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Abstract

Emerging research seeks to draw neuroscientific insights from the neural predictivity of large language models (LLMs).
However, as results continue to be generated at a rapid pace, there is a growing need for large-scale assessments of their
robustness. Here, we analyze a wide range of models, methodological approaches, and neural datasets. We find that some
methodological approaches, particularly the use of shuffled train-test splits, have led to many impactful yet unreliable findings,
and that the method by which activations are extracted from LLMs can bias results to favor particular model classes. Moreover,
we find that confounding variables, particularly positional signals and word rate, perform competitively with trained LLMs
and fully account for the neural predictivity of untrained LLMs. In summary, our results suggest that theoretically interesting
connections between LLMs and brains on three neural datasets are driven largely by fragile methodologies and overlooked
confounds.

1 Introduction

In recent years, large language models (LLMs) have profoundly transformed the world, demonstrating an astonishing ability
to interact with humans through natural language. This raises a fundamental question: do LLMs process language in a
human-like manner? One way researchers have sought to investigate this question is through the neural encoding framework,
in which an LLM’s internal representations of linguistic stimuli are used to predict brain responses to the same stimuli. Across
multiple studies, results have been strikingly consistent—LLM-derived representations are highly effective at predicting
brain responses [Toneva and Wehbe, 2019, Schrimpf et al., 2021, Goldstein et al., 2022, Caucheteux and King, 2022, Antonello
et al., 2023]. An emerging research program now seeks to understand what properties of LLMs drive this neural predictivity.

In the most cited of these studies, Schrimpf et al. [2021] evaluated the neural predictivity of 43 models—including transformer-
based LLMs, smaller recurrent neural network (RNN) models, and static (i.e. non-contextual) word embeddings—across
three neural datasets and reported three main results. First, LLMs trained to predict the next word, specifically GPT2XL
Radford et al. [2019], provided the best neural predictivity across all 43 models, accounting for 100% of the explainable
neural variance in one neural dataset (i.e. taking into account noise inherent in the data). Second, the neural predictivity
of models was positively correlated with one model property in particular, their next-word prediction ability. These
two findings were interpreted as "computationally explicit evidence that predictive processing fundamentally shapes the
language comprehension mechanisms in the human brain" [Schrimpf et al., 2021]. Third, untrained (i.e. randomly initialized)
transformer-based LLMs demonstrated surprisingly high neural predictivity relative to their trained counterparts, which was
interpreted as evidence that the transformer architecture may play a role in biasing computations to be more brain-like. Taken
together, these findings paint a picture in which the artificial intelligence community is "rapidly converging on architectures
that might capture key aspects of language processing in the human mind and brain" [Schrimpf et al., 2021].

Schrimpf et al. [2021] laid the groundwork for several follow-up studies which viewed LLMs not only as predictive tools, but
also as candidate explanatory models of biological language processing. For example, Hosseini et al. [2024a] demonstrated
that LLMs achieve high neural predictivity even when the scale of natural language data they are trained on mirrors the
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developmental language exposure of humans. Aw et al. [2024] highlighted the effects of instruction tuning on LLMs, revealing
that this process enhances both their alignment with neural data and their integration of world knowledge. AlKhamissi et al.
[2024] further investigated the neural predictivity of untrained transformer-based LLMs, attributing it to tokenization strategy
and multi-headed attention. The authors then constructed a model based on these two components that displayed high
neural and behavioral predictivity, leading them to "conceptualize language processing in the human brain as an untrained
feature encoder providing representations to a downstream trainable decoder that produces language output".

While these studies represent the growing enthusiasm for using LLMs to gain neuroscientific insights, caution is warranted.
LLMs are a relatively recent technology, and the field is still in the process of establishing robust methodologies to relate their
representations to brain responses. Moreover, the excitement surrounding LLMs creates an incentive to identify theoretically
compelling parallels between artificial and biological language processing, sometimes at the risk of overlooking simpler
confounds that may drive these mappings [Bowers et al., 2022]. In this study, we empirically demonstrate these issues by
showing that results from Schrimpf et al. [2021] depend on fragile methods and can be accounted for by simple confounds.
Importantly, the issues we highlight have direct implications for a large set of follow-up LLM-to-brain mapping studies as
well [Oota et al., 2022, Aw et al., 2024, Hosseini et al., 2024a, Kauf et al., 2024, Hosseini et al., 2024b, Mischler et al., 2024,
AlKhamissi et al., 2024]. Through this work, we hope to provide a necessary course correction against drawing excessive
correspondences between LLMs and brains, and encourage future research which critically evaluates parallels between
artificial intelligence and neuroscience.

2 Results

We evaluated the neural predictivity of several models on three neural datasets: (1) Pereira2018 (fMRI - passages) [Pereira
et al., 2018], (2) Fedorenko2016 (ECoG - sentences) [Fedorenko et al., 2016] , and (3) Blank2014 (fMRI - stories) [Blank et al., 2014].
In Pereira2018, n = 10 participants read short passages presented one sentence at a time, and a single fMRI volume (TR) was
acquired after presentation of each sentence. Pereira2018 consists of two sub-experiments, and we combined results across
both experiments following Schrimpf et al. [2021]. In Fedorenko2016, ECoG recordings were made while n = 5 participants
read 52 sentences, presented word-by-word. In Blank2014, fMRI signals were acquired while n = 5 participants listened to 8
stories. We focus all analyses on language-selective voxels (Pereira2018) / electrodes (Fedorenko2016) / fROIs (Blank2014). For
additional details on these three neural datasets, see 4.1.

When evaluating the neural predictivity of a model, we first passed as input to the model the same natural language stimuli
that the participants received. We then extracted model activations (4.3), and trained linear regressions to predict brain
responses from each layer of the model. To assess a model’s neural predictivity, we used nested cross-validation (4.9). In
each outer fold, the subset of brain responses and model activations used for fitting the regression is termed the train set,
and the held-out subset of brain responses and model activations used to evaluate the regression is termed the test set. For
models with multiple layers, we focus our analyses on the layer which achieves the highest neural predictivity on the test set
(averaged across outer folds). (4.10).

2.1 LLM neural predictivity values generated with shuffled splits are not reliable

2.1.1 A trivial model of temporal autocorrelation achieves higher neural predictivity than GPT2XL when using shuffled
splits

The majority of studies evaluating the neural predictivity of language models have employed contiguous train-test splits
[e.g., Huth et al., 2016, Antonello et al., 2023, Antonello and Huth, 2024, Caucheteux et al., 2021, Caucheteux and King, 2022,
Caucheteux et al., 2023], where a temporally contiguous chunk of brain responses (and the associated model activations) are
held-out for testing. By contrast, several studies using the neural datasets we study here [AlKhamissi et al., 2024, Aw et al.,
2024, Kauf et al., 2024, Oota et al., 2022, Hosseini et al., 2024a,b], most notably Schrimpf et al. [2021], used shuffled splits,
where samples are arbitrarily placed into the test set without regard for temporal adjacency. To provide an example with the
Pereira2018 dataset, contiguous splits imply that entire passages are held out for testing, whereas shuffled splits allow that
some sentences from a given passage are placed in the train set, and other sentences from the same passage are placed in the
test set.

Shuffled splits are known to be problematic in the field of language neural encoding because brain responses are temporally
autocorrelated for reasons that are not entirely stimulus-driven [Zada et al., 2024]. Due to temporal autocorrelation in brain
responses, a model can achieve high neural predictivity purely because it represents nearby time points similarly when using
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Figure 1: a) Neural predictivity of OASM and GPT2XL across three different activation extraction methods: last token
pooling (-LAST), mean pooling (-MEAN), and sum pooling (-SUM). Each dot shows the mean predictivity across vox-
els/electrodes/fROIs for a given participant, and the bar displays the mean value across participants. Left side displays
neural predictivity when using OLS regression, right side shows L2-regularized regression. b) Same as (a) but when using
contiguous splits. * denotes that GPT2XL performs significantly better (α = 0.05) than OASM across participants using a
one-sided Wilcoxon signed-rank test.

shuffled splits. To demonstrate this, we constructed a trivial model which operates only on the principle that stimuli nearby
in time should be assigned similar representations. We term this model the Orthogonal Autocorrelated Sequences Model
(OASM) because the activations of OASM are orthogonal for distinct passages/sentences/stories, and autocorrelated for
stimuli within a passage/sentence/story (4.4).

