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ABSTRACT

Large language models (LLMs) can predict human brain activity across a vari-
ety of brain regions during natural language comprehension. Typically, how-
ever, LLM–brain alignment is measured using one model for different regions
of the brain, and then model performance is summarized across regions. This
one-model-fits-all approach ignores the functional specialization of brain regions.
In this study, we assess whether a model oriented toward a particular cognitive
domain aligns better with the brain system dedicated to that domain. Through
prompting and fine-tuning, we first build “expert LLM” variants for six domains:
sensory, spatial, numerical, reasoning, social, and abstract processing. We then
examine whether each expert best predicts activity in the brain region associated
with the corresponding cognitive domain. Consistent with our hypotheses, each
expert’s representations align more closely with the brain system most associated
with the matching domain than do other experts. This holds under both prompting
and fine-tuning, across three base models and three fMRI datasets. In a series of
control analyses, we show that this model–brain alignment is specific to cognitive
domain interventions; non-cognitive and surface-level interventions do not result
in comparable alignment. Specializing models shifts regional alignment while
leaving aggregate prediction accuracy largely unchanged, suggesting that summa-
rizing alignment across regions may obscure regional differences in performance
for specific models.

1 INTRODUCTION

The human brain is not uniform in its functional architecture: it is topographically organized into
partially specialized systems that support sensory processing, abstract meaning, spatial navigation,
calculation, reasoning, and thinking about other people, among other functions. While these systems
are not fully isolated modules, experimental work reveals a functional division of labor (Smith et al.,
2009; Kanwisher, 2010; Amalric & Dehaene, 2016; DiNicola et al., 2020; Petersen et al., 2024). As
large language models (LLMs) begin to reach, and sometimes surpass, human performance on many
cognitive tasks (Webb et al., 2023; Alohali et al., 2025), a growing body of work has begun to study
the alignment between these models’ internal representations and the brain’s neural representations
(Toneva & Wehbe, 2019; Schrimpf et al., 2021; Caucheteux & King, 2022; Goldstein et al., 2022;
Kumar et al., 2024). Model–brain alignment is often measured using an encoding model. Partici-
pants view or listen to a set of stimuli while their brain activity is recorded, and the same stimuli are
also passed through the model to obtain its internal representations. A linear mapping is then fit to
predict brain activity from these features. A model that yields strong predictions for a given brain
region (typically relative to competing models) is interpreted to represent features of the stimulus
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a Measuring model–brain alignment with a voxelwise encoding model
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Figure 1: Measuring alignment with specialized brain systems. (a) A voxelwise encoding model
predicts each voxel’s response to a stimulus from a language model’s features and is scored on held-
out data, giving an alignment map over the cortex (here for the base model, in one LeBel participant).
(b) We build one expert per cognitive domain by prompting or fine-tuning, pass each through the
same steps, and ask whether each domain’s Neurosynth region is predicted best by its own expert;
the matrix ranks the six experts in each region for prompted LLaMA on the LeBel dataset, the
running example of Figure 3 (displacement is computed per participant, then averaged).

encoded in that region (Naselaris et al., 2011; Dupré la Tour et al., 2025). While LLM features
provide strong predictions across many brain areas, they are often tested under a one-model-fits-all
approach: a single set of features is fit across all regions and performance is summarized across
regions (Schrimpf et al., 2021), collapsing across functionally distinct brain systems.

The success of neural network models in predicting brain activity is thought to reflect a pressure
to converge on similar internal representations when optimized to perform sufficiently complex,
human-like tasks (Yamins & Nayebi, 2026). However, the one-model-fits-all approach is in tension
with the functional division of labor observed in the human brain, where different brain systems
play a larger role in some tasks than in others. Domain specialization is becoming commonplace in
LLMs as well: models are narrowed to excel in one kind of content (i.e., experts), most commonly
by fine-tuning their weights on domain data (Li et al., 2022b; Fu et al., 2023; Biderman et al., 2024)
or by prompting them with a specialized role (Li et al., 2023; Xu et al., 2023; Kong et al., 2024).
Specialization is usually evaluated according to the model’s behavior: its performance on in-domain
tasks and other behavioral cues (Fu et al., 2023; Wang et al., 2025; Zheng et al., 2024). Behavioral
evaluation leaves open the question of how specialization changes a model’s internal structure. The
brain provides a useful reference for comparison, with its own division of labor across cognitive
domains. By evaluating whether an expert model aligns with specialized brain systems, we can
learn whether and how a model’s internal representations have been reshaped.

In the current study, we investigate whether specializing a model toward a particular cognitive do-
main improves model-brain alignment in a manner consistent with the brain’s topographic functional
specialization. We introduce six “expert” variants of an LLM, each specialized for one cognitive
domain through one of two interventions, prompting or fine-tuning: sensory, spatial, numerical, rea-
soning, social, or abstract. We then test whether each expert better predicts brain activity than other
experts in the corresponding brain regions, defined using the meta-analytic database Neurosynth
(Yarkoni et al., 2011) (Figure 1). Three key findings support this hypothesis: (1) Each expert aligns
significantly more with the brain system for the matching domain than the other experts, and this
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pattern holds across interventions, base models, outcome metrics, and datasets involving continuous
narratives or isolated sentences. (2) This regional alignment does not emerge after control inter-
ventions that alter the model without improving cognitive expertise, such as stylistic fine-tuning
or arbitrary system prompts. (3) Moreover, model specialization improves alignment with certain
brain systems while leaving overall alignment largely unchanged, suggesting that studies focusing
on global alignment may overlook representational reorganization. These findings speak to a central
question about LLMs: whether models trained to simply predict text also learn latent representations
of other cognitive domains (Mahowald et al., 2023; Fedorenko et al., 2024), and whether represen-
tations can be surfaced or enhanced through post-training interventions. We find that specializing
a model toward, e.g., social or numerical content, even by prompting alone, shifts its representa-
tions toward the brain regions for those functions, which lie largely outside the language network.
Text-trained models may thus already carry representations of these functions, and specialization
can bring them to the fore. For neuroscience, specialized LLMs can serve as manipulable model
systems for in-silico experiments on specific brain systems (Jain et al., 2024; d’Ascoli et al., 2026).

2 RELATED WORK

Studies comparing LLMs with the brain have varied model architecture, objective, and inputs in
hopes of identifying model features that drive model–brain alignment (Toneva & Wehbe, 2019;
Schrimpf et al., 2021; Caucheteux & King, 2022; Goldstein et al., 2022; Antonello et al., 2023;
Kumar et al., 2024; Singh et al., 2025). These studies typically converge on a single best perform-
ing model across many brain areas, suggesting that a simple linear re-weighting of LLM features
(learned per voxel/area by the encoding model) is sufficient to capture brain activity across areas.
This one-model-fits-all approach obscures the possibility that models tuned (or prompted) for dif-
ferent tasks may yield internal representations that better align with certain brain systems in a way
that cannot be reduced to linear re-weighting of model features.

A complementary line of work in this vein has suggested that fine-tuning on certain natural lan-
guage tasks, such as sentiment analysis, question answering, or coreference resolution, may improve
alignment over base models for listening or reading tasks (Oota et al., 2022). Reports on the ben-
efits of specializing a pretrained model for certain tasks have been mixed, however. For example,
another group found that fine-tuning or prompt-tuning on ten language-understanding tasks did not
improve model–brain alignment over the base model for most tasks (Sun & Moens, 2023). Aw
et al. (2024) argued, across three fMRI datasets, that instruction-tuned models and models trained
on conversations do in fact improve model–brain alignment over base models in the human lan-
guage network. On the other hand, Gao et al. (2025) found that instruction-tuned LLaMA models
(Alpaca and Vicuna) did not outperform base models in predicting fMRI activity during naturalistic
reading. Finally, recent work by Oota et al. (2025) using instruction-tuned multimodal LLMs with
a movie-watching fMRI dataset found that prompted models yield stronger model–brain alignment
than base models. Interestingly, in interpreting their findings, Oota et al. (2025) suggest that certain
task instructions may enhance alignment more in certain regions than others; for example, a “nar-
rative understanding” prompt yields the largest boost in angular gyrus, an area typically associated
with high-level semantic processing. The link between model expertise and functional specialization
remains unclear, however, because the regions under consideration were not defined by their func-
tions and their functions do not generally correspond to the instruction-tuning tasks. This marks the
jumping-off point for the present paper: we specialize models toward six widely studied cognitive
domains and compare their alignment with meta-analytically defined brain systems matched to the
same domains. Through targeted model comparisons, we ask how different paths to specialization
reshape a model’s representations, with the brain’s functional division of labor as the reference.

3 METHODS

3.1 CONSTRUCTING AND VALIDATING THE EXPERT MODELS

Throughout the paper, an expert is a variant of a base model specialized for one cognitive domain
and a family is the set of six experts derived from one base model under one intervention. We
build experts in two ways: by prompting, in which a domain instruction is placed in the input and
the weights remain untouched, and by fine-tuning, in which LoRA adapters (Hu et al., 2021) are
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trained on domain-specific text. Both interventions are applied to three base models (LLaMA-3-8B;
Grattafiori et al., 2024, Qwen3-8B; Yang et al., 2025, and Phi-4-14B; Abdin et al., 2024), resulting
in one prompted and one fine-tuned family per base model, each with an expert for the sensory,
spatial, numerical, reasoning, social, and abstract-concept (“abstract” for short) domains. Further
details are given in Appendices B to D; Figure 1b summarizes the design.

