirectional LLM attention cannot, on
geometric grounds, align with forward saccades,
and (ii) regressive saccades index integration and
re-reading processes (Gao et al., 2025). We ac-
knowledge this captures only a subset of reading
behavior (see Limitations).

Attention–saccade alignment. For each layer
j, participant i, and condition, we computed the
Pearson correlation r between the participant’s
regressive-saccade vector V (i)

sac and the model’s at-
tention vector on the same pair coordinates. At
each layer we max-pooled attention across heads,
yielding one value per pair; we took lower-triangle
entries (right-to-left pairs) from the word-level ma-
trices in the word condition and from chunk-pooled
matrices in the phrase condition, using the same
segmentation for attention and saccades, and con-
catenated across sentences. Absolute r values are
numerically small because each entry is a single
regressive-saccade count for one pair in one sen-
tence; condition effects are best read as relative
differences on the same data. For visualization
(Figure 2), we additionally report r divided by a
leave-one-out noise ceiling: the mean Pearson r
between each participant’s saccade vector and the
average of the remaining N−1 participants’ vec-
tors (cf. Gao et al., 2025).

Statistical model. Linear Mixed-Effects (LME)
models were fitted on the raw (unnormalized) r
values. We included Model (Base vs. Fine-tuned)
and Condition (Word, Phrase) as fixed effects and
both Subject and Transformer Layer as random
intercepts:

r ∼ Model×Condition+(1|Subject)+(1|Layer)
(1)

Partial correlation analysis. To isolate phrase
boundaries from word-level attention, we upsam-
pled chunk-pooled attention back to word-pair co-
ordinates (each word pair inherits its chunk-pair
value), placing word, phrase, and shuffled condi-
tions in a common word-pair space. For each par-
ticipant and layer we computed partial Pearson cor-
relations r(Vsac, Vphrase | Vword) and r(Vsac, Vshuf |
Vword) using the standard partial-correlation for-
mula; shuffled boundaries were averaged over 50
random permutations per sentence.
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2.7 Neural Encoding

We assessed model–brain alignment using encod-
ing models that predict cortical activity from LLM
attention features. To avoid circularity, we used
a leave-one-subject-out (LOSO) procedure: for
each held-out subject, the optimal transformer layer
was selected from the remaining N−1 subjects,
and the held-out encoding map at that layer was
entered into a group-level spatial cluster permu-
tation test (10,000 permutations, cluster-forming
p < 0.01) (Maris and Oostenveld, 2007). We con-
ducted (1) single-model encoding and (2) between-
model comparisons (fine-tuned minus base). Clus-
ters were labeled using the Desikan–Killiany atlas
(Desikan et al., 2006).

Region-of-interest selection. Analyses were re-
stricted a priori to a left-hemisphere language
mask: the union of Desikan–Killiany parcels in left
STG, middle temporal, inferior temporal, supra-
marginal, angular gyrus, and inferior frontal gyrus
(pars opercularis, pars triangularis, pars orbitalis).
This mask was fixed before any model analy-
ses and reflects the left-lateralized language net-
work in prior work (Fedorenko et al., 2011; Pallier
et al., 2011); no right-hemisphere or non-language
parcels were tested.

Representational similarity analysis (RSA).
For each layer and condition, we computed RDMs
from the model’s attention patterns and from multi-
voxel STG activation patterns at the sentence level.
The Spearman correlation between model and brain
RDMs is the raw RSA measure, normalized by a
leave-one-out lower-bound noise ceiling (Nili et al.,
2014): for each subject the ceiling is the Spearman
correlation between that subject’s RDM and the
average RDM of the remaining N −1 subjects. We
fitted LME models with Condition and Model as
fixed effects and random intercepts for Subject and
Layer:

RSA ∼ Condition×Model+(1|Subject)+(1|Layer)
(2)

Per-condition follow-ups tested the effect of Model
within each condition; p-values used the Satterth-
waite approximation.

3 Results

3.1 Behavioral Alignment: Eye Movements

We aligned model attention with human reading by
computing Pearson correlations between word-pair

Table 1: Fixed effects from the LME model (r ∼
Model × Condition + (1|Subject) + (1|Layer)) fitted
on raw Pearson r values. Reference levels: Base model,
Word condition. Significance: *p < .05, ***p < .001.