We compared the neural predictivity of OASM to that of GPT2XL when using largely the same methodological choices
implemented in Schrimpf et al. [2021]. These methodological choices were fitting the mapping between model activations
and brain responses with ordinary least squares (OLS) regression (4.7) and extracting activations from GPT2XL using the
last token of the stimuli, which we term GPT2XL-LAST (4.3). We performed a one-sided Wilcoxon signed-rank test across
participants to determine if GPT2XL neural predictivity was significantly higher than that of OASM with α = 0.05 (4.12).
Under these settings, OASM predicted brain responses qualitatively on-par with or better than GPT2XL-LAST across all three
datasets, and there was no case where GPT2XL-LAST predicted brain responses significantly better than OASM (Figure 1a,
top left panel). To evaluate the robustness of this finding, we compared the performance of OASM to GPT2XL when using
two other activation extraction methods: taking the mean across tokens (mean pooling, referred to as GPT2XL-MEAN), and
taking the sum across tokens (sum pooling, referred to as GPT2XL-SUM). We included mean pooling because it was used
in Kauf et al. [2024], and sum pooling because it is somewhat analogous to the process of convolving the hemodynamic
response function (HRF) with model activations (4.3). Results were consistent, with OASM qualitatively achieving the same
or higher neural predictivity than GPT2XL-MEAN and GPT2XL-SUM across all three neural datasets.

We hypothesized that the gap in neural predictivity between GPT2XL and OASM was partially due to the use of OLS
regression, which does not use regularization. This is because regularization tends to help higher dimensional models, and a
given layer of GPT2XL is higher dimensional than OASM. We found that while using L2-regularized regression reduced the
gap between OASM and GPT2XL on Pereira2018, GPT2XL still did not explain significantly more neural variance than OASM
on any of the three neural datasets (Figure 1a, top right panel).

When switching to contiguous splits, the neural predictivity of OASM was 0, which is expected given that OASM represents
distinct passages/sentences/stories orthogonally (Figure 1b). The neural predictivity of GPT2XL decreased moderately, but
remained significantly above that of OASM. We also found that L2-regularized regression led to higher neural predictivity
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for all GPT2XL activation extraction variants relative to OLS regression when using contiguous splits as well. For this reason,
and because L2-regularized regression is the standard in the field [Huth et al., 2016, Antonello et al., 2023, Antonello and
Huth, 2024, Caucheteux et al., 2021, Caucheteux and King, 2022, Caucheteux et al., 2023, Goldstein et al., 2024, 2022], we used
L2-regularized regression for the remainder of our analyses.

2.1.2 OASM accounts for the majority of the neural predictivity of GPT2XL

While OASM explains similar or more neural variance than GPT2XL when using shuffled splits, it remains unclear how much
OASM accounts for the same neural variance that GPT2XL explains. In other words, to what extent is the neural predictivity
of GPT2XL on shuffled splits attributable to the fact that it simply represents nearby timepoints similarly?

We addressed this question in three ways. First, we examined whether the neural predictivities of OASM and GPT2XL were
positively correlated with one another across voxels/electrodes/fROIs. Second, we more directly addressed this question by
performing a variance partitioning analysis at the participant-level using R2. In brief, this variance partitioning analysis first
quantified the neural predictivity of a model which combines activations from both OASM and GPT2XL (OASM+GPT2XL).
We then quantified the fraction of the neural variance that GPT2XL explains that is not explained by OASM by subtracting the
neural predictivity of OASM from that of OASM+GPT2XL, and dividing this difference by the neural predictivity of GPT2XL
alone. Finally, we subtract this fraction from 1 and convert it to a percentage to quantify the neural variance explained by
GPT2XL that is also explained by OASM. This metric is termed ΩGPT2XL(OASM), or simply Ω (4.11). Third, because Ω is
defined at the participant level, we use a one-sided paired t-test across square error values to determine the percentage of
voxels/electrodes/fROIs where OASM+GPT2XL explained significantly more neural variance than OASM alone. We applied
FDR correction for each participant separately for this analysis [Benjamini and Hochberg, 1995] (4.12).

Across all three datasets, neural predictivity across voxels/electrodes/fROIs was correlated between OASM and GPT2XL
(Figure 2a, b). Furthermore, OASM accounted for over 80% of the neural variance that GPT2XL explains in Pereira2018, over
50% in Fedorenko2016, and nearly 100% in Blank2014 (Figure 2c). OASM+GPT2XL explained significant neural variance over
OASM in around 20% of voxels, 30% of electrodes, and 0 fROIs (Figure 2d). Overall, these results show that, when using
shuffled splits, the majority of the neural predictivity of GPT2XL is confounded with a model that simply represents nearby
time points similarly.

2.1.3 Across-layer neural predictivity patterns between shuffled and contiguous splits are anti-correlated

In the previous analyses, we showed that shuffled splits are not a reliable method to assess neural predictivity. It is therefore
important to assess to what extent switching from shuffled splits to contiguous splits impacts LLM-to-brain mapping findings.
To begin answering this question, we examined the pattern of neural predictivity across the layers of GPT2XL when using
shuffled vs. contiguous splits. The across-layer pattern of neural predictivity is important because studies which employed
shuffled splits using these datasets exclusively focus their analyses on either the LLM layer which achieves the highest neural
predictivity [Schrimpf et al., 2021, Hosseini et al., 2024a, Kauf et al., 2024, Aw et al., 2024] or the last LLM layer [Oota et al.,
2022].

We found that in Pereira2018, the neural predictivity across layers (n = 48) was highly anti-correlated between shuffled and
contiguous splits: r = −0.60,−0.86, and −0.85 (all p < 0.05) for LAST, MEAN, and SUM (Figure 2e). When using shuffled
splits, the early and late layers of GPT2XL achieved the highest neural predictivity, whereas when using contiguous splits
the intermediate layers achieved the best neural predictivity. Because we selected the best layer of GPT2XL for each of the
two experiments in Pereira2018 separately, we also show that these same trends hold when evaluating across-layer patterns
within each experiment separately (Extended Data Figure 1b). In Fedorenko2016, the across-layer trends were more similar
between shuffled and contiguous splits (r = 0.61, 0.57, 0.52; all p < 0.05), with later intermediate layers generally performing
the best on shuffled splits and early intermediate layers performing the best on contiguous splits (Figure 2e). Finally, in
Blank2014, the across-layer performance was also anti-correlated between shuffled and contiguous splits for GPT2XL-MEAN
and GPT2XL-SUM (r = 0.46,−0.65,−0.44; all p < 0.05); later intermediate layers performed the best when using shuffled
splits, whereas the early layers performed the best when using contiguous splits (Figure 2e). We thus show that on 2 out of
the 3 neural datasets, the pattern of neural predictivity across layers flips between shuffled and contiguous splits, providing a
clear example of how shuffled splits can impact findings on LLM-to-brain mapping studies.