Prompting. Each prompted expert receives a fixed system prompt, the same for every dataset, that
names its domain and asks the model to focus on it (Xu et al., 2023; Appendix B).

Fine-tuning. Each fine-tuned expert is a LoRA adapter trained on instruction-response pairs
from its own domain, including instruction-following corpora, curated text, and distilled examples.
Checkpoints are selected under a guard that keeps general-text perplexity close to the base model’s,
so specialization does not cost general language ability (Luo et al., 2025; Appendix B).

Validation. Each expert must first behaviorally demonstrate that it is specialized for its domain.
Fine-tuned experts are assessed by perplexity on held-out domain text: we expect each expert to im-
prove most on the matching domain text among the six experts (six-way ranking). Prompted experts
are assessed on what they generate: continuations of neutral story openings are scored against do-
main lexicons from which every instruction word is removed, and are rated by a separate LLM judge
(Zheng et al., 2023), blind to the prompt, for how strongly they engage each domain; a six-domain
benchmark battery (MMLU; Hendrycks et al., 2020) serves as a further check (Appendix E).

Control models. To test whether alignment is specific to cognitive content, we build five control
families with the same construction procedures but no cognitive content: random-LoRA, untrained
adapters matched in norm to the cognitive ones; seed-only, six adapters trained on one pooled
dataset that mixes all six domains, differing only in sampling and initialization; random-prompt,
system prompts that make the model an expert in fields such as zebra striping anatomy or vintage
typewriter restoration; surface-form, adapters trained on style-transformed text such as leetspeak
and pirate English; and keyword, each domain’s bare vocabulary with no instruction (Appendix C).

3.2 MEASURING MODEL–BRAIN ALIGNMENT

Model–brain alignment is measured using a linear encoding model (Dupré la Tour et al., 2025).
Participants listen to or read language during fMRI, and the same language is passed through the
model to obtain its internal representations. A linear mapping from these representations to human
neural activity is estimated from a subset of training data, then evaluated on held-out test data. We
apply this procedure to every expert on three fMRI datasets.

Datasets and brain regions. We evaluate brain alignment on three fMRI datasets: three densely
sampled subjects listening to spoken narratives (“LeBel”; LeBel et al., 2023), the 49-subject English
cohort of Le Petit Prince (“LPP”; Li et al., 2022a), and ten subjects reading passages one sentence at
a time (“Pereira”; Pereira et al., 2018). The first two datasets comprise naturalistic narratives, offer-
ing greater ecological validity (Hamilton & Huth, 2020; Nastase et al., 2020) and engaging varying
cognitive/affective processing across many regions of the brain (Baldassano et al., 2017; Horowitz-
Kraus et al., 2026; Vaccaro et al., 2024; Wu et al., 2025). This lets us measure domain-specific
alignment as it is expressed within the same naturalistic comprehension task, reducing potential
biases introduced by engineering different tasks for different domains. The third dataset presents
isolated sentences and tests whether the effect survives under a more controlled stimulus format.

Brain regions for the six domains were obtained from Neurosynth (Yarkoni et al., 2011), an auto-
mated meta-analysis of the fMRI literature. For any term that is widely used in published studies,
Neurosynth can generate a whole-brain map of how reliably each voxel is reported active in studies
mentioning that term. For each domain we combine the maps of a small set of related terms and
threshold the result into a binary mask on a common template, a network of several areas that need
not be contiguous, which we call the domain’s region for brevity. These are projected into each sub-
ject’s functional space and are shown on the cortical surface in Figure 1b (all three LeBel subjects
in Figure 7). The Pereira dataset includes a parcellation into five functional networks: language (Fe-
dorenko et al., 2011), multiple-demand (Fedorenko et al., 2013), default-mode, visual, and auditory
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(Power et al., 2011). For simplicity, we assign each network to one domain and use it in place of the
Neurosynth regions. The term lists, thresholds and projection are detailed in Appendix C.

Encoding models. Following the pipeline of Singh et al. (2025), each language stimulus is em-
bedded as a sequence of 10-word contexts, with each family receiving the text in the corresponding
form (prompted experts with their system prompt, fine-tuned experts without one). Features are
reduced by PCA retaining 90% of variance, expanded with eight finite-impulse-response delays to
accommodate the hemodynamic lag (Huth et al., 2012), and regressed onto the fMRI activity. The
fMRI activity is reduced to 100 principal components for model fitting and projected back into voxel
space for model evaluation. We observe qualitatively similar results when fitting voxelwise mod-
els (Appendix C). Models are estimated using ridge regression with a penalty selected by bootstrap
cross-validation within the training stories. Train and test stories follow each dataset’s standard split
reported in the corresponding papers. Encoding accuracy is quantified as the Pearson correlation be-
tween model-predicted and actual responses on the held-out test stories (Figure 1a). The adaptations
of this pipeline for LPP and Pereira are given in Appendix C.

Regional alignment metrics. For each brain system, we rank the six experts of a family by how
well each predicts activity inside that region relative to outside it: each expert’s encoding accuracy,
with the family mean across experts subtracted at every voxel, is averaged over the voxels inside
the region and over those outside it, and the six experts are ranked on the difference (Figure 1b,
right). Our primary statistic, displacement, takes the rank of each region’s own expert (1 = best),
averages it over regions, and subtracts it from the chance rank of 3.5, the midpoint of 1 to 6, so 0
is chance and positive values mean that matched experts rank nearer the top; because six experts
can be assigned to six regions in exactly 720 ways, its null distribution is exact (Nichols & Holmes,
2002), and p is the fraction of relabelings scoring at least as high (120 relabelings and a chance rank
of 3.0 on Pereira’s five networks). Alongside it we report ∆r, the same comparison in correlation
units: the expert’s mean encoding accuracy inside the matching region minus that of the other five
experts, averaged over regions and tested across subjects. Both compare each expert with the other
five: displacement keeps only the rank of its advantage inside the region over outside it, whereas ∆r
keeps the size of its advantage inside the region. Hyperparameters such as the readout layer and the
adapter’s rank were set by a sweep, and the effect holds with this selection included: put through
the same sweep, relabeled experts reach a mean displacement of +0.31, against +0.55 for the actual
experts (p = .0002; Appendix D).

Evaluating the controls. The control families are passed through the same encoding pipeline.
Because a control family has no true expert-to-region mapping, scoring it under every possible
assignment of its members to the regions yields a null distribution of displacement, centered on
zero. We then ask whether the expert families exceed that distribution, comparing each cognitive
result with a content-free control and with the control that shares its intervention.

4 RESULTS

4.1 BEHAVIORAL VALIDATION OF THE EXPERT MODELS

Before incorporating brain data, we first test whether each expert is behaviorally specialized for its
respective domain. For the fine-tuned experts, we measure perplexity on held-out text from each
domain. In every fine-tuned family, each expert’s perplexity is improved most for its own domain
text among the six experts, with mean own-domain improvements of 22% to 40% over the base
model (Figure 2a; all nine families in Appendix E). The prompted experts are specialized only
while the instruction is present, so we measure the content of what they generate under this prompt.
Each expert continues the same neutral story openings, and we score the continuations in two ways.
In the first approach, we quantify the share of generated words that belong to each domain’s lexicon,
with the instruction words removed from the lexicons so that an expert cannot score by echoing
its prompt. In the second approach, a separate model, blind to the prompt, rates how strongly
each continuation engages each domain, after the instructions are removed. On both measures,
the matched prompting expert outperforms the base model across all three model families. By the
lexicon measure, the expert produces 3.7, 1.9, and 3.1 more words per 100 from its own domain than
the base model does, for LLaMA, Qwen, and Phi-4 respectively (exact permutation p = .001, .043,
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Figure 2: Behavioral validation of the experts. LLaMA. (a) Fine-tuning: change in perplexity
(%) relative to the base model, each expert (row) on each domain’s held-out text (column). (b)
Prompting: change in the share of generated words from each domain’s lexicon (percentage points).
(c) Prompting: each expert’s rank on each content kind by a blind judge (1 = highest). Outlined cells
mark the matched expert; each column compares the six experts on one domain.

and .001). By the judge measure, an expert’s own domain gains 1.70, 0.24, and 1.41 more points (on
a 0–10 scale) relative to the base model than other domains do (p = .001, .018, and .001). Figure 2b
(lexicon) and c (judge) show results for LLaMA. Results for the other base models, a second judge,
and a performance-based evaluation are reported in Appendix E.

4.2 EXPERTS IMPROVE ALIGNMENT IN MATCHED BRAIN REGIONS

We next ask whether each expert best predicts activity in the brain region associated with its own
domain. We find that in every one of the eighteen combinations of base model, intervention and
dataset, the matched experts rank above chance in their own regions, giving a positive displacement
(Table 1), and twelve of the eighteen are individually significant under the exact permutation test,
spread across both interventions and all three datasets, and in most regions the matched expert
ranks above chance (Regions in Table 1). Figure 3 shows the running example, prompted LLaMA
on the LeBel dataset: every region’s own expert ranks first or second in that region (displacement
+1.56, p = .003), and the per-expert cortical maps behind those ranks are shown in Appendix F.
The same results hold when the ranks are replaced by the continuous contrast: the matched expert’s
encoding accuracy inside its region minus the other experts’ (∆r in Table 1) is positive in all eighteen
combinations and significant in twelve. We observe the same pattern under other ways of scoring
regional alignment, including restricting the comparison to best-predicted voxels and reading the
Neurosynth maps as continuous gradients rather than binary regions (Appendix F).