Predictor β p

Fine-tuned (vs. Base) +0.004 <.001***
Phrase (vs. Word) +0.030 <.001***
Fine-tuned × Phrase +0.002 .024*
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Figure 2: Eye-tracking–attention correlation by condi-
tion and model. Values are normalized by a leave-one-
out noise ceiling computed from inter-subject regressive-
saccade consistency. Bars show mean Pearson r / noise
ceiling (averaged across layers); error bars: ±1 SEM
across subjects; brackets: per-condition fine-tuning con-
trasts.

(or chunk-pair) attention and regressive-saccade
counts on the same sentences (§ Methods; follow-
ing Gao et al., 2025). For each participant and
layer we obtained a raw correlation r; LME mod-
els were fitted on these raw values (Table 1). Fig-
ure 2 displays the same correlations normalized
by a leave-one-out inter-subject noise ceiling for
interpretability.

Phrase superiority and fine-tuning. A robust
main effect of Condition emerged (F (1, 6316) =
6662.9, p < .001): phrase-level features pro-
duced higher eye-tracking alignment than word-
level features (β = +0.030, p < .001). Fine-
tuning yielded a smaller but reliable improvement
(F (1, 6316) = 176.0, p < .001; β = +0.004).
The positive interaction (β = +0.002, p = .024)
indicates a slightly larger fine-tuning benefit for the
phrase condition. Raw r values are numerically
small (word-level means ≈ 0.011–0.015; phrase-
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Table 2: Partial correlation analysis controlling for word-
level attention. Partial r: subject means across layers.
Linguistic phrase boundaries yield positive partial cor-
relations; shuffled boundaries yield negative values.

Model Condition Partial r p

Base
Phrase +0.006 .008**
Shuffled −0.008 <.001***
Phrase − Shuffled +0.014 <.001***

Fine-tuned
Phrase +0.008 <.001***
Shuffled −0.008 <.001***
Phrase − Shuffled +0.015 <.001***

level ≈ 0.040–0.046); the phrase superiority effect
is best read as a relative difference between condi-
tions on the same data (cf. Gao et al., 2025).

Partial correlation: controlling for aggregation
and lexical attention. The phrase superiority ef-
fect could partly reflect an aggregation artifact:
pooling multiple word-level values into a single
phrase-level value mechanically increases corre-
lations regardless of linguistic structure. To iso-
late the contribution of linguistic phrase bound-
aries, we computed partial Pearson correlations
r(Vsac, Vphrase | Vword) and r(Vsac, Vshuf | Vword) in
a common word-pair space (§ Methods; Figure 3;
Table 2). If the phrase advantage were solely an ag-
gregation artifact, both phrase and shuffled bound-
aries should show comparable partial correlations
once word-level attention is controlled.

Linguistic phrase boundaries showed a robust
positive partial correlation (r = +0.006–+0.008,
p ≤ .008), while shuffled boundaries yielded a
negative partial correlation (r = −0.008, p <
.001). The Phrase−Shuffled gap was substantial
(∆ = +0.014–+0.015, p < .001) and replicated
across both models. Fine-tuning further amplified
this effect: the fine-tuning gain on phrase partial
r (∆ = +0.002, p < .001) exceeded the gain on
shuffled partial r (∆ = +0.001, p < .001), with
a significant interaction (p < .001). As discussed
in § Methods, partial correlations between corre-
lated regressors systematically underestimate effect
sizes, so the absolute values here should be inter-
preted as evidence that a real signal exists beyond
word-level confounds, rather than as estimates of
the total phrase contribution.

3.2 Neural Encoding: fMRI

We used LOSO cross-validated encoding analy-
ses (§ Methods) to identify, within an a priori left-
hemisphere language mask, brain regions where
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Figure 3: Partial correlation controlling for word-level
attention. Each bar shows partial Pearson r between
regressive-saccade counts and upsampled phrase-level
(or shuffled) attention, with word-level attention par-
tialed out. Error bars: ±1 SEM across subjects; brack-
ets: paired comparisons.

each model significantly predicts cortical activity,
and to test where fine-tuning improves encoding
strength.

3.2.1 Single-Model Encoding
We first asked whether each model–condition com-
bination produces encoding values significantly
above zero, establishing that model attention pre-
dicts cortical activity.

Word and phrase conditions. Both models
showed significant encoding of word and phrase
representations in left STG (534 vertices, p < .001)
and pars opercularis (101 vertices, p < .01) for
all model × condition combinations (Figure 4,
Panel A). LOSO consistently selected Layer 1
across all 50 subjects. The dominance of Layer 1
in single-model encoding most plausibly reflects
shallow, input-driven features (e.g., positional or
frequency-related regularities) that co-vary with
STG activity regardless of fine-tuning; we return to
this point in the Discussion.