These across layer values are consistent with the code accompanying Schrimpf et al. [2021] and with Kauf et al. [2024]; they are not consistent the across
layer pattern displayed in Figure 2c of Schrimpf et al. [2021] for reasons we are unaware of.
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Figure 2: a) Glass brain plots showing Pearson r values across the left hemispheric language network in Pereira2018. Plots are
generated by averaging Pearson r values within the language network across all participants. b-d) Top row is Pereira2018,
middle row is Fedorenko2016, and bottom row is Blank2014. b) 2D histogram or scatter-plot comparing Pearson r values for
OASM and GPT2XL at the voxel/electrode/fROI level. Bottom right corner shows the correlation in neural predictivity
between the two models, with ∗ indicating p < 0.05. c) Left-side shows the neural predictivity of OASM, OASM+GPT2XL,
and GPT2XL in R2. Lines connect dots from the same participant. These neural predictivity values are used to compute
the percentage of GPT2XL neural predictivity that is accounted for by OASM, or ΩGPT2XL(OASM), displayed on the right
side. d) Percentage of voxels/electrodes/fROIs where OASM+GPT2XL explains significantly more neural variance than
OASM alone after FDR correction within participant. e) Across layer neural predictivity of GPT2XL when using shuffled
and contiguous splits. For all bar plots, each dot represents a participant, and each bar shows the mean across participants.
Results in panels (a) and (b) are only shown for the best activation extraction variant of GPT2XL.
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2.2 Reevaluating Model Comparisons and Methodological Biases

2.2.1 Key Model Comparison Results Do Not Replicate with Contiguous Splits

Building on our observation that shuffled splits can alter across-layer neural predictivity trends, we next asked whether key
model comparison analyses from Schrimpf et al. [2021] hold under contiguous splits. Of the models evaluated by Schrimpf
et al. [2021], we use 28 of the 29 bidirectional transformer models, 6 of the 9 unidirectional transformer models (excluding
those that were previously mislabeled as bidirectional, see 4.2), and 2 of the 3 static word embedding models. In addition to
the models evaluated in Schrimpf et al. [2021], we evaluate 4 recent unidirectional transformer models (Llama-3.2 family) and
4 recent unidirectional RNNs (RWKV-4 family). Previously, Schrimpf et al. [2021] reported that unidirectional transformer
models (specifically those from the GPT2 family) predicted neural responses uniquely well compared to both bidirectional
transformers and recurrent models, leading them to infer that unidirectional transformers were uniquely “brain-like”.
However, these findings relied on shuffled splits and last-token activation extraction, which may have introduced biases.

Using contiguous splits and the best-performing activation extraction method for each model, we do not find that unidirec-
tional transformers consistently achieve higher neural predictivity scores than bidirectional transformers on any dataset, nor
do we find that they consistently outperform unidirectional RNNs (Figure 3a). We do replicate the finding from Schrimpf
et al. [2021] that static word embedding models consistently exhibit lower neural predictivity than all contextual models (i.e.
LLMs) across all three datasets.

However, the gap in predictivity between contextual models and static embeddings is not necessarily caused by contextual
processing of linguistic content; other factors might explain this gap. In particular, we introduce a simple baseline, the
Position and Word Rate (PWR) model, which encodes only positional signals and word rate information ( 4.5). While PWR
matches static models in the Pereira2018 dataset, it rivals contextual models in the Fedorenko2016 dataset and outperforms
them in the Blank2014 dataset, revealing the potential impact of simple confounds in these datasets.

We next examined how the choice of activation extraction method can influence model comparisons. When examining the
neural predictivity of each model under each activation extraction method (Fig. 3b top, per-participant results shown in
Extended Data Fig. 4), we find that the last-token method biases the results in the Pereira2018 dataset against bidirectional
models. To assess significance, we performed a one-sided Wilcoxon signed-rank tests between each unidirectional transformer
model and each bidirectional transformer model (Extended Data Fig. 5). Whereas 51.1% of comparisons showed significantly
greater neural predictivity for unidirectional transformer models when using the commonly used last-token activation
extraction method, less than 10% of comparisons were significant when using either mean pooling, sum pooling, or the
best activation extraction method per model. Hence, our results highlight that even under contiguous splits, the choice of
activation extraction method can greatly affect model comparison results. This is typically underappreciated in the field, as
the majority of LLM-to-brain mapping findings depend on a single activation extraction method.

When reintroducing shuffled splits (Figure 3b bottom), unidirectional transformers often outperformed bidirectional trans-
formers across datasets and activation extraction methods. Indeed, for all activation extraction methods on all datasets, a
greater fraction of comparisons between unidirectional transformers and all other classes of models (bidirectional trans-
formers, unidirectional RNNs, and static word embeddings) were significant when using shuffled splits than when using
contiguous splits (Extended Data Fig. 5). This suggests that the use of shuffled splits likely drove the apparent superiority of
unidirectional transformer models in Schrimpf et al. [2021].

2.2.2 Relative Performance Trends Across LLMs Are Inconsistent Between Datasets

Schrimpf et al. [2021] also reported that relative performance trends across models were correlated between datasets; we
next asked whether such inter-dataset robustness persists under contiguous splits. Following their analyses, we examine
the consistency of neural predictivity trends by calculating Pearson correlations across model neural predictivity scores
(Pearson r) between datasets (Figure 3c). Using contiguous splits and the best activation extraction method for each model,
significant correlations emerged when all models were included, but vanished when static word embedding models were
excluded. This pattern persisted when using the same activation extraction method across all models: significant correlations
were always found when including all models, but when excluding the two static word embedding models, a significant
correlation was found in only 1 out of 9 cases: between Pereira2018 and Blank2014 when mean-pooling. Under shuffled splits,
significant correlations appeared universally across datasets and activation extraction methods, regardless of whether static
models were included. These findings indicate that shuffled splits in Schrimpf et al. [2021] likely exaggerated the consistency
of differences in neural predictivity among LLMs across datasets.
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Figure 3: (a) Neural predictivity shown across a wide array of models when using contiguous splits and the best-performing
activation extraction method for each model. (b) Lines represent neural predictivity for each activation extraction method.
Colored bars depict best-performing activation extraction method. Top row shows results when using contiguous splits;
bottom row shows shuffled splits. Note that the y-axes for these plots do not necessarily begin at 0. (c) Correlation in neural
predictivity between datasets. Scatter plots depicting the relation in neural predictivity trends across models between each
pair of datasets. P, F, and B refer to Pereira2018, Fedorenko2016, and Blank2014, respectively. Rows are labeled with the datasets
plotted along the x and y axes, respectively. Columns correspond to different activation extraction methods. Axes are bolded
if the Pearson correlation is significant (p<0.05) when static embedding models are excluded. All correlations are significant
when static embedding models are included. Note that neural predictivity scores are not reported for static embedding
models with the last-token method, as this method is ill-suited for non-contextual models.
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Figure 4: (a) Scatter plots depict the relation between next-word prediction and neural predictivity on each dataset when
using contiguous splits and the best-performing activation extraction method for each model. Pearson correlations and
p-values are given when including all models (rALL) and when only including contextual models (rCTX ). (b) Scatter plots
depict the relation between next-word prediction and neural predictivity across models for each dataset (rows) with each
activation extraction method (columns) with contiguous (top) and shuffled (bottom) splits. Axes are bolded when rCTX is
significant (p<0.05). rALL is significant in all cases where applicable; rALL is not defined when using the last-token method as
static embedding model scores are omitted in this case.

2.2.3 Correlation Between Neural Predictivity and Next-Word Prediction Is Fragile

Finally, we reassessed the most impactful result from Schrimpf et al. [2021]: the correlation between next-word prediction
(quantified as negative perplexity) and neural predictivity. For these analyses, we only used the 36 models that were also used
by Schrimpf et al. [2021] so that we could use the same next-word prediction metrics they had previously reported. Using
contiguous splits and the best activation extraction method per model, we found significant correlations in all datasets only
when static word embedding models were included. When restricted to contextual models, these correlations disappeared
(Figure 4). These results were consistent across all activation extraction methods: significant correlations were only found
when including static word embedding models, suggesting that the correlation merely reflects a difference between static
word embedding models and contextual models. Under shuffled splits, correlations were more widespread across datasets
and activation extraction methods, appearing in 6 out of 12 cases. Overall, our findings demonstrate that the correlation
between neural predictivity and next-word prediction on these datasets is far less robust than previously reported.

2.3 Positional information, word rate, and static embeddings account for the majority of the neural
predictivity of trained LLMs

Our analyses from the model comparison section 2.2 reveal that Position and Word Rate (PWR) as well as static word
embedding models, perform surprisingly well relative to LLMs. Motivated by this finding, we sought to quantify what
percentage of the neural predictivity of LLMs can be accounted for by PWR and static models. To address this question, we
use GloVe and GPT2XL as representative examples of static and contextual models, respectively.