Both interventions produce a positive effect on every base model. Combining the 62 subjects of the
three datasets for each base model and intervention, the effect is significant for LLaMA prompting
(p < .001), LLaMA fine-tuning (p = .002), Qwen fine-tuning (p = .033), and Phi-4 fine-tuning (p <
.001), and nearly so for Qwen prompting (p = .051) and Phi-4 prompting (p = .058). Each subject’s
displacement is standardized by its own permutation null before combining (Appendix D). Addi-
tionally, behavioral specialization and alignment are related across base models. Under prompting,
LLaMA’s experts are the most behaviorally specialized in what they generate, followed by Phi-4’s
and then Qwen’s (judge advantage +1.70, +1.41, and +0.24; Section 4.1), and this is also the order
of their mean displacement over the three datasets (+0.84, +0.58, and +0.46). Under fine-tuning,
ranking base models by how much more each expert improves its own domain’s text than the other
experts do also gives their displacement order (Appendix E). This agreement across the two rankings
is significant (p = .03; the probability that two rankings would agree by chance, computed by ran-
domly shuffling the base models within each intervention). Within a family, however, ranking a base
model’s six experts by specialization does not recover their ranking by alignment (Appendix G).

4.3 THE EFFECT OF PROMPTING VERSUS FINE-TUNING ON REGIONAL ALIGNMENT

Prompting and fine-tuning change a model differently, so we asked whether the experts they pro-
duce align with the brain differently. Across the two narrative datasets and three base models, we
compared the interventions on several aspects of model–brain alignment: its strength, its consis-
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Table 1: Regional alignment for every model family, intervention, and dataset. Displacement:
3.5 minus the mean rank of each region’s own expert (3.0 on Pereira; 0 = chance), with its exact
relabeling p. vs null: percentile within the seed-only control family’s displacement distribution at
the same setting. ∆r: the matched expert’s accuracy inside its region minus the other experts’, tested
across subjects. Regions: regions whose own expert ranks above chance. Bold: p < .05 (vs null:
beyond the 95th percentile). Pooled rows give the mean over all 62 subjects, with p from a test that
standardizes each subject’s displacement by its own permutation null (Appendix D).

Model Intervention Dataset n Displacement p vs null ∆r × 103 p Regions

LLaMA Prompting LeBel 3 +1.56 .003 100th +1.25 .011 6/6
LPP 49 +0.42 .017 100th +0.39 <.001 5/6
Pereira 10 +0.54 .017 100th +6.51 .013 4/5
all pooled 62 +0.49 <.001 +1.42 .002

Fine-tuning LeBel 3 +0.89 .019 99th +0.77 .117 3/6
LPP 49 +0.30 .014 98th +0.41 <.001 4/6
Pereira 10 +0.34 .133 95th +1.36 .037 3/5
all pooled 62 +0.34 .002 +0.58 <.001

Qwen Prompting LeBel 3 +0.89 .007 98th +0.87 .048 5/6
LPP 49 +0.07 .321 61st +0.15 .041 4/6
Pereira 10 +0.43 .042 98th +3.30 .029 3/5
all pooled 62 +0.17 .051 +0.69 .009

Fine-tuning LeBel 3 +0.61 .017 97th +0.85 .084 5/6
LPP 49 +0.42 .065 100th +0.82 <.001 4/6
Pereira 10 +0.08 .400 65th +0.59 .319 3/5
all pooled 62 +0.37 .033 +0.78 <.001

Phi-4 Prompting LeBel 3 +1.17 .003 99th +0.84 .118 6/6
LPP 49 +0.17 .214 92nd +0.18 .034 3/6
Pereira 10 +0.42 .033 99th +3.46 .123 3/5
all pooled 62 +0.26 .058 +0.74 .059

Fine-tuning LeBel 3 +0.94 .007 100th +0.65 .039 4/6
LPP 49 +0.33 .008 99th +0.45 <.001 5/6
Pereira 10 +0.34 .092 85th +2.59 .053 5/5
all pooled 62 +0.36 <.001 +0.81 .001

tency across subjects, the layer at which it peaks, and its sensitivity to the layer, adapter rank, region
definition, and scoring statistic (Appendix G). Neither intervention is consistently ahead on any of
these; which one leads depends on the base model or dataset (Figure 27). The one property that
does separate them is the scale of representational change: by centered kernel alignment (CKA;
Kornblith et al., 2019), fine-tuning moves the six experts’ representations 1.4 to 6.8 times further
apart than prompting does, in all six base model–dataset combinations, and increasingly with depth
(Figure 4a). Since fine-tuning pulls experts apart more, we asked whether that separation improves
alignment to brain systems. We find that it does not: across the fine-tuned families, greater di-
vergence among a family’s six prediction maps corresponds to poorer alignment among its experts
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Figure 4: Comparing the two interventions. (a) Dissimilarity of the six experts’ stimulus repre-
sentations (1 − mean pairwise CKA) by layer, for every family on LPP and for the surface-form
control. (b) Dissimilarity of each fine-tuned family’s six prediction maps (1 − mean pairwise corre-
lation) against its displacement, one point per model, dataset and layer. (c) Each expert’s own-region
displacement under each intervention (rings 0.5 apart), averaged over the narrative datasets and base
models; dots are single configurations, and values below chance sit at the center.

(r = −0.55 overall; −0.55, −0.37, and −0.44 within LeBel, LPP, and Pereira; Figure 4b). A larger
perturbation of the model thus does not necessarily yield better alignment (see also Section 4.4).

The interventions also differ in which experts align with their respective regions (Figure 4c). Prompt-
ing aligns the spatial expert in all six combinations of base model and narrative dataset (mean own-
region displacement +0.86), whereas fine-tuning’s spatial expert sits at chance on average (0.00).
The difference is reliable: for each subject in the LPP dataset, prompting’s spatial expert outper-
forms fine-tuning’s (pooled t(48) = 5.8, p < .0001), for each base model and at every layer, adapter
rank and region definition. The numerical expert shows the reverse: for each subject in the LPP
dataset, experts produced by fine-tuning outperform prompting at every layer (t(48) between 2.3 and
5.2, all p < .03). Only the brain data reveal the spatial difference; in behavior the spatial expert is the
second or third most specialized by lexicon share and perplexity in every base model (Appendix G).
The two interventions thus reach comparable alignment through different experts.

4.4 SPECIFICITY TO COGNITIVE CONTENT

Regional alignment could, in principle, follow from any change to a model, whatever its content.
To test this we use the control families of Section 3.1, built by the same procedures but with no
cognitive content. Each control family is scored under all 720 assignments of its members to the
regions (Section 3.2), and each expert family is placed within that null distribution. For the run-
ning example’s base model (LLaMA), both cognitive interventions lie beyond the 95th percentile of
every corresponding control distribution (Figure 5); over all eighteen combinations of base model,
intervention and dataset, the expert families stand on average at the 94th percentile of the null from
the six fine-tunes trained on the same pooled data, whose members differ in no content, and fourteen
of them lie beyond its 95th percentile (Appendix H). Alignment is also not a matter of how much an
intervention changes the model. Displacement asks where the differences between a family’s mem-
bers fall; a separate measure, the size of the change, asks only how large they are (Appendix H). By
that measure, the surface-form fine-tunes differ nearly four times as much as the cognitive experts
do, yet only the cognitive experts’ differences fall in the regions their domains predict.

As a stronger control, the keyword family gives each domain’s vocabulary without instructing the
model to act as an expert in it. The cognitive experts yielded stronger regional alignment than their
keyword-based counterparts in seven of nine base model × dataset comparisons; the exceptions are
Qwen on the two narrative datasets, where vocabulary alone matches or exceeds the instruction,
consistent with Qwen’s prompted experts being the least differentiated behaviorally (Table 3).
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Figure 6: Specialization improves regional alignment without changing overall alignment. (a)
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a family’s six experts between accuracy and (left) rank over all six regions or (right) how much
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4.5 THE EFFECT OF SPECIALIZATION ON OVERALL PREDICTION ACCURACY

Specializing a model changes where it aligns without changing how well it predicts the brain overall
(Figure 6). On the 49-subject dataset, turning LLaMA into a family of experts leaves its whole-brain
prediction accuracy nearly unchanged (+0.1% under prompting and +1.0% under fine-tuning; p =
.88 and .18) but gives the family a displacement of +0.28 under both interventions (p = .033 and
.037, read at a fixed set of layers; Figure 6a). Overall accuracy does not explain which expert aligns
with which region either. Within a family, a more accurate expert ranks somewhat higher (r = +0.20
and +0.26 across the 62 subjects), but in every region alike, and such a shared advantage cancels
out of displacement. Whether an expert ranks higher in its own region than in the others, which is
what displacement counts, is unrelated to its overall accuracy (r = +0.03 and +0.00, p = .18 and .82;
Figure 6b). This may explain why instruction tuning does not appear to improve brain alignment
at matched model size when evaluated across the whole brain (Gao et al., 2025): specialization
changes which region each expert predicts best, which a whole-brain average does not register.

5 CONCLUSION

We show that specializing a language model toward a cognitive domain, whether by a system prompt
or by fine-tuning, moves its representations toward the brain system associated with that domain,
across base models and datasets, while control interventions without cognitive content do not. This
holds for domains whose brain systems lie largely outside the language network, and it comes with-
out any gain in overall prediction accuracy. The fact that a prompt, which changes no weights, works
about as well as fine-tuning suggests that specialization amplifies a representational structure that
is already present in a model trained only on text. Specialized models thus offer a way to probe
which parts of broader human cognition a language model may have obtained; our work provides
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a methodology to test whether these emergent representations align with functionally specialized
subsystems in the human brain.