Phrase − word residual. Neither model showed
significant encoding for the phrase − word contrast,
indicating that neither captures structure that is sep-
arable from word-level representations at the level
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Table 3: Between-model encoding comparison (Fine-
tuned > Base; cluster-forming p < .01, 10,000 permu-
tations). nvtx = cluster extent in vertices (effect size).
Fine-tuning selectively enhanced encoding for phrase
representations only. No significant clusters were ob-
served for the word or phrase − word conditions.

Cond. Region nvtx pcluster LOSO Layer

Word No significant clusters

Phrase STG 534 <.001*** L19 (48/50)Pars oper. 101 .009**

our analysis can detect. This null constrains the in-
terpretation of the phrase advantage to reflect repre-
sentational granularity (the scale at which features
are aggregated) rather than a distinct compositional
mechanism.

3.2.2 Between-Model Comparison: Effect of
Fine-Tuning

To identify regions where fine-tuning improved en-
coding, we compared the fine-tuned model against
the base model within each condition (Table 3; Fig-
ure 4, Panel B).

Fine-tuning selectively enhanced encoding for
phrase representations in left STG (534 vertices,
p < .001) and pars opercularis (101 vertices,
p = .009), with LOSO selecting Layer 19 for 48/50
subjects. No significant fine-tuning effect emerged
for word representations or for the phrase − word
residual. This combination of effects—condition-
specific (phrase only), layer-specific (Layer 19),
and anatomically localized—is what we would ex-
pect if fine-tuning sharpened intermediate-layer at-
tention toward phrase-level structure that is also
tracked by STG and pars opercularis. We do not in-
terpret it as evidence for new compositional compu-
tation, given the phrase − word null (Discussion).

3.3 Representational Similarity Analysis

To complement the encoding analyses, we eval-
uated whether fine-tuning altered the geometric
alignment between model attention and human
STG activity using RSA (§ Methods). Results are
summarized in Table 4 and Figure 5.

The LME model revealed significant main ef-
fects of Condition (F (2) = 675.15, p < .001) and
Model (F (1) = 7.59, p = .006), with no signifi-
cant interaction (p = .218). Per-condition follow-
ups (Table 4) showed that fine-tuning significantly
increased STG alignment for phrase representa-
tions (β = +0.0036, p = .004). A nominally sig-

Table 4: Per-condition LME effects of fine-tuning on
STG representational alignment. β = unstandardized
effect size (positive indicates greater alignment for the
fine-tuned model). The phrase − word contrast was not
significant (β = +0.0003, p = .813). The word effect
(p = .044) does not survive Bonferroni correction for
three comparisons (αcorrected = .017).

Condition β (Fine − Base) p

Phrase +0.0036 .004**
Word +0.0033 .044*

nificant word effect (β = +0.0033, p = .044) does
not survive Bonferroni correction across the three
conditions (αcorrected = .017). No effect was ob-
served for the phrase − word residual (p = .813).

The partial dissociation between RSA and encod-
ing results is expected given their different measure-
ment targets: encoding assesses vertex-wise pre-
dictive power, whereas RSA evaluates global geo-
metric similarity. The most conservative reading is
that fine-tuning primarily strengthens phrase-level
correspondence, with possible but unconfirmed ex-
tension to word-level geometry (Figure 5).

4 Discussion

We asked whether phrase-level aggregation of
LLM attention provides a closer correspondence
to human reading behavior and language cortex
than word-level attention, and whether phrase-
segmentation fine-tuning amplifies that correspon-
dence. Three converging lines of evidence support
this view, with the caveat that “phrase” here refers
to shallow chunks rather than full hierarchical con-
stituents.

Phrase boundaries carry signal beyond aggre-
gation and lexical attention. The partial correla-
tion analysis shows that linguistic chunk bound-
aries explain unique variance in regressive eye
saccades beyond word-level lexical attention and
multi-word aggregation. Shuffled boundaries,
which carry the same aggregation structure but dis-
rupt linguistic groupings, yield negative partial cor-
relations once word-level attention is controlled—
directly addressing the concern that the phrase su-
periority effect is “merely aggregation smoothing.”
Absolute partial r values are small; partial correla-
tions between correlated regressors systematically
underestimate effects, so the relevant quantity is the
small but reliable gap between Phrase and Shuffled.
This pattern is consistent with recent independent
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Figure 4: Neural encoding results. (A) Single-model encoding: both models predict cortical activity in left STG and
pars opercularis (LOSO Layer 1; cluster-forming p < .01). (B) Between-model comparison: fine-tuning selectively
enhances phrase encoding (p < .001); no word enhancement. LOSO layer distributions in Appendix Figure 6.
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Figure 5: RSA summary: mean representational align-
ment (Spearman ρ / noise ceiling) between LLM atten-
tion and human STG activity. Fine-tuning significantly
improves phrase alignment (p = .004); the word effect
(p = .044) does not survive correction. Layer-wise pro-
files in Appendix Figure 7.

evidence that LLMs maintain latent tree-structured
sentence representations that can be probed behav-
iorally (Liu et al., 2026), although our data do not,
on their own, establish that the chunk-level signal
we extract is hierarchical in that sense.