We first fit a joint regression with activations from both PWR and GloVe (PWR+GloVe) for each of the three neural datasets.
PWR+GloVe achieved better neural predictivity than either model alone on Pereira2018; on Fedorenko2016 and Blank2014,
PWR+GloVe did not achieve better neural predictivity than PWR alone, and so we used PWR for further analyses with
these datasets. Across voxels/electrodes/fROIs, the neural predictivity of PWR+GloVe / PWR was strongly correlated with
the neural predictivity of GPT2XL (Figure 5b, c). Furthermore, PWR+GloVe accounted for over 85% of the neural variance
explained by GPT2XL in Pereira2018, and PWR accounted for over 80% and nearly 100% of the neural variance GPT2XL
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Figure 5: a) Neural predictivity of different models, in Pearson r, for each neural dataset. Asterisks indicate that GPT2XL
neural predictivity is significantly higher than that of PWR+GloVe / PWR (α = 0.05) b) Glass brain plots showing Pearson
r values across the left hemisphere of the language network in Pereira2018. Plots are generated by averaging Pearson r
values within the language network across all participants. c) 2D histogram or scatter-plot comparing Pearson r values for
PWR+GloVe / PWR and GPT2XL at the voxel/electrode/fROI level. Bottom right corner shows the correlation in neural
predictivity between the two models, with ∗ indicating p < 0.05. d) Left side shows the neural predictivity of PWR+GloVe /
PWR, PWR+GloVe+GPT2XL / PWR+GPT2XL, and GPT2XL with R2. Lines connect dots from the same participant. These
neural predictivity values are used to compute percentage of GPT2XL neural predictivity that is accounted for by PWR+GloVe
/ PWR displayed on the right side. e) Percentage of voxels/electrodes/fROIs where PWR+GloVe+GPT2XL / PWR+GPT2XL
explains more neural variance than PWR+GloVe / PWR alone. For all bar plots, each dot shows values for a given participant,
and bars show means across participants. Results in panels (b) and (c) are only shown for the best activation extraction
variant of GPT2XL.
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explained in Fedorenko2016 and Blank2014, respectively. Finally, PWR+GLoVe+GPT2XL explained significant neural variance
over PWR+GloVe in only around 10% of voxels, and PWR+GPT2XL explained significant neural variance over PWR in only
around 5% of electrodes and 3% of fROIs.

We replicated these key findings when using three other LLMS, RoBERTa-Large, RWKV, and Llama (Extended Data Figure
2). The one exception was that Ω values on Blank2014 were lower with these three LLMs relative to GPT2XL (i.e., PWR
accounted for a lower percentage of the neural variance explained by GPT2XL). However, these values are likely lower
because accounting for the neural variance that an LLM explains is unstable when LLM neural predictivity is itself very low,
as is the case on Blank2014 (see 4.11 for more detail). Importantly, there are no fROIs for which any of these three LLMs
explain significantly more neural variance than PWR on Blank2014.

A previously explored scientific question on Pereira2018 is whether the mapping between LLMs and brains on Pereira2018
reflects lexical-semantics or syntactic information [Kauf et al., 2024]. Here, we found that combining GloVe with PWR
explained more neural variance than either model alone, suggesting that lexical-semantic content (which we model with
GloVe) plays an important role in explaining LLM-to-brain mappings beyond simple confounds. To further examine this,
we examined how much of the neural variance explained by GloVe could be accounted for by simple confounds. We found
that ΩGloVe(PWR) was around 55% and that PWR+GloVe explained significant neural variance over PWR in 7.6% of voxels
(Extended Data Figure 3), indicating that GloVe indeed explains neural variance over simple confounds. By contrast, an
LLM-based model of contextual syntactic representations (SYNTAX) ( 4.6) explained much less neural variance over these
simple confounds: ΩSYNTAX(PWR) was over 80%, and the PWR+SYNTAX model only explains significant neural variance
over PWR in 0.00066% of voxels.

In summary, we find that a combination of positional signals, word rate, and static word embeddings predicts almost as
much —or more —neural variance than GPT2XL. Furthermore, in all three datasets, these models account for upwards of
80% of the neural variance that GPT2XL explains, and these results replicate with three other LLMs. These findings suggest
that even when using contiguous splits, there are relatively simple explanations underlying the neural predictivity of LLMs
on these datasets.

2.4 Positional information and word rate fully account for the neural predictivity of Untrained
GPT2XL

Having accounted for the majority of the neural variance explained by trained LLMs, we next examined whether PWR
could account for the neural variance explained by untrained GPT2XL (GPT2XLU). Previously, the surprisingly high neural
predictivity of untrained transformers led to the conclusion that the transformer architecture itself biases computations to
be more brain-like Schrimpf et al. [2021], and inspired the development of a novel architecture that reportedly achieved
state-of-the-art neural and behavioral alignment across several datasets AlKhamissi et al. [2024]. We hypothesized that, when
evaluated on contiguous (rather than shuffled) splits, the neural predictivity of GPT2XLU could be fully accounted for by
PWR.

Confirming our hypothesis, we found that PWR performed on par with GPT2XLU across all three neural datasets (Figure 6a).
Furthermore, the neural predictivity of PWR and GPT2XLU was strongly correlated across voxels/electrodes/fROIs (Figure
6b,c). PWR accounted for essentially all (> 98%) of the neural variance of GPT2XLU across all three datasets, and there were
no voxels/electrodes/fROIs where PWR+GPT2XLU explained significant neural variance over PWR. We therefore conclude
that a combination of positional signals and word rate information not only explains equal or more neural variance than
GPT2XLU, but that these simple features also explain nearly all of the neural variance that GPT2XLU explains.

3 Discussion

Our rigorous re-evaluation of LLM-to-brain mappings on three neural datasets offers four main contributions. First, we
provide compelling evidence that shuffled splits, which were used in the most impactful study on LLM-to-brain mappings
[Schrimpf et al., 2021], as well as in multiple follow-up studies [Oota et al., 2022, AlKhamissi et al., 2024, Aw et al., 2024,
Hosseini et al., 2024a,b, Kauf et al., 2024, Mischler et al., 2024], are not a reliable method to assess neural predictivity. Second,
when switching to standard methodological choices, namely contiguous splits and L2-regularized regression, the main
results reported in Schrimpf et al. [2021] based on trained LLMs were not robust. Namely: unidirectional transformers did
not exhibit better neural predictivity than other classes of LLMs; LLMs did not exhibit consistent trends in neural predictivity
scores across neural datasets; and, critically, next-word prediction ability was not robustly correlated with neural predictivity.
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Figure 6: a) Neural predictivity of different models, in Pearson r, for each neural dataset. b) Glass brain plots showing Pearson
r values across the left hemisphere of the language network in Pereira2018. Plots are generated by averaging Pearson r values
within the language network across all participants. c) 2D histogram or scatter-plot comparing Pearson r values for PWR and
GPT2XL at the voxel/electrode/fROI level. Bottom right corner shows the correlation in neural predictivity between the two
models, with ∗ indicating p < 0.05. d) Left side shows the neural predictivity of PWR, PWR+GPT2XL, and GPT2XL with R2.
Lines connect dots from the same participant. These neural predictivity values are used to compute percentage of GPT2XL
neural predictivity that is accounted for by PWR displayed on the right side. e) Percentage of voxels/electrodes/fROIs where
PWR+GPT2XLU explains significantly more neural variance than PWR alone. For all bar plots, each dot shows values for a
given participant, and bars show mean across participants. Results in panels (b) and (c) are only shown for the best activation
extraction variant of GPT2XLU.
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Third, we found that positional signals and word rate (PWR) achieved neural predictivity on par with GPT2XL on two out of
three neural datasets, and achieved similar or better neural predictivity relative to untrained GPT2XL (GPT2XLU) on all three
neural datasets. Finally, a combination of PWR and static word embeddings (GloVe) accounted for over 80% of the neural
variance that GPT2XL explains, and PWR alone accounts for essentially all the neural variance that GPT2XLU explains.