AI USE STATEMENT

We used LLM-based assistants to implement and debug analysis code, to give feedback on the ex-
perimental design and controls, and to draft and edit text and figures. As part of the method, Meta-
Llama-3-8B-Instruct generated the distilled fine-tuning commentary (Appendix B), and Qwen2.5-
32B-Instruct and Mistral-Small-24B-Instruct served as blind judges of the prompted experts’ gen-
erations (Appendix E). We did not use generative AI to collect, preprocess or alter any brain data.
Every number was regenerated from scripts and checked by the authors. We take responsibility for
the final content of this work, including text, claims or artifacts produced with the aid of generative
AI.

ETHICS STATEMENT

This study uses three previously published fMRI datasets (LeBel et al., 2023; Li et al., 2022a; Pereira
et al., 2018) and collects no new human data. Each was collected with informed consent under the
approval of its own institution’s review board and is publicly released in de-identified form. All
models we prompt or fine-tune are publicly available. The compute the study used is reported in
Appendix I.

REPRODUCIBILITY STATEMENT

All three fMRI datasets are public, as are the three base models and every tool in the pipeline. The
six system prompts and the composition of the fine-tuning data are given in Appendix B; the re-
gion definitions, the encoding pipeline and both outcome statistics in Appendix C; and the statistical
tests, including the treatment of hyperparameters, in Appendix D. Every per-configuration displace-
ment test is an exact permutation test over the 720 relabelings of six experts to six regions, or 120
over five networks, so no displacement p-value depends on a sampling seed. We will release the
code as supplementary material; it implements every step of the method, including the prompts, the
construction of the fine-tuning data and the training configurations, the behavioral validation, the
encoding models, the region definitions and the alignment statistics.
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Tom Dupré la Tour, Matteo Visconti di Oleggio Castello, and Jack L Gallant. The voxelwise en-
coding model framework: a tutorial introduction to fitting encoding models to fmri data. Imaging
Neuroscience, 3:imag a 00575, 2025.

Evelina Fedorenko, Michael K Behr, and Nancy Kanwisher. Functional specificity for high-level
linguistic processing in the human brain. Proceedings of the National Academy of Sciences, 108
(39):16428–16433, 2011.

Evelina Fedorenko, John Duncan, and Nancy Kanwisher. Broad domain generality in focal regions
of frontal and parietal cortex. Proceedings of the National Academy of Sciences, 110(41):16616–
16621, 2013.

Evelina Fedorenko, Steven T Piantadosi, and Edward AF Gibson. Language is primarily a tool for
communication rather than thought. Nature, 630(8017):575–586, 2024.

Yao Fu, Hao Peng, Litu Ou, Ashish Sabharwal, and Tushar Khot. Specializing smaller language
models towards multi-step reasoning. In International Conference on Machine Learning, pp.
10421–10430. PMLR, 2023.

Changjiang Gao, Zhengwu Ma, Jiajun Chen, Ping Li, Shujian Huang, and Jixing Li. Increasing
alignment of large language models with language processing in the human brain. Nature com-
putational science, 5(11):1080–1090, 2025.

11

https://arxiv.org/abs/1911.11641
https://arxiv.org/abs/1911.11641


Ariel Goldstein, Zaid Zada, Eliav Buchnik, Mariano Schain, Amy Price, Bobbi Aubrey, Samuel A
Nastase, Amir Feder, Dotan Emanuel, Alon Cohen, et al. Shared computational principles for
language processing in humans and deep language models. Nature neuroscience, 25(3):369–380,
2022.

Aaron Grattafiori, Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey, Abhishek Kadian, Ahmad
Al-Dahle, Aiesha Letman, Akhil Mathur, Alan Schelten, Alex Vaughan, et al. The llama 3 herd
of models. arXiv preprint arXiv:2407.21783, 2024.

Liberty S Hamilton and Alexander G Huth. The revolution will not be controlled: natural stimuli in
speech neuroscience. Language, cognition and neuroscience, 35(5):573–582, 2020.

Dan Hendrycks, Collin Burns, Steven Basart, Andy Zou, Mantas Mazeika, Dawn Song, and
Jacob Steinhardt. Measuring massive multitask language understanding. arXiv preprint
arXiv:2009.03300, 2020.

Tzipi Horowitz-Kraus, Liana Magaliff, Dror Kraus, Mika Shapira Rootman, Tamar Steinberg, Dorit
Aram, Rupa Radhakrishnan, and Rola Farah. Engagement of networks related to attention, ex-
ecutive function, and sensory processing during parental vs experimenter story-listening: an fmri
study. Pediatric Research, 99(3):1193–1201, 2026.

Edward J Hu, Yelong Shen, Phillip Wallis, Zeyuan Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang,
and Weizhu Chen. Lora: Low-rank adaptation of large language models. arXiv preprint
arXiv:2106.09685, 2021.

Luyang Huang, Shuyang Cao, Nikolaus Parulian, Heng Ji, and Lu Wang. Efficient attentions for long
document summarization. In Proceedings of the 2021 conference of the north American chapter
of the association for computational linguistics: Human language technologies, pp. 1419–1436,
2021.

Alexander G Huth, Shinji Nishimoto, An T Vu, and Jack L Gallant. A continuous semantic space
describes the representation of thousands of object and action categories across the human brain.
Neuron, 76(6):1210–1224, 2012.

Shailee Jain, Vy A Vo, Leila Wehbe, and Alexander G Huth. Computational language modeling and
the promise of in silico experimentation. Neurobiology of Language, 5(1):80–106, 2024.

Mark Jenkinson, Peter Bannister, Michael Brady, and Stephen Smith. Improved optimization for the
robust and accurate linear registration and motion correction of brain images. Neuroimage, 17(2):
825–841, 2002.

Nancy Kanwisher. Functional specificity in the human brain: a window into the functional archi-
tecture of the mind. Proceedings of the national academy of sciences, 107(25):11163–11170,
2010.

Hyunwoo Kim, Youngjae Yu, Liwei Jiang, Ximing Lu, Daniel Khashabi, Gunhee Kim, Yejin Choi,
and Maarten Sap. Prosocialdialog: A prosocial backbone for conversational agents. In Pro-
ceedings of the 2022 Conference on Empirical Methods in Natural Language Processing, pp.
4005–4029, 2022.

Hyunwoo Kim, Jack Hessel, Liwei Jiang, Peter West, Ximing Lu, Youngjae Yu, Pei Zhou, Ronan
Bras, Malihe Alikhani, Gunhee Kim, et al. Soda: Million-scale dialogue distillation with social
commonsense contextualization. In Proceedings of the 2023 Conference on Empirical Methods
in Natural Language Processing, pp. 12930–12949, 2023.
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A THE SIX COGNITIVE DOMAINS

The six domains are chosen to cover the cognitive terms that have reliable meta-analytic maps in
Neurosynth (Yarkoni et al., 2011), with each domain bringing together several near-synonymous
terms that converge on one construct. Sensory processing covers the primary sensory modalities;
spatial processing covers spatial relations, navigation and visual scenes; numerical processing covers
calculation and arithmetic; reasoning covers inference, planning and cognitive control; social pro-
cessing covers social interaction and reasoning about other minds; and the abstract domain covers
abstract concepts, meaning and values. The granularity is set by where the meta-analytic evidence
supports distinct and reliable cortical localization: fewer domains would merge dissociable systems,
such as spatial navigation and early sensory processing, and more would subdivide below the reso-
lution these maps support. The same six domains define the experts’ prompts, their fine-tuning data
and the brain regions they are tested against, so each expert has exactly one region it is expected to
align with (Figure 1).

B ADDITIONAL DETAILS ABOUT CONSTRUCTING AND VALIDATING THE
EXPERT MODELS

Domain prompts. Each prompted expert receives one of the following system prompts, held fixed
across every stimulus and every dataset. Base models whose chat template carries no system role
receive the same text prepended to the user turn.

• Sensory: “You are an expert in sensory and physical processing. Focus on concrete sensory
experiences, physical actions, bodily sensations, textures, temperatures, sounds, tastes, and
smells.”

• Spatial: “You are an expert in spatial and visual processing. Focus on spatial relation-
ships, visual scenes, locations, navigation, distances, shapes, colors, and movement through
space.”

• Numerical: “You are an expert in numerical and temporal reasoning. Focus on quantities,
numbers, time sequences, durations, ordering of events, mathematical relationships, and
logical sequences.”

• Reasoning: “You are an expert in reasoning and planning. Focus on causal relationships,
logical inference, problem solving, goal-directed behavior, strategy, and decision making.”
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Table 2: Composition of each domain’s fine-tuning set. Rows after deduplication. Instruction
corpora are the filtered public sets; distilled are the teacher-generated domain commentaries.

Domain Instruction Distilled Long-form additions Train Validation

Sensory 17,843 3,673 none 21,516 557
Spatial 14,916 3,668 Wikipedia geography 2,850 21,434 647
Numerical 35,741 3,670 Wikipedia biographies 2,852;

GovReport 1,898
44,161 1,172

Reasoning 12,147 3,674 Mixture-of-Thoughts 2,849;
LongWriter 1,336

20,006 660

Social 47,039 3,674 SODA 2,844; HH-RLHF helpful
1,906

55,463 1,402

Abstract 2,811 3,667 PG-19 5,711; Gutenberg 1,765;
GoodWiki philosophy 1,607

15,561 821

• Social: “You are an expert in social cognition and communication. Focus on social interac-
tions, emotions, intentions, beliefs, desires, interpersonal relationships, and communication
patterns.”