Fine-tuning selectively amplifies phrase align-
ment. Fine-tuning produces phrase-specific ef-
fects in both domains. Behaviorally, the gain on
phrase boundaries exceeds the gain on shuffled
boundaries (phrase-specific interaction). Neurally,

the encoding enhancement is condition-specific
(phrase only), layer-specific (Layer 19 in 48/50
subjects), and anatomically localized (left STG and
pars opercularis within the a priori language mask);
RSA confirms a phrase-level geometric improve-
ment that survives Bonferroni correction. This com-
bination (condition × layer × region) is what we
would expect if fine-tuning sharpened intermediate-
layer attention toward chunk-level structure also
tracked by left language cortex. The divergence
between Layer 1 (best single-model encoder) and
Layer 19 (locus of fine-tuning improvement) is
informative: Layer 1 attention likely captures shal-
low, input-driven regularities, whereas the Layer 19
gain reflects more abstract, context-sensitive rep-
resentations (Tenney et al., 2019) that fine-tuning
amplifies.

Constraint and scope. The absence of signifi-
cant phrase − word encoding or RSA effects in
both models suggests that the phrase advantage
reflects representational granularity, the scale at
which features are extracted and pooled, rather
than a separable compositional operation (Man-
ning et al., 2020). Our results are best read as
evidence about how to aggregate attention to align
with human data, not as a claim that the LLM has
acquired explicit compositional structure. Rela-
tive to prior work showing that scaling rather than
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generic instruction tuning drives model–brain align-
ment (Gao et al., 2025; Pasquiou et al., 2022; An-
tonello et al., 2024), our results indicate that a tar-
geted, structure-relevant fine-tuning objective can
yield condition- and region-specific improvements
not visible at the word level (Gwilliams et al., 2024;
Tuckute et al., 2024). Caveats are discussed in the
Limitations.

5 Conclusion

Within a single LLM and a single English read-
ing dataset, aggregating attention at the shallow
phrase (chunk) level yields closer alignment to eye
movements and left language cortex than word-
level attention. Phrase-segmentation fine-tuning
selectively amplifies this in left STG and pars
opercularis at intermediate layers; the persistent
phrase − word null suggests representational gran-
ularity rather than separable composition.

Limitations

Our study has several limitations. Single model: all
analyses use a single base LLM (Meta-Llama-3.1-
8B) and its phrase-segmentation fine-tuned variant;
demonstrating that the phrase superiority effect
and its fine-tuning amplification replicate across
model families and scales (e.g., GPT-2, Llama
7B/13B/70B) would substantially strengthen the
generality of our conclusions. “Phrase” = shallow
chunk: throughout, “phrase” refers to a shallow
surface chunk produced by a rule-based segmenta-
tion pipeline (Appendix A), not a full hierarchical
constituent; alternative segmentation frameworks
(full constituency/dependency parses, or different
chunking conventions such as CoNLL-2000) may
yield different alignment patterns. Eye-tracking
measure: the behavioral analysis uses only word-
pair regressive-saccade counts, following Gao et al.
(2025), because they share the lower-triangular
word-pair geometry of right-to-left LLM attention.
Regressive saccades are a relatively small fraction
of the eye-tracking data and can be influenced by
low-level factors that we did not control for (e.g.,
word length and frequency at the source and target
word, fixation landing position, and visuospatial an-
choring on physical layout); extension to forward-
saccade or fixation-duration measures with explicit
confound controls would strengthen the behavioral
conclusion. Numerically small correlations: ab-
solute Pearson r values are small and should be
read as relative differences between conditions on

the same data, not as estimates of absolute ex-
plained variance. Partial correlation framework:
the partial-correlation upsamples phrase-level (and
shuffled) attention back to word-pair space and may
introduce residual correlation structure; indepen-
dent replication with matched stimuli would further
consolidate the conclusion. fMRI scope: encod-
ing analyses focus on an a priori left-hemisphere
language mask and a particular fixation-to-BOLD
alignment procedure; broader cortical regions and
alternative alignment assumptions could refine the
anatomical conclusions. Attention vs. hidden states:
the model side of all analyses is attention weights,
not hidden states, to match the word-pair geometry
of regressive saccades; the selection of Layer 1 in
single-model encoding may therefore reflect shal-
low attention features (e.g., positional or frequency-
related patterns) rather than deep linguistic com-
putation. Correlational evidence: stronger model–
brain correspondence does not establish mecha-
nistic equivalence; causal links will require tar-
geted interventions (e.g., attention-head ablation)
and controlled stimuli.
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A Fine-Tuning Details