Although the majority of studies in the field use contiguous splits, rather than shuffled splits as in Schrimpf et al. [2021], we
demonstrate the potential impact of shuffled splits on prior influential findings. Given that many studies that followed-up on
[Schrimpf et al., 2021] drew conclusions that have not been independently replicated by other groups, our analysis suggests
that all those claims warrant extensive examination. Such an examination has not been conducted to date, potentially due
to two factors. First, the use of shuffled splits is often not explicitly reported. Among the eight studies we identified as
employing shuffled splits, only one—Kauf et al. [2024]—clearly stated this choice; the others generally described the number
of cross-validation folds without detailing their construction. Second, the methodological implications of shuffled splits have
been underappreciated. For instance, Kauf et al. [2024] acknowledged that shuffled splits can “inflate” neural predictivity
compared to contiguous splits, but still exclusively utilized shuffled splits for their main analyses. Our results highlight that
this inflation is not uniform, resulting in markedly different patterns of neural predictivity across layers and across models,
jeopardizing conclusions that follow from such layer or model comparisons.

Kauf et al. [2024] further discussed both merits and limitations of shuffled splits, with the main merit being increased
semantic coverage in the training set, and the main limitation being susceptibility to temporal autocorrelation. However,
their exclusive use of shuffled splits for their main analyses may inadvertently signal to the field that the merits outweigh the
limitations. Our findings instead demonstrate that the issue of temporal autocorrelation is substantial, as the majority of
neural variance explained by GPT2XL is confounded with OASM. Additionally, the purported benefit of increased semantic
coverage with shuffled splits appears limited in the Pereira2018 dataset, which includes multiple passages for each semantic
topic. Different passages on the same topic can be assigned to training vs. test sets and, by designing our splits to leverage
this feature 4.9, we demonstrate that contiguous splits can effectively balance semantic diversity and reliable estimation of
model performance.

In addition to commenting on shuffled splits, our findings underscore the importance of systematically investigating multiple
activation extraction methods from LLMs when fitting encoding models to fMRI datasets. In Pereira2018, we observe that
the most commonly used approach, last-token extraction, generally performs the worst and particularly disadvantages
bidirectional transformers. Differences between extraction methods do not only affect analyses that compare different LLMs
(and other computational models). For example, Jain et al. [2020] demonstrated that the standard activation extraction
method for narrative comprehension datasets (analogous to sum-pooling) can lead to artifacts where LLM units with the
longest timescales of context integration are mapped to brain regions known to have short integration timescales, such as
primary auditory cortex. More broadly, our study along with that of Jain et al. [2020] highlights a fundamental concern when
interpreting LLM-to-brain mappings: the associations between model representations and brain regions are influenced by
the assumptions inherent in the chosen activation extraction method.

In addition, an important finding in our study is that simple confounds, namely, positional signals and word rate, play an
important role in LLM-to-brain mappings, even when using contiguous splits on these neural datasets. Most studies do
not include simple confounds in the regression that maps LLM representations to neural activity, although few studies did
account for such confounds. Caucheteux et al. [2021] controlled for word rate and phonological features before examining
how much of the encoding performance of LLMs can be explained by syntax vs. semantics. Reddy and Wehbe [2021]
iteratively accounted for simpler features, such as punctuation, before analyzing the neural predictivity of more complex
syntactic models and LLM models. LeBel et al. [2021] and de Heer et al. [2017] also iteratively accounted for the neural
predictivity of simpler acoustic and phonetic features before introducing more complex, semantic models. Our findings
highlight the importance of the continued use of these low-level confounding predictors, especially when scientists seek to
draw inferences about higher-level representations in the brain based on differences in neural predictivity between models.

The consideration of positional confounds specifically has been relatively limited to the best of our knowledge. Antonello et al.
[2023] were the first to highlight this issue, identifying positional signals in the initial 100 seconds of story stimuli. To mitigate
the influence of these signals, they excluded the first 100 seconds of a held-out story used in the testing set. Similarly, we
observe significant positional effects at the beginnings of stories in the Blank2014 dataset, and the neural variance predicted by
GPT2XL is largely confounded with these signals. This finding suggests that positional confounds may be pervasive across
narrative comprehension datasets. On Pereira2018 and Fedorenko2016, the positional signals we model are likely confounded
with aspects of the linguistic materials themselves. For instance, we find that positional signals explain roughly double the
neural variance on EXP2 relative to EXP3 in Pereira2018 (Extended Data Figure 2a). This difference may be due to the fact that
in EXP2 passages follow a more consistent, Wikipedia-like structure, where the first sentence defines a term, and subsequent
sentences in the passage expand upon the introduced term. In Fedorenko2016, many sentences have similar syntactic structure,
confounding linguistic content with word position. Moreover, neural activity in many electrodes increases from one word to
the next in a manner that reflects the construction of meaning across words (e.g., this increase is less pronounced for lists of
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unrelated words [Fedorenko et al., 2016]). Hence, although we find that positional signals can explain neural responses well
in these datasets, it is unclear whether the predicted brain responses reflect position-correlated linguistic content, genuine
representations of position, or both.

Returning to the larger picture, our study provides an updated view regarding the "brain-likeness" of LLMs. Arguably the
biggest claim about convergence between deep learning models and brains in Schrimpf et al. [2021] was that the models that
best predict brain responses are precisely those that best predict the next word. Here, we find that this central finding is
not robust, and depends on choice of neural datasets, models, and activation extraction methods. Results in the literature
are similarly mixed. For instance, Pasquiou et al. [2022] reported a correlation between perplexity and neural predictivity
within, but not across, model classes.Caucheteux and King [2022] trained 36 transformer models from scratch and found that
although trained models exhibited higher neural predictivity than untrained models, neural predictivity ceased scaling with
next-word prediction at some point during model training. On the other hand, ?, Hong et al. [2024] and Bonnasse-Gahot
and Pallier [2024] did report significant correlations between neural predictivity and next-word prediction. Altogether, the
appearance of this correlation seems to depend somewhat unpredictably on the choice of dataset, models, and methods.

Beyond the next-word prediction abilities of LLMs, other performance metrics have also been reported to correlate with
neural predictivity by studies using shuffled splits. For instance, Aw et al. [2024] reported that instruction-tuning large
language models (LLMs) enhances their neural predictivity on Pereira2018 and Blank2014, and showed that this increase
in neural predictivity correlated with an increase in the models’ world knowledge. Mischler et al. [2024] reported that as
LLMs achieve better performance on semantic benchmark tasks, their neural predictivity increases on an intracranial EEG
dataset. Crucially, given that we demonstrated that the relationship between neural predictivity and one model performance
metric (next-word prediction ability) can change substantially when shifting from shuffled to contiguous splits,we strongly
recommend evaluating whether these other relationships are robust under contiguous splits.

A second major claim put forth in Schrimpf et al. [2021], as well as two follow-up studies Hosseini et al. [2024a], AlKhamissi
et al. [2024], is that unidirectional transformers can achieve high neural predictivity when trained on little or no linguistic
input, and thus these models are endowed with architectural biases that lead to "brain-like" computations. Schrimpf et al.
[2021] first showed that untrained unidirectional transformers achieve surprisingly high neural predictivity on these datasets,
and AlKhamissi et al. [2024] further attributed this neural predictivity to two key components: multi-headed attention and
byte-pair encoding. By contrast, we show that when using contiguous splits, positional signals and word rate fully account
for the neural predictivity of GPT2XLU. Hosseini et al. [2024a] responded to the common criticism that LLMs are not viable
models of human language processing because they are trained on massive corpora of text by showing that LLMs, specifically
GPT2-style models, can achieve high neural predictivity on Pereira2018 when trained on developmentally realistic amounts
of data. Importantly, when using shuffled splits, we find that a model that is trained on no text and which only knows
passage/sentence/story boundaries (OASM) achieves comparable neural predictivity as fully trained GPT2XL, suggesting
that such results are not indicative of a model’s developmental plausibility.