• Abstract: “You are an expert in abstract concepts and values. Focus on abstract ideas,
moral judgments, ethical principles, cultural values, philosophical concepts, and symbolic
meaning.”

Fine-tuning data. Each domain’s set combines up to three sources (Table 2; sensory has no long-
form text), all posed as prompt–completion pairs with the loss on the completion only. The first is
public instruction-following and reading-comprehension corpora, filtered to the domain by source,
with items whose answers collapse onto a template removed. Sensory is carried by the physical-goal
items of PIQA (Bisk et al., 2019) together with creative-writing prompts; social by SocialIQa (Sap
et al., 2019), persona-grounded dialogue (Zhang et al., 2018) and the dialogues of ProsocialDia-
log (Kim et al., 2022), with a smaller mix of counseling and open-domain conversation; numerical
by the word problems of GSM8K (Cobbe et al., 2021) and Orca-Math (Mitra et al., 2024) and the
time-sensitive questions of TimeQA (Chen et al., 2021) and MultiTQ (Chen et al., 2023); spatial
by NarrativeQA (Kočiskỳ et al., 2018) and passages of fiction; reasoning by the open-domain in-
struction data of OpenHermes-2.5; and abstract by reflective prompts on quotations and essays.1
For sensory, social and numerical these tasks are themselves about the domain; for spatial, reason-
ing and abstract the material is more general, and the other two sources add text written about the
domain. The second source is long-form text that contains the domain’s vocabulary, posed as con-
tinuation: the first half of a passage, after a one-line focus such as “Continue this passage focusing
on time, dates, durations, numbers, and measurements,” is the input and the second half the target. It
draws on PG-19 (Rae et al., 2019), Project Gutenberg and GoodWiki for abstract; English Wikipedia
for spatial and numerical; GovReport (Huang et al., 2021) for numerical; Mixture-of-Thoughts and
LongWriter (Bai et al., 2025) for reasoning; and SODA (Kim et al., 2023) and HH-RLHF (Bai et al.,
2022) for social. The third source is distilled domain commentary. The same passages from Narra-
tiveQA, fiction and essays were given, for every domain, to Meta-Llama-3-8B-Instruct (Grattafiori
et al., 2024) with a system prompt describing that domain’s content (for the numerical domain, for
example, explicit times, durations, counts and measurements) and asking for an 80- to 200-word
commentary rich in it, inventing plausible domain details where the passage offers few. The training
pair takes the passage alone as the prompt and the commentary as the completion, so in this source
the domain is carried by the target text rather than by an instruction.

1Corpora without an accompanying publication are identified by their Hugging Face names:
https://huggingface.co/datasets/ChaoticNeutrals/Creative_Writing-ShareGPT,
https://huggingface.co/datasets/AlekseyKorshuk/fiction-books, https:
//huggingface.co/datasets/teknium/OpenHermes-2.5, https://huggingface.co/
datasets/Abirate/english_quotes, https://huggingface.co/datasets/sgoel9/
paul_graham_essays, https://huggingface.co/datasets/manu/project_gutenberg,
https://huggingface.co/datasets/euirim/goodwiki, https://huggingface.co/
datasets/open-r1/Mixture-of-Thoughts, and https://huggingface.co/datasets/
wikimedia/wikipedia (snapshot 20231101.en).
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Adapter training. All three base models are the instruction-following releases (Meta-Llama-3-
8B-Instruct, Qwen3-8B and Phi-4). LoRA adapters are applied to all attention and feed-forward
projection matrices at rank 8, 16 or 64 (α twice the rank) and trained for at most three epochs. Train-
ing on domain text can buy domain fit at the cost of general language ability, which would confound
the brain analyses, since a model that has simply become worse would predict brain responses dif-
ferently for reasons unrelated to its domain. Checkpoints are therefore selected on held-out domain
loss, with a small penalty for any rise in perplexity on held-out general text, among checkpoints
whose general-text perplexity stays below 1.30 times the base model’s; every adapter used here
stayed at or below 1.07 times. The remaining optimization settings are part of the released code.

C ADDITIONAL DETAILS ABOUT MEASURING BRAIN ALIGNMENT

Brain regions. For any term used in published studies, Neurosynth (Yarkoni et al., 2011) gives a
whole-brain z-map of how much more reliably each voxel is reported active in studies that mention
the term than in studies that do not. We therefore defined each domain’s region from a set of domain-
specific terms:

• spatial: spatial, visuospatial, navigation, place;

• numerical: calculation, arithmetic;

• reasoning: reasoning, control, cognitive control, executive, planning, rule, solving;

• social: social, social cognition, social interaction, mind, theory of mind, face;

• abstract: abstract, concept, conceptual, semantic, semantic memory;

• sensory: auditory cortex, visual cortex, somatosensory cortex, olfactory, early visual.

For the five non-sensory categories, the constituent term maps were combined by taking, at each
voxel, the maximum z-value across all terms in that category. This voxel-wise maximum operation
was chosen (rather than, e.g., averaging) so that a voxel implicated strongly by any one term would
be represented in the category map, without weaker or noisier terms diluting that signal. The re-
sulting category-level combined map was then thresholded to retain a fixed-size region of interest,
defined as a fixed set of the top 5,000 voxels by z-value.

The sensory domain needs one extra step, because its terms differ widely in statistical strength and
the strongest would otherwise crowd out the rest. We first threshold each sensory term’s map to its
own top 1,200 voxels, which gives every modality the same number of candidate voxels, and then
combine these masks by voxelwise maximum as for the other domains. Because the masks overlap,
the result can exceed 5,000 voxels (it has 5,641), so we keep its top 5,000 by z-value. The sensory
region thus matches the others in size while still drawing on every modality. The regions overlap
little (Dice 0.00 to 0.04 for most pairs; at most 0.23, between numerical and reasoning). Each region
is defined on the common grid of Le Petit Prince and projected into each LeBel subject’s functional
space with the dataset’s own transforms (1,432 to 1,825 cortical voxels per region).

The result does not depend on region size. We re-ran every LeBel and Le Petit Prince configura-
tion with two alternative sizes per dataset: 45–70 and 200–306 voxels per region on LeBel, and
the top 10% and the full support of each map on Le Petit Prince. All 24 readings give a positive
displacement.

Functional networks on Pereira. The Pereira release’s five functional networks replace the Neu-
rosynth regions, each mapped to the domain closest to its best-established function: language (Fe-
dorenko et al., 2011) to abstract meaning, multiple-demand (Fedorenko et al., 2013) to reasoning,
default-mode to social cognition, visual to spatial processing, and auditory to sensory processing
(Power et al., 2011). The last two mappings are the loosest for a reading task. Since no network
corresponds to numerical processing, we drop the numerical expert on this dataset, so displacement
is 3.0 minus the matched expert’s mean rank among the five, tested against an exact null over all 120
relabelings.

Participants. The three LeBel subjects are UTS01 to UTS03 of the public release (LeBel et al.,
2023), the Le Petit Prince cohort is the English-language one (n = 49; Li et al., 2022a), and the
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Figure 7: The six regions in every LeBel subject. Left: the Neurosynth regions for the six domains
on each subject’s flattened cortical surface, with the dataset’s localizer and atlas regions outlined.
Right: the prediction accuracy of the prompted LLaMA family (mean over its six experts), each
subject on its own color scale. Right (RH) and left (LH) hemispheres are shown.

ten Pereira subjects (Pereira et al., 2018) are those who completed the passage-reading experiments
(experiments 2 and 3).

Encoding models. Each context is represented by the hidden state at the final token of the tem-
plated input, the position from which the model would begin its reply. Prompted experts receive
their instruction as a system message; fine-tuned experts receive none, and read the text as a plain
user turn on the narrative datasets and as raw text on Pereira. On LeBel, each subject’s 93 to 98
training stories and three test stories follow the standard split, and the feature PCA and the ridge
penalty are fitted on the training stories. The penalty is selected per response component by boot-
strap cross-validation over 20 log-spaced values from 101 to 108. Le Petit Prince, with shorter runs
and a 2 s TR, uses a lighter variant: each word is represented by its 25-word context read at the
end of the templated turn, features are binned to TRs, reduced to 512 principal components and
given four delays, and a ridge model with a fixed penalty of 105 is fit and scored with leave-one-
run-out cross-validation. Pereira presents isolated sentences rather than a continuous scan, so its
features are sentence-level with no delay stage, cross-validation is five-fold over passages so that
sentences of one passage never fall on both sides of a split, and the ridge grid spans 102 to 106.
One LeBel test story is presented ten times, which gives a noise ceiling per voxel, the square root
of the Spearman–Brown corrected split-half reliability of the repeats; it is reported only as context
(Appendix F). The results do not depend on the response-PC stage. Keeping more response vari-
ance (about 50% or 70% instead of 100 components) leaves displacement unchanged (r = 0.93 and
0.89 with 100 components under the same encoder), and fitting the ridge regression to every voxel
directly, without response PCs, lowers prediction accuracy by about 7% but leaves all six LeBel
configurations positive, with displacements that track the reported ones. Further, the alignment does
not depend on the moments when the stimulus is about a region’s domain: scoring each region only
on the held-out timepoints whose content matches its domain, labeled with the question-answering
features of Singh et al. (2025), does not raise displacement in the running example. The experts’
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advantage thus comes from how each represents the language as a whole, not only from the parts of
the stimulus that concern its domain.