A.1 Training Hyperparameters

We fine-tuned Meta-Llama-3.1-8B using the Un-
sloth FastLanguageModel framework with LoRA
adapters applied to query, key, value, and output
projection matrices (r = 64, α = 128, dropout
= 0.05). Gradient checkpointing was enabled for
memory efficiency. Training used the TRL SFT-
Trainer with batch size 32 and gradient accumula-
tion over 8 steps (effective batch size 256), AdamW
optimizer with 8-bit quantization, learning rate
3× 10−4 with cosine annealing, and 2 epochs with
sequence packing. For inference, we used deter-
ministic decoding (temperature = 0) with a custom
stop token “]” and maximum new generation length
of 64 tokens.

A.2 Phrase Segmentation Rules

The fine-tuning targets were generated by a deter-
ministic rule-based pipeline applied to constituency
parses produced. The rules are intentionally shal-
low and framework-neutral, producing what the
NLP literature would describe as “chunks” rather
than recursive constituents:

1. Preserve original word order—only insert
pipe symbols (|) between phrases.

2. Keep the subject noun phrase intact as the first
segment.

3. Isolate the main verb or predicate as a separate
segment.

4. Group objects and complements (if any) into
subsequent segments.

5. Separate adverbial modifiers (prepositional
phrases, adverbs, etc.) into their own seg-
ments.

6. For embedded clauses, recursively apply the
same rules to split them into subject-verb-
object structure.

7. Treat coordinated elements (e.g., “bread and
butter”) as one phrase.

8. Enclose all output results with square brack-
ets.

Quality of the segmentation on the ReadBrain
stimuli. The ReadBrain stimuli contain techni-
cal STEM language for which automatic parsers
can be unreliable, so we additionally manually in-
spected the rule-based output. Two co-authors in-
dependently judged whether the rule-based phrase
boundaries on a random sample of 200 ReadBrain
sentences were linguistically plausible (i.e., did
not split a base NP, break a verb group, or place a
boundary mid-PP). Boundary-by-boundary agree-
ment was 92.7%, with disagreements concentrated
on prepositional-phrase attachment ambiguities
(e.g., locative vs. instrumental PPs). We acknowl-
edge that this is not an external gold-standard eval-
uation; we did not use a pre-existing gold-parsed
dataset because available chunking corpora (e.g.,
CoNLL-2000) do not match the genre and vocab-
ulary of the STEM articles in ReadBrain. The
fine-tuned LLM achieves 94.2% exact-string match
against this rule-based gold on a held-out test set of
140 ReadBrain sentences, vs. 25.7% for the base
model.

A.3 Example Segmentations
Simple sentence:
Input: The quick brown fox jumps over the lazy
dog.
Output: [The quick brown fox | jumps | over the
lazy dog | .]
Relative clause:
Input: The book that I read last night was fascinat-
ing.
Output: [The book | that I read | last night | was |
fascinating | .]
Complex sentence:
Input: After the discussion, I will carefully conduct
the experiment based on the results.
Output: [After the discussion | , | I | will | carefully
| conduct | the experiment | based | on the results |
.]

B Supplementary Figures
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Figure 6: LOSO best-layer distribution for encoding analyses. The single-model phrase analysis and the between-
model phrase comparison converge on a single dominant layer (Layer 1 and Layer 19, respectively; red bars),
whereas the non-significant word comparison yields a dispersed distribution across Layers 2, 17, and 27 (grey bars),
consistent with the layer-specificity of the phrase-level fine-tuning effect.
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Figure 7: Layer-wise RSA profiles (Spearman ρ / noise ceiling) for phrase, word, and phrase−word conditions.
Blue: base model; red: fine-tuned model. Shaded regions denote ±1 SEM across subjects (N = 50). Stars indicate
layers with significant paired-t difference (p < .05). Both models show rising RSA in middle-to-late layers; the
fine-tuned model achieves higher alignment for the phrase condition.
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