Beyond accounting for the neural predictivity of untrained models, positional information and word rate, along with static
word embeddings, accounted for the majority of neural variance across four classes of trained LLMs. This finding, along
with the fact that LLMs of all classes exhibit similar neural predictivity, suggests that trained LLMs are all mapping to
similar features on these neural datasets. Interestingly, Hosseini et al. [2024b] also reinterpreted the Pereira2018 results
originally reported by [Schrimpf et al., 2021], arguing that a common set of "universal" representations across model classes
are responsible for driving neural predictivity. Although their analyses are compromised by the use of shuffled splits, we are
in agreement that on these datasets different classes of LLMs predict shared neural variance.

A major theme throughout our results is that the neural predictivity of LLMs can largely be explained by simpler features,
making it difficult to isolate what linguistic features the brain responses reflect. For instance, we found that the neural
variance predicted by contextual syntactic representations could be almost entirely accounted for by positional signals
and word rate information. These simple confounds also accounted for the majority of the neural variance that a lexical-
semantic model, GloVe, explained. In previous studies using shuffled splits, Kauf et al. [2024] claimed through a series of
linguistic perturbations that lexical-semantic information, not syntactic structure, accounted for the majority of GPT2XL
neural predictivity on Pereira2018, while Oota et al. [2022] claimed that fine-tuning BERT on syntax-related natural language
processing tasks (NLP) led to greater improvements in neural predictivity relative to other NLP tasks (also when using
shuffled splits). However, our results suggest that even when using contiguous splits, the Pereira2018 dataset is not well-suited
for isolating the linguistic features that drive LLM neural predictivity as these features are highly confounded with much
simpler explanations.

There are three important limitations to consider when interpreting the results of our study. First, we used only three neural
datasets; whereas most prior studies have used fewer datasets, the ones used here are nonetheless limited in scope. We
focus on these datasets because the aim of our study was to reanalyze results from Schrimpf et al. [2021], and because they
are the most commonly used datasets for neural encoding studies with localization of the language network. Future work
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analyzing methodological robustness and confounds should incorporate larger and more diverse datasets —including longer
naturalistic narratives (e.g. LeBel et al. [2023]) —to enhance generalizability. Second, although we applied banded ridge
regression to mitigate cases where stacking models together (e.g. PWR+GloVe+GPT2XL) decreases neural predictivity relative
to a subset of those models, our procedure might still be biased against regressions with many models due to noise in neural
data and low sample sizes. Finally, our Ω metric can become unstable when the neural variance that an LLM explains is
near 0 (as in Blank2014), because that variance is in the denominator of this metric. These limitations underscore the need for
further research to validate and extend our findings.

Our study joins an emerging literature in cautioning against over-interpreting a model’s high neural predictivity as evidence
that the model shares theoretically interesting properties with brains [Schaeffer et al., 2022, Bowers et al., 2022, 2023, Guest
and Martin, 2023, Antonello and Huth, 2024]. Large-scale analyses like ours, which incorporate diverse datasets, models, and
methodologies, are essential for critically evaluating whether any specific model attribute is reliably associated with neural
predictivity. Such analyses have proven similarly insightful in the visual domain, where they have likewise highlighted
methodological fragility (Soni et al. [2024]) and revealed a striking similarity in the neural predictivity of deep learning
models regardless of their training objective or architecture Conwell et al. [2024]. We hope that through more rigorous
evaluations, the field will come to an accurate view of the correspondence between LLMs and brains.

4 Online Methods

4.1 Experimental data

For all three datasets, we used the same versions as used by [Schrimpf et al., 2021]. All analyses were done on language-
selective voxels/electrodes/fROIs (see Supplementary for a description of functional localization).

Pereira2018 (fMRI): Pereira2018 is composed of two experiments. Experiment 2 (EXP2) consists of 96 passages each containing
4 sentences (384 sentences total), with n = 9 participants. Experiment 3 (EXP3) consists of 72 passages each consisting of
3 or 4 sentences (243 sentences total), with n = 6 participants. Passages in each experiment were evenly divided into 24
semantic categories which were not related across experiments (4 passages per category in EXP2, and 3 passages per category
in EXP3). Each sentence was presented for 4 s, and a single fMRI volume (TR) was acquired 4s after visual presentation of the
sentence has ended. Unless otherwise noted, we focus our results on voxels from within the "language network" as identified
in the main paper [Fedorenko et al., 2024] using a separate "localizer" task. Data from EXP2 consisted of a 384 × 92450 matrix
(sentences × voxels) and data from EXP3 consisted of a 243 × 60100 matrix. For all analyses except for voxel-wise statistical
testing (see 4.12), we analyze each voxel in each experiment separately, and then combine the results across voxels and
experiments as done in [Schrimpf et al., 2021, Aw et al., 2024, Kauf et al., 2024, Hosseini et al., 2024a].

Fedorenko2016 (ECoG): Participants (n = 5) read 52 sentences, each consisting of 8 words, one word at a time (416 words
total). A total of 97 language-responsive electrodes were identified across 5 participants: 47, 8, 9, 15, and 18, for participants
1 through 5, respectively. High gamma activity was extracted from the neural recordings, and responses were temporally
averaged across the full presentation time-window of each word. The entire dataset consisted of a 416 × 97 matrix (words ×
electrodes).

Blank2014 (fMRI): Blank2014 consisted of 5 participants listening to 8 stories from the publicly available Natural Stories
Corpus [Futrell et al., 2018]. An fMRI volume was acquired every 2 s, resulting in a total of 1317 TRs across the 8 stories.
fMRI BOLD signals were averaged across voxels within each functional region of interest (fROI) in the language network.
There were 12 fROIs per participant (6 per hemisphere) for a total of 60 fROIs across all 5 participants, resulting in a 1317 × 60
matrix.

4.2 Language models

For the majority of our analyses, we focus on GPT2XL [Radford et al., 2019]. We do so because GPT2XL was shown to be the
best-performing model on Pereira2018, and performed on par or better than other models in Fedorenko2016 and Blank2014
[Schrimpf et al., 2021]. Additionally, it has been the main language model used in other neural encoding studies using
these datasets [Hosseini et al., 2024a, Kauf et al., 2024]. GPT2 is a unidirectional transformer model, meaning that it can
only attend to current and past tokens (but not future tokens). It is trained on next-token prediction. The XL variant has
∼ 1.5B parameters and 48 layers. We additionally replicate our findings in Figure 5 with three other models: RoBERTa-Large,
Llama-3.2-3B-Instruct, and RWKV-4-3B-Pile.
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Due to differences in methodological choices with Schrimpf et al. [2021], we also tested 45 models to re-evaluate their encoding
performance, and the correlation between encoding performance and next-word prediction ability across those models. Out of
the 45 models we used, 36 were also used in Schrimpf et al. [2021]. We omitted 7 models from Schrimpf et al. [2021]: 3 models
were wrongly labeled as bidirectional models when they were in fact unidirectional (Transfo-XL-WT103, XLM-CLM-EnFr-1024,
CTRL), and we replaced them with more recent models from the Llama-3.2 family, including instruction-tuned variants; 2
recurrent models (LSTM-LM1B and Skip-Thoughts) were replaced with models from the RWKV-4 family, which are more
comparable in terms of their scale and performance on language tasks to the other transformer-based LLMs; 1 bidirectional
model, T5-11b, was not included due to memory constraints; and 1 word embedding model, ETM, was not included because
it was trained on 4 to 5 orders of magnitude less text than GloVe or word2vec.

4.3 LLM activation extraction and pooling

LLMs provide a representation for each token, which is either a sub-word or complete word. However, the brain responses in
Pereira2018 and Blank2014 are acquired at a much slower temporal resolution, and so the token representations of the LLM
need to be pooled to match the temporal resolution of the brain responses. The need for pooling also applies to Fedorenko2016
in cases where tokens correspond to sub-words, because brain responses in Fedorenko2016 are provided for each word. For
all three neural datasets, we extract features from LLMs in three distinct ways: last token pooling, mean pooling, and sum
pooling. We describe these methods in more detail for each dataset below. We use last token pooling because it was used in
Schrimpf et al. [2021] and Kauf et al. [2024]; mean (average) pooling because it was included in Kauf et al. [2024]; and sum
pooling because it is more analogous to the word-level impulse response model commonly used in more naturalistic neural
encoding studies [Huth et al., 2016, Jain et al., 2020], and the HRF convolved with the brain responses to each word is similar
to summing the model activations for each word.