Outcome statistics. Let re(v) be the encoding accuracy of expert e at voxel v (the correlation
between predicted and observed responses on held-out data), and de(v) = re(v)− 1

K

∑
e′ re′(v) its

difference from the family mean, with K = 6 experts (K = 5 on Pereira). For region Ri and the
rest of the cortical mask Ri, the contrast

ce,i =
1

|Ri|
∑
v∈Ri

de(v) − 1

|Ri|

∑
v/∈Ri

de(v)

is how much better than its siblings expert e predicts inside region i than outside it. Let ρe,i ∈
{1, . . . ,K} be expert e’s rank on this contrast within region i (1 = largest), and let π(i) be the expert
paired with region i, by theory the expert for that region’s domain.

Displacement is

D(π) =
K + 1

2
− 1

K

K∑
i=1

ρπ(i), i,

so that 0 is chance ((K + 1)/2 is the mean of the ranks 1, . . . ,K: 3.5, or 3.0 on Pereira) and the
maximum, (K − 1)/2, is reached when every region’s own expert ranks first. Its p is the fraction of
all K! pairings π whose displacement is at least that of the theory-given pairing. The out-of-region
term makes displacement specific by construction: an expert that predicts all of cortex better than
its siblings gains nothing, since the same advantage is subtracted on both sides.

∆r keeps the magnitude that ranking discards and uses only the voxels inside each region. Let
me,i = 1

|Ri|
∑

v∈Ri
re(v) be expert e’s mean accuracy inside region i; then mπ(i),i is that of the

region’s own expert, and the other K − 1 experts are averaged:

∆r =
1

K

K∑
i=1

(
mπ(i), i − 1

K − 1

∑
e̸=π(i)

me,i

)
,

one value per subject, tested across subjects with a one-tailed t-test. ∆r is reported for its size and its
test across subjects. It is small in absolute terms because the six experts are one model specialized
six ways, whose prediction maps correlate at r ≈ 0.98 in the median configuration.

Both statistics are computed in each subject at each layer; when a configuration is read over a band
of layers they are averaged over its layers, since ranking is not linear and averaging maps first would
give a different answer, and then over subjects.

Control families. The control families of Section 3.1 are random-LoRA adapters, untrained and
matched in norm to the cognitive adapters; seed-only fine-tunes, six adapters trained by the identical
recipe on equally sized samples of one corpus pooled from all six domains, each with its own seed,
so that they differ only in sampling and initialization; random-prompt families, the six prompt
slots filled with expert roles in unrelated fields (for example zebra striping anatomy or vintage type-
writer restoration; all prompts are listed with the released code); surface-form fine-tunes on English
Wikipedia sentences rewritten by six fixed rules that change form but not content (leetspeak, alternat-
ing case, reversed words, disemvoweling, uppercase emphasis and pirate dialect); and the keyword
family, bare lists of each domain’s most distinctive vocabulary with no instruction. A control family
has no correct assignment of members to regions, so its expected displacement is 0 and it is scored
under every assignment, at the same setting as the expert family it is compared with.

D STATISTICAL INFERENCE

Tests. Every per-configuration displacement p is the exact relabeling test: the subjects’ mean dis-
placement is computed under each of the 720 assignments of the six experts to the six regions (120
on Pereira; the same assignment for every subject), and p is the fraction scoring at least as high, so
the smallest attainable p is 1/720 (1/120 on Pereira). It needs no sampling and makes no assumption
about the subjects, who are all scored against the same six model fits. ∆r, which is continuous, is
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tested across subjects with a one-tailed t-test. The pooled rows of Table 1 standardize each subject’s
displacement by the spread of its own relabeling null, so that six-expert and five-expert datasets
share one scale, and test the pooled mean against a Monte Carlo null that samples one relabeling per
dataset and configuration.

Hyperparameters. Two choices in the pipeline are hyperparameters: the layer at which represen-
tations are read out (layer 6, 12, 18, 24 or 30, or the mean over a shallow band of layers 6 and 12
or a deep band of layers 18 to 30) and, for fine-tuning, the adapter’s rank (8, 16 or 64). As with
any hyperparameter, we swept them, and each configuration in Table 1 is reported at its best setting.
The default rank is 64. Everything else, including the regions and both statistics, is fixed for all
configurations.

Choosing the best setting can by itself raise a result, so we checked that the table holds up once
this choice is taken into account. Put through the same sweep and rule, experts relabeled at random
reach a mean displacement of +0.31 and the intervention-matched control families +0.23, against
+0.55 for the actual experts (p = .0002 and .002). Without any selection, reading every configuration
at every layer, 66 of the 90 readings are positive (p = .004).

The eighteen configurations. Each base model, intervention and dataset is a replication in its
own right, and all eighteen are reported whatever their outcome. The evidence is the pattern across
them, which the test above establishes while relabeling configurations on the same dataset together,
since they share subjects. The individual p-values in Table 1 are those of the reported setting and
show where the effect is clearest; ten of the twelve below .05 remain so after a false-discovery-rate
correction across the eighteen (Benjamini–Hochberg, q = .05).

E ADDITIONAL DETAILS ON THE BEHAVIORAL VALIDATION

The two interventions express specialization differently, so each is read by the measure closest to it:
perplexity on held-out domain text for fine-tuning, the objective the adapters were trained on, and
the content of what the experts generate for prompting, which leaves the weights untouched and acts
only while the instruction is present.

Perplexity matrices. Figure 8 gives the perplexity matrix of every fine-tuned family, all three base
models at all three adapter ranks. The matrix is read down its columns: holding one domain’s text
fixed and comparing the six experts on it poses the same six-way question as the brain analysis and
avoids comparing domains whose text differs in how predictable it is. In each of these nine base
model × rank combinations, each domain’s held-out text is improved most by its own expert, with
mean own-domain improvements of 21.6% to 39.6%. How much more each expert improves its
own domain’s text than the other experts do orders the base models Phi-4, LLaMA, Qwen (21.5,
13.5 and 10.3 percentage points), the same order as their mean fine-tuning displacement over the
three datasets (+0.54, +0.51 and +0.37).

Lexicon shift. Figure 9 gives the lexicon-shift matrix of Figure 2b for all three base models. Each
expert continues the same 24 story openings from the LeBel stimuli. Each domain’s lexicon is
the 150 content words most specific to that domain’s fine-tuning validation text (by TF-IDF), after
removing stopwords and every word that appears in any of the six system prompts. A cell is the
share of an expert’s generated words that belong to a domain’s lexicon minus the share for the base
model, in words per 100. The statistic is the mean of the six matched cells, tested against the 720
relabelings of prompts to lexicons: 3.7, 1.9 and 3.1 more own-domain words per 100 for LLaMA,
Qwen and Phi-4 (p = .001, .043 and .001).

The blind judge. Figure 10 gives the judge matrix of Figure 2c for all three base models. The
judge, Qwen2.5-32B-Instruct (Qwen et al., 2025) at temperature 0, rates each continuation from 0
to 10 on how strongly it engages each of six kinds of content, each described in one line (for ex-
ample, “numerical and temporal content: numbers, quantities, counting, durations, dates, times and
sequences”), and is told to ignore meta-commentary; it sees no model name, prompt or domain la-
bel. Sentences that announce the instruction are removed before judging; judging the full text instead
leaves every conclusion unchanged (own-domain advantage +1.66, +0.66 and +1.55, all p = .001).
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Figure 8: The perplexity matrix of every fine-tuned family. Percentage change in perplexity
relative to the base model, each expert (rows) on each domain’s held-out text (columns), for the
three base models at three adapter ranks; the white dot marks each column’s strongest improvement.

A matrix entry is the judged score minus the same judge’s score for the base model’s continuation
of the same opening, and the own-domain advantage is the mean matched entry minus the mean
of the other entries, tested with the same 720-relabeling permutation. The lexicon construction and
the judge’s full prompt are released with the code. A second judge from a different model family,
Mistral-Small-24B-Instruct2, replicates the result: LLaMA +1.96 with six of six content kinds and
Phi-4 +1.63 with five of six, both p = .001, with Qwen in the same direction (+0.14, p = .088; +0.54
on the full text, p = .028). Neither judge favors its own family: both rank the three base models in
the same order, and the Qwen-family judge scores the Qwen experts lowest.

Benchmark battery. The battery groups MMLU (Hendrycks et al., 2020) subject tests into the
six domains, fixed before any model was run: conceptual physics, anatomy and nutrition for sen-
sory; high-school geography and astronomy for spatial; elementary and high-school mathematics
and high-school statistics for numerical; formal logic and logical fallacies for reasoning; sociology,
professional psychology and human sexuality for social; and moral scenarios, moral disputes and

2https://huggingface.co/mistralai/Mistral-Small-24B-Instruct-2501
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Figure 9: Lexicon share of generated text for every base model. As Figure 2b, for LLaMA, Qwen
and Phi-4.
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Figure 10: The blind judge’s ranking for every base model. Each cell is the expert’s rank on that
content kind (1 = the judge scores this expert’s continuations highest of the six, relative to the base
model); the outlined diagonal is the matched cell.

philosophy for abstract. On this battery, the expert prompted toward a domain is ahead of the other
five on that domain’s questions in LLaMA and Qwen (battery displacement +1.17 and +0.67) and
at chance in Phi-4 (0.00), +0.61 on average, a directional result (p = .11) beside the two significant
content-based measures.
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left: a region is filled with its own expert's color where that expert beats chance.  right: the expert's rank within each region row, and the matched expert against chance

Figure 11: LeBel, LLaMA fine-tuning and Qwen prompting. Each row is one configuration in
the format of Figure 3. Left: every region is outlined and labeled, and filled with its own expert’s
color when that expert beats chance inside it, with the expert’s rank printed beside the region name.
Right: the expert × region matrix, where each cell prints that expert’s rank within the region’s row
and the region’s own expert is outlined, and beside it the matched expert’s rank against chance.

F ADDITIONAL DETAILS ON THE REGIONAL ALIGNMENT RESULT

Every configuration. Figures 11 to 19 show the other seventeen configurations of Table 1 in
the format of Figure 3: the cortical map on the left and the region × expert matrix on the right.
Every configuration is positive and twelve are individually significant. The other six are the Qwen
and Phi-4 prompting and Qwen fine-tuning configurations on Le Petit Prince and the three fine-
tuning configurations on Pereira, where fine-tuning is the weaker intervention for every base model.
LeBel’s maps are drawn on its exemplar subject’s surface; Le Petit Prince and Pereira define their
regions once on a shared grid, so each of their configurations gives one group map. Figure 20 shows
the running example in the other two LeBel subjects.

Per-expert cortical maps. Figure 21 opens the running example on the cortex, one panel per
expert: the expert’s encoding map minus the family mean, with the expert’s own region outlined.
If the expert is aligned with its own region, the differential inside the outline should exceed the
differential outside, which is the contrast displacement ranks. It does in all six panels of subject
UTS01 and in sixteen of the eighteen expert × subject panels across the three subjects (Figure 22;
t(17) = 5.09, p < .0001; sign test p = .0007), and the verdicts hold when the outside term is restricted
to the union of the other five regions (eighteen of eighteen) or when each hemisphere’s mean is
removed before scoring (all eighteen unchanged). In two panels both values are negative and the
expert’s deficit is smaller inside the region than outside.

Per-subject matrices. Figure 23 gives the region × expert matrix for each LeBel subject sep-
arately, for all six LeBel configurations. Subject-level displacement is positive in sixteen of the
eighteen family × subject cases, and in the two that are not, LLaMA fine-tuning in UTS02 and
Phi-4 prompting in UTS01, the other two subjects are positive, so no group result is carried by one
subject.

23



LeBel · Qwen · fine-tuning

se
ns

ory

sp
ati

al

nu
meri

ca
l

rea
so

nin
g

so
cia

l

ab
str

ac
t

expert

sensory

spatial

numerical

reasoning

social

abstract

3 2 4 1 6 5

5 2 3 6 4 1

5 2 1 6 3 4

6 5 1 2 3 4

6 1 4 3 5 2

6 4 3 5 1 2

chance

+0.5

+1.5

+2.5

+1.5

-1.5

+1.5

matched expert
vs chance

LeBel · Phi-4 · prompting

se
ns

ory

sp
ati

al

nu
meri

ca
l

rea
so

nin
g

so
cia

l

ab
str

ac
t

expert

sensory

spatial

numerical

reasoning

social

abstract

1 6 4 3 5 2

2 1 3 4 5 6

2 3 1 4 5 6

3 4 1 2 6 5

1 3 6 5 2 4

1 4 5 6 3 2

chance

+2.5

+2.5

+2.5

+1.5

+1.5

+1.5

matched expert
vs chance

a

b

sensory spatial numerical reasoning social abstract

left: a region is filled with its own expert's color where that expert beats chance.  right: the expert's rank within each region row, and the matched expert against chance

Figure 12: LeBel, Qwen fine-tuning and Phi-4 prompting. Conventions as in Figure 11.

LeBel · Phi-4 · fine-tuning

se
ns

ory

sp
ati

al

nu
meri

ca
l

rea
so

nin
g

so
cia

l

ab
str

ac
t

expert

sensory

spatial

numerical

reasoning

social

abstract

2 6 3 4 1 5

4 5 2 3 1 6

4 5 1 3 2 6

3 5 1 4 6 2

2 5 3 4 1 6

1 4 2 5 6 3

chance

+1.5

-1.5

+2.5

-0.5

+2.5

+0.5

matched expert
vs chance

sensory spatial numerical reasoning social abstract

left: a region is filled with its own expert's color where that expert beats chance.  right: the expert's rank within each region row, and the matched expert against chance

Figure 13: LeBel, Phi-4 fine-tuning. Conventions as in Figure 11.

Network by expert matrices on Pereira. Figure 24 gives the matrices behind the Pereira rows
of Table 1. Under LLaMA prompting the language network ranks the abstract expert first and the
default-mode network ranks the social expert first, with the visual and auditory networks placing
their matched experts second, and the surface-form control shows no such pattern.

Other ways of scoring. Figure 25 rescores every configuration with eight statistics, crossed with
three ways of choosing voxels (every voxel, the voxels the family predicts above r = 0.05, and the
better-predicted half of cortex). Four statistics are region-based: displacement; ∆r; the diagonal
contrast, each matched expert’s inside-minus-outside score averaged over regions, so that a large
lead in one region is not flattened by ranking; and the win rate, the share of a region’s voxels best
predicted by its own expert against that expert’s share of the whole cortex. The other four ignore
region boundaries and use the Neurosynth maps as continuous gradients, correlating each expert’s
accuracy map, voxel by voxel over the cortex, with each domain’s z-map, and asking whether the
matched correlations exceed the others (by rank and by difference, on differential and on raw accu-
racy maps). Every statistic finds every computable configuration positive on every voxel set, with
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Figure 14: Le Petit Prince, LLaMA prompting and fine-tuning. Conventions as in Figure 11.
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Figure 15: Le Petit Prince, Qwen prompting and fine-tuning. Conventions as in Figure 11.

one exception, Pereira Phi-4 fine-tuning, which sits at or just below zero under some statistics on
the two filtered voxel sets, and the expert families beat their matched controls in thirteen to sixteen
of the eighteen configurations under the region-based statistics and in nine to eleven of twelve under
the whole-cortex ones.
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Figure 16: Le Petit Prince, Phi-4 prompting and fine-tuning. Conventions as in Figure 11.
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Figure 17: Pereira, LLaMA prompting and fine-tuning. Conventions as in Figure 11.

Encoding performance against the noise ceiling. Against the noise ceiling of the held-out LeBel
story, the encoding models capture a median of 18 to 29% of the explainable signal per subject,
rising to 42 to 57% in the best-predicted voxels, the bright areas of the accuracy maps in Figure 7.
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Figure 18: Pereira, Qwen prompting and fine-tuning. Conventions as in Figure 11.
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Figure 19: Pereira, Phi-4 prompting and fine-tuning. Conventions as in Figure 11.

The continuous statistic across subjects. Figure 26 shows ∆r standardized across subjects (Co-
hen’s d) for all eighteen configurations.
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Figure 20: The running example in the other two LeBel subjects. Each row as Figure 3, for
UTS01 and UTS03, with each subject’s own ranks: the region map, the region × expert matrix, and
each matched expert’s rank relative to chance.

28



Figure 21: Per-expert differential maps (UTS01, LeBel, prompted LLaMA). Each panel: one
expert’s encoding accuracy minus the family mean, on the cortical surface (smoothed for display),
with that expert’s own region outlined; for display, the color scale is centered at the expert’s cortex-
wide level. The printed values are the means of the unsmoothed map inside and outside the region,
and the check mark records which is larger.
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Figure 22: The same panels for UTS02 (top) and UTS03 (bottom). Conventions as in Figure 21.
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Figure 23: Per-subject region × expert matrices for the six LeBel configurations. Each config-
uration at its Table 1 setting; conventions as in Figure 3b, one panel per subject.
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Figure 24: The network by expert matrices behind the Pereira numbers. Left, LLaMA prompt-
ing; right, the surface-form control on the same base model. Rows are the five functional networks,
columns the five experts with a matched network, and each cell prints that expert’s rank within the
network’s row, with the network’s own expert outlined. The surface-form control has no matched
expert, so its outlined cells are one arbitrary assignment of its members, shown on identical conven-
tions.
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Figure 25: The result under every way of scoring it. Eight scoring statistics × three voxel sets, for
all eighteen configurations. Bars: how many cognitive configurations exceed their matched control
(surface-form for fine-tuning, random-prompt for prompting, same dataset), each cognitive configu-
ration at the layer and rank chosen under that statistic as for Table 1 and its control, scored in its fixed
member order, at the same setting; the dashed line is the even-odds level, against which the region
statistics’ worst result (13/18) has binomial p = .048 and their best (16/18) p = .0007. Right margin:
every combination finds every computable configuration positive, with the one exception noted in
the text, which sits at or just below zero. The whole-cortex statistics need continuous Neurosynth
maps, which exist for LeBel and Le Petit Prince (twelve configurations); Pereira provides binary
networks only.
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LPP · n = 49 · .034

Pereira · n = 10 · .123

LeBel · n = 3 · .039

LPP · n = 49 · <.001

Pereira · n = 10 · .053

The continuous statistic, standardized across subjects,
for every model × intervention × dataset configuration

prompting fine-tuning

Figure 26: ∆r standardized across subjects for every configuration. Cohen’s d of the per-subject
∆r, one point per model × intervention × dataset configuration.
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G ADDITIONAL DETAILS ON THE COMPARISON OF THE TWO
INTERVENTIONS

The contrast ledger. For each of 45 properties with a value for both interventions in every config-
uration, we took the six narrative configurations, LeBel and Le Petit Prince with three base models
each, and recorded which intervention has the larger value (Figure 27). A property separates the
interventions consistently only when all three base models agree on both datasets in the same di-
rection, which would happen by chance for about 1.4 of the 45. Representational separation does,
measured at the reported layer and averaged over layers (6 of 6 each; shaded rows): fine-tuning’s
experts are further apart. Seven properties flip with the dataset, and they flip together: on these,
prompting is the stronger intervention on LeBel for all three base models and fine-tuning on Le Petit
Prince. On the remaining 36, among them consistency across subjects, the depth of the effect, and
its robustness to layer, adapter rank, region definition and scoring statistic, the two interventions are
comparable.