Pereira2018: To extract the representation of a single sentence, we fed an LLM all words from the beginning of that sentence’s
passage until and including the sentence itself. Because each fMRI volume was acquired at the end of a sentence, we
converted LLM token-level representations to sentence-level embeddings by either taking the representation at the last token
(which is always a period) of the sentence (last token pooling), taking the mean across tokens within the current sentence
(mean pooling), or summing across tokens within the current sentence (sum pooling).

Fedorenko2016: For each word, its corresponding tokens were fed into the LLM together with all preceding tokens in
the sentence as context. Because the brain response is averaged per-word, we converted LLM token-level embeddings to
word embeddings by either taking the last token for multi-token words (last token pooling), averaging across tokens in
multi-token words (mean pooling), or summing across tokens in multi-token words (sum pooling). We left single-token
words unmodified.

Blank2014: Following Schrimpf et al. [2021], we used a version of the text that was binned into chunks corresponding to
each TR. The last word in each chunk of text was approximately 4 s before the corresponding TR, reflecting the delay of the
hemodynamic response. For each story, we fed all the chunks of text corresponding to that TR and all prior TRs into the LLM,
up to a maximum context size of 512 tokens. For last token pooling, we selected the representation of the last token in the
current chunk of text. For mean or sum pooling, we took the mean, or summed, across tokens within the current chunk of
text.

4.4 Orthogonal Autocorrelated Sequences Model (OASM)

In general, brain responses nearby in time are more similar than brain responses further away in time. To model this temporal
autocorrelation in brain responses, we construct a feature space for each dataset by (1) forming an n-dimensional identity
matrix, where n is the total number of "stimuli" in the dataset for which distinct neural data were recorded (i.e., the number
of rows in the original data matrix), and then (2) applying a Gaussian filter within blocks along the diagonal that correspond
to temporally contiguous time points (i.e., within each passage in Pereira2018, each sentence in Fedorenko2016, and each
story in Blank2014). This generates an autocorrelated sequence for each passage/sentence/story that is orthogonal to that of
each other passage/sentence/story. Because of this orthogonality, OASM is by construction incapable of predicting brain
responses when using contiguous splits.

We use the scipy gaussian_filter1d function to implement the Gaussian filter, and search through 48 sigma values (evenly
spaced from 0.1 to 4.8) to find the optimal sigma value. We searched through 48 sigma values because GPT2XL has 48 layers,
and so this allows for a fair comparison between the neural predictivity of both models.

It is important to clarify that although OASM is designed to model temporal autocorrelation, the neural variance it predicts is
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likely at least partly linguistically driven. This is because stimuli within a passage/sentence/story are also generally more
linguistically similar than stimuli from different passages/sentences/stories. However, the key point is that in these datasets
it is not possible to disentangle neural variance related to temporal autocorrelation from such linguistically driven neural
variance and, furthermore, the representations of OASM yield essentially no theoretically interesting insight into human
language processing.

4.5 Positional signals and word rate

Here we describe the construction of the positional signal and word rate (PWR) for each neural dataset.

Pereira2018: We originally constructed the positional model as a one-hot 4D vector, where each element corresponds to
a given position of a sentence in the passage. We then applied a Gaussian filter to this one-hot vector in order to render
activations for nearby positions more similar to one another. For this filter, we selected the σ value that maximized neural
predictivity, searching through 48 (same number of layers as GPT2XL) σ values evenly spaced from 0 to 4.7. The word rate
model was a 1D scalar which quantifies the number of words within each sentence.

Fedorenko2016: The primary finding in the paper which first reported this neural dataset, Fedorenko et al. [2016], was that
neural activity exhibited ramping behavior across the words within each sentence. We thus first created a 1D positional
signal whose activation increases across word positions within a sentence. We concatenated onto this 1D positional signal an
8D (because there were 8 words per sentence) one-hot positional vector to also model non-ramping neural activity. Because
we expect positional representations in the brain to be more similar between adjacent words than between more distant
words, we applied a Gaussian filter to the 8D positional signal. We searched across 48 σ values, evenly spaced from 0 to 4.7,
and selected the σ value that maximized neural predictivity.

Blank2014: The positional model was a ramping signal which exhibited ramping behavior up to N TRs, and then displayed
constant activation. For instance, when N = 4 the ramping signal was a vector of the following form: [0, 1 , 2 , 3 , 3 , ..., 3]. For
a given N, we also stacked on all ramping signals for smaller values of N, up to a minimum of N = 3. We selected the value
of N which results in the highest test-set neural predictivity, and searched through values of N from 3 (corresponding to a 6s
ramping signal) to 51 (corresponding to a 102s). The word rate model was a 1D scalar which quantified the number of words
in the chunk of text corresponding to a given TR.

4.6 Syntax

Syntactic embeddings (SYNTAX) are derived by averaging together the embeddings of sentences that all share the same
syntactic structure but differ in their content words. This procedure averages away differences in word/phrase/sentence-
level meaning between the sentences, and keeps what is shared between them: syntactic structure (and abstract semantics
associated with that structure). First, we create a word bank for each part-of-speech and dependency tag in the original
sentences by passing 300, 000 sentences from the Generics KB corpus hug [2020] through the SpaCy transformer-based model
[Honnibal and Montani, 2017]. Then, we run each sentence in Pereira2018 through the SpaCy transformer-based model.
We then generate new sentences, in which each content word from an original sentence is replaced with a content word of
matching part-of-speech and dependency tag randomly sampled from the word bank. Each newly generated sentence is then
once again passed through the SpaCy transformer-based model to get the token indices of the subtrees associated with each
token; we ensure that, for each token index, the token indices of the subtree in the generated sentence match those in the
original sentence. If not, we discard the generated sentence and try again. We continue until 170 new sentences with valid
subtrees are generated for each original sentence. Finally, we take the cross-entropy loss of GPT2XL on each newly generated
sentence and keep the 100 sentences with the smallest loss. To get a syntactic representation for each original sentence, we
run each of these 100 new sentences through GPT2XL and average their representations. This method is highly similar to
that of [Caucheteux et al., 2021], the main difference being that we keep function words from the original sentence. We keep
function words for two reasons: (i) representations of function words have previously been used to generate representations
of syntactic form for neural encoding Kauf et al. [2024], and (ii) coherent sentences were generated much more often when
function words were left intact. Altogether, our syntactic representations combine the constraints on part-of-speech and
dependency structure, as in Caucheteux et al. [2021], and the preservation only of function words, as in Kauf et al. [2024]. We
used sum pooling to extract activations for SYNTAX because it resulted in higher neural predictivity than mean pooling or
using the last token.
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4.7 Regression methods

We used three linear regression methods throughout our paper. For all regression methods, we predict brain responses for
each voxel/electrode/fROI independently. To compare our findings with Schrimpf et al. [2021], we employed ordinary least
squares (OLS), which we implemented ourselves in order to run it on GPU. For all other analyses, we elected not to use OLS
regression, because we are generally working with very ill-conditioned linear mappings due to high-dimensional feature
spaces, relatively few samples compared to the number of features, and noisy targets. We instead used L2-regularized (ridge)
regression for the majority of our analyses, which is the standard choice in the majority of neural encoding studies. When
fitting regressions with both small and large feature spaces, we employed banded ridge regression to give small feature
spaces their own L2 penalty [Dupré la Tour et al., 2022] ??. This is because standard ridge regression assigns a single L2
penalty for all feature spaces, which can bias the regression against making use of small feature spaces (see Supplementary
for ane expanded description of banded ridge regression). We fit all L2-regularized regression models with the himalaya
package from Dupré la Tour et al. [2022]. We z-score all predictors across samples before training regressions, as is standard
when using ridge regression in neural encoding studies.