Representational separation. Fine-tuning separates the six experts’ stimulus representations in-
creasingly with depth, reaching 1.4 to 6.8 times prompting’s separation, while prompting keeps the
experts close together at every layer (Figure 4a); the surface-form control separates its members
more than cognitive prompting does at every layer. Separation is one minus the mean pairwise lin-
ear CKA between the experts’ representations of the same stimuli, which is 0 when two experts
represent the stimuli identically up to rotation and scaling. The separation does not buy better align-
ment: the fine-tuned families whose prediction maps differ most align their experts least, within
every dataset (Figure 4b).

Which experts each intervention aligns. Prompting’s spatial expert is above chance in its own
region in all six narrative configurations and fine-tuning’s in three, with a mean of 0.00. The differ-
ence holds within subject on Le Petit Prince for each base model (t(48) = 5.0, 2.6 and 2.4; pooled
5.8) and at every layer and adapter rank, and there the cognitive instruction aligns the spatial ex-
pert where a random instruction does not (+0.95 over the random-prompt control, t(48) = 4.65, p <
.0001); the surface-form adapter does not align it either (+0.11). The numerical expert shows the
reverse: fine-tuning’s is above chance in all six narrative configurations (mean +1.39, against +0.96
for prompting) and outperforms prompting’s within subject on Le Petit Prince at every layer (t(48)
between 2.3 and 5.2, all p < .03); the social expert is aligned about equally by both (means +1.17
and +0.94, no layer with p < .1). The remaining experts differ by dataset rather than by intervention.
Which experts align is something the brain data reveal and behavior does not. Although base models
whose experts are more specialized align better overall (Section 4.2), within each base model and
intervention the rank correlation across the six experts between behavioral gain and brain alignment
lies between −0.6 and +0.5 with every p > .2, and the spatial expert is the second or third most
specialized by lexicon share and perplexity in every base model. Figure 28 shows the intervention
difference for each expert.
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LeBel LPP

prompting higher (stronger) fine-tuning higher (stronger)

Figure 27: Every intervention contrast. Which intervention has the larger (stronger) value on
each of the 45 properties, in each of the six base model × dataset combinations; shaded rows are
consistent across all six.
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Figure 28: The intervention difference per expert. Prompting minus fine-tuning own-region dis-
placement per expert, pooled over the two narrative datasets and three base models (bar) with the six
individual configurations (open LeBel, filled Le Petit Prince; circle LLaMA, square Qwen, diamond
Phi-4).
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Figure 29: Where every configuration falls inside the null. (a) Each of the eighteen configurations
of Table 1 as its percentile within the seed-only control family’s assignment distribution; asterisks
mark individually significant configurations. (b) The same eighteen values on one axis; the shaded
region is the lower half of the distribution, where a random assignment falls with probability one
half.

H ADDITIONAL DETAILS ON THE CONTROL ANALYSES

Every configuration against the null. Figure 29 places each of the eighteen configurations of Ta-
ble 1 within the seed-only family’s distribution of displacement over all assignments of its members
to the regions. A random assignment would fall anywhere in that distribution with equal probabil-
ity, so its expected standing is the 50th percentile. Every configuration lands in the upper range:
the lowest at the 61st percentile, the median at the 99th, and fourteen of eighteen beyond the 95th.
Averaged over the eighteen, the expert families stand at the 94th percentile of the seed-only null
and at the 89th of the intervention-matched controls, against an exact joint null that relabels all of a
dataset’s configurations together (p < 10−6 for both means). These standings are read at each con-
figuration’s reported setting; given the same sweep as the expert families, the intervention-matched
controls reach a mean displacement of +0.23 against the experts’ +0.55 (Appendix D).

The size of a change and where it lands. Displacement and the size of a change are two different
summaries of the same contrasts ce,i (Appendix C). Displacement uses only their order within each
region, and it needs a pairing π of regions to members. An expert family is scored at the pairing
given by theory. A control family has no such pairing, so D is computed under every one of the
K! pairings; these values are its null distribution, which averages exactly 0, and an expert family’s
percentile is its D located within that distribution. The size of the change uses only the magnitudes
of the contrasts and needs no ranking and no pairing:

S =
1

K2

K∑
e=1

K∑
i=1

|ce,i| ,

averaged over subjects and layers. Multiplying every contrast by a constant leaves D unchanged
and scales S, so the two can move independently (Figure 30). The surface-form fine-tunes have
the largest S of any family, nearly four times that of the largest expert family, and the untrained
random-LoRA adapters almost none, between a fifth and a twenty-third of any trained or prompted
family; it is the expert families, at intermediate S, whose theory-given pairing stands out in D. The
seed-only fine-tunes have an ordinary S and a null distribution as wide as the surface-form family’s,
so the width of a null reflects the sampling noise of a six-way ranking rather than the size of the
change. A large change is therefore neither necessary nor sufficient for alignment; what matters is
whether it follows the cognitive domains.

The keyword family. Table 3 scores the keyword family, bare domain vocabulary with no in-
struction, on all three base models and all three datasets, read at the same setting as the cognitive
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Figure 30: The size of a change and the place it lands. (a) The size of the change, S: the members’
contrasts in absolute value, averaged over members, regions and subjects, with no ranking and no
pairing to regions. (b) Displacement, D, under the theory-given pairing with its exact permutation
p, for the expert families at their Table 1 settings (circle LLaMA, square Qwen, diamond Phi-4),
against the central 90% of the control families at the same settings (grey).

Table 3: Instruction against bare vocabulary in every base model × dataset comparison. Own-
region displacement of the cognitive prompting family (instruction) and of the keyword family (vo-
cabulary), both read at the expert family’s Table 1 setting, with each family’s exact relabeling p
(bold: displacement with p below .05).

Dataset Model Instruction p Vocabulary p Instruction ahead

LeBel LLaMA +1.56 .003 +0.22 .342 yes
LeBel Qwen +0.89 .007 +1.22 .004 no
LeBel Phi-4 +1.17 .003 −0.17 .654 yes
LPP LLaMA +0.42 .017 +0.12 .242 yes
LPP Qwen +0.07 .321 +0.18 .151 no
LPP Phi-4 +0.17 .214 +0.16 .226 yes
Pereira LLaMA +0.54 .017 +0.16 .225 yes
Pereira Qwen +0.43 .042 +0.15 .167 yes
Pereira Phi-4 +0.42 .033 +0.32 .075 yes

prompting family beside it. The instruction aligns more strongly than the bare vocabulary in seven
of the nine comparisons, so naming a domain’s words is not enough, and instructing the model to
act as an expert in the domain is needed to align it with the corresponding brain system.

The cortical map of a control. Figure 31 draws the running example’s map beside the same map
for the random-prompt control, six non-cognitive system prompts on the same base model at the
same setting, under one arbitrary assignment of its members to the regions. The cognitive experts
rank above chance in 16 of 18 region × subject cases; the control reaches 7, close to the 9 expected
by chance.
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below each map: the rank of each region's assigned member within that region (1 = best of 6)

Figure 31: The same cortical map for cognitive experts and for a control. Left, the running
example (LLaMA, prompting) on the conventions of Figure 3; right, the random-prompt control at
the same setting under one arbitrary assignment. A region is filled when its assigned expert ranks
above chance inside it and hatched when it does not.
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I ADDITIONAL DETAILS ABOUT EXPERIMENTAL ENVIRONMENT

All fine-tuning, feature extraction and encoding fits ran on two GPU nodes of a shared cluster, one
with eight NVIDIA RTX A6000 cards and one with four NVIDIA H200 NVL cards, with every
job on a single GPU. The software stack is Python 3.10.12 with PyTorch 2.10 and Transformers
4.57 with PEFT 0.18 for fine-tuning, PyTorch 2.12 and Transformers 5.10 for feature extraction
and encoding, NumPy 2.2, SciPy 1.15 and scikit-learn 1.7, nibabel 5.4 and nilearn 0.13 for the
imaging data, pycortex 1.3 for the cortical surfaces, and the FSL linear registration tools (Jenkinson
et al., 2002; Smith et al., 2004) for projecting the region masks with each dataset’s own released
transforms; we ran no new preprocessing on any dataset. Fine-tuning one adapter takes a median of
3.5 hours on one GPU (the middle half of runs between 0.9 and 5.5 hours), the spread coming from
the domains’ unequal training sets and the base models’ different sizes. On the narrative datasets,
extracting one expert’s representations of the stimuli takes about 17 minutes, and fitting the encoding
model for one expert at one layer in one subject about 3 minutes; the sentence dataset is far cheaper,
a complete family finishing in minutes.
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