4.8 Evaluation metrics

We define an encoding model (or simply model), M, as a set of feature spaces. To quantify the neural encoding performance
of a model on the test set, we use both Pearson r and the out of sample R2 metric (R2

oos) [Hawinkel et al.]. R2
oos quantifies how

much better a set of features performs at predicting held-out neural data compared to a model which simply predicts the
mean of the training neural data (i.e. a regression with only an intercept term). Given predictions, ŷ, from a model M and
predictions from a model with only an intercept term, denoted as ȳtrain, then:

R2
oos = 1 − ∑i(yi − ŷi)

2

∑i(yi − ȳtrain)2 . (1)

A positive (negative) value indicates that M was more (less) helpful than predicting the mean of training data. We elected
to use R2

oos over the standard R2 because of this clear interpretation and because it is a less biased estimate of test set
performance [Hawinkel et al.]. For variance partitioning analyses, we exclusively use R2

oos and not Pearson r because R2
oos can

be interpreted as the fraction of variance explained.

For both metrics, we take the mean neural predictivity across voxels/electrodes/fROIs for each participant, and compute the
mean value across participants. We refer to R2

oos as R2 throughout the rest of the paper for brevity. For R2, we clip results to
be at least 0 at the voxel/electrode/fROI level to prevent noisy values from biasing the mean downwards.

4.9 Train, validation, and test folds

For our main analyses, we constructed contiguous splits by ensuring brain responses from the same passage/sentence/story
are not included in both train and test data. Due to low sample sizes, we employed a nested cross-validation procedure
for each dataset. In the outer cross-validation loop, the brain responses were divided into training and testing sets. In the
inner cross-validation loop, the training data was divided into training and validation sets to tune the L2 penalty values
when using L2-regularized regression. To define the range of L2 penalty values, we generated a list of integers from −5 to
19, passed this list through numpy’s exp2 function, and then concatenated on 0. We describe the construction of our nested
cross-validation procedure for each neural dataset below.

Pereira2018: During each outer fold, a single passage from each of the 24 semantic categories from one experiment was
selected, and half of these passages were designated as the test set. By selecting at most a single passage from each semantic
category, we ensured there were several passages in the training set which belonged to the same semantic category as the
passages in the testing set. This equated to 8 test folds for experiment 1 (4 passages per semantic category, half selected for
each loop) and 6 test folds for experiment 2 (3 passages per semantic category). During each inner fold, we again selected one
passage from each semantic category, and half of these passages were designated as validation (leading to 7 inner folds for
experiment 1, and 5 inner folds for experiment 2).

Fedorenko2016: For each outer fold, we selected 4 out of the 52 sentences as the test fold, resulting in 13 outer folds. For each
inner fold, we once again selected 4 sentences as the validation set, resulting in 12 inner folds per outer fold.
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Blank2014: For each outer fold, we selected a single story as the test fold, resulting in 8 outer folds. For each inner fold, each
of the remaining stories served in turn as the validation set, resulting in 7 inner folds.

Because several previous studies using these datasets [Schrimpf et al., 2021, Kauf et al., 2024, Hosseini et al., 2024a, Oota et al.,
2022, AlKhamissi et al., 2024, Aw et al., 2024, Hosseini et al., 2024b] employ shuffled splits, we also perform some analyses
with shuffled splits. When using shuffled splits, data is arbitrarily placed into training and testing sets, such that data from
the same passage/sentence/story can be in both the training and testing sets. To provide an example, this means that with
the Pereira2018 dataset it is possible for the first and third sentences within a passage to be in the training set, and the second
sentence within the same passage to be in the testing set. In order to construct shuffled splits, we randomly shuffled the labels
for each dataset that indicated which sentence belonged to which passage in Pereira2018, which word belonged to which
sentence in Fedorenko2016, and which chunk of text corresponded to which story in Blank2014. We used numpy to perform
this shuffling, and set the random seed to 42. Randomly shuffling the data labels made it so the testing and validation sets
were no longer contiguous blocks of data, while still ensuring that the testing and validation sets were of the same size as the
contiguous splits. We performed nested cross-validation in the exact same manner as described above when using shuffled
splits.

When computing R2 across either inner folds or outer folds, we pooled predictions across folds and computed a single R2 as
recommended by Hawinkel et al.. When computing Pearson r, we computed the correlation for each fold and then averaged
across folds, as done in Schrimpf et al. [2021].

4.10 Selection of best layer

For each metric, we chose the layer that performs best across voxels/electrodes/fROIs on the test set with that metric. We
used the test set to select the best layer to maintain consistency with Schrimpf et al. [2021]. For Pereira2018, we selected the
best-performing layer for EXP2 and EXP3 separately. Due to the stochastic nature of untrained LLMs, we selected the best
layer for 5 random seeds and report the average performance across seeds. When reporting the best layer, we refer to layer 0
as the input static layer, and layer 1 as the first intermediate layer. We selected hyperparameters for OASM and PWR for each
metric separately, as well.

4.11 Percentage of LLM neural predictivity accounted for

Given a set of models M, we quantify the percentage of neural variance explained by an LLM that is accounted by M for a
given participant through Eq. 3.

R2
M+LLM∗ = max

(
R2

M+LLM, R2
LLM

)
(2)

ΩLLM(M) =

[
1 − min

(
R2

M+LLM ∗ −R2
M

R2
LLM

, 0

)]
× 100% (3)

Here, R2 here denotes the mean R2 across voxels/electrodes/fROIs in a given participant. For a given participant, we first
ensured that the neural predictivity of the M+LLM model was not lower than the predictivity of the LLM alone. Lower
predictivity of M+LLM than LLM may happen due to overfitting, and in such cases we would unfairly state that M accounts
for more of the neural predictivity of the LLM than it actually does. We denote this corrected neural predictivity as R2

M+LLM∗
(Equation 2). The numerator, R2

M+LLM ∗ −R2
M, quantifies the additional neural variance an LLM explains over M alone (this

is the variance in neural predictivity of the LLM that is not explained by M). It is possible for this quantity to be less than
0 because adding the LLM to M may hurt neural predictivity (i.e., R2

M+LLM∗ < R2
M). We then normalize this additional

variance by the variance the LLM explains alone, R2
LLM, and clip negative values since they are not interpretable. We subtract

this quantity from 1 and multiply it by 100 to obtain the percentage of neural variance that the LLM explains that is also
explained by M. We compute Ω for each participant separately, and a higher Ω value indicates that M accounts for more of
the neural predictivity of the LLM.
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4.12 Statistical testing

We perform two statistical tests within this study. When comparing the neural predictivity of an LLM to that of another
model, we perform a one-side Wilcoxon signed-rank test across participants to determine whether the neural predictivity of
the LLM is higher. The sample size for this test was N = 10 for Pereira2018, and N = 5 for Fedorenko2016 and Blank2014. We
exclusively perform this test on Pearson r values throughout the study.

We also perform a second statistical test to determine whether a regression that stacks together activations from a set of models,
M, and from an LLM (M+LLM), explains significantly more neural variance than M alone at the voxel/electrode/fROI level.
When performing this test, we first selected the best sub-model within M+LLM, denoted as M+LLM*, and the best sub-model
within M, denoted as M*, for each voxel/electrode/fROI separately. For instance, if comparing PWR+GloVe+GPT2XL to
PWR+GloVe, we selected the sub-model which achieved the highest neural predictivity for each voxel/electrode/fROI for
PWR+GloVe+GPT2XL and PWR+GloVe, separately. We then computed the squared error values on the test data for each of
these models separately, which are obtained by subtracting the predictions of the regression model from the target brain
responses and squaring this difference. We passed the squared error values from both models into a one-sided paired t-test
which evaluates whether the squared error values from M+LLM* are significantly less than M*. The p-values were then FDR
corrected Benjamini and Hochberg [1995] within each participant, and an α value of 0.05 is used to determine significance.
The sample size for this t-test was N = 384 for voxels in Pereira2018 with only data from EXP2, N = 243 for voxels in
Pereira2018 with only data in EXP3, and N = 627 for voxels with data in both experiments. For Fedorenko2016, the sample
size was N = 416, and for Blank2014 the sample size was N = 1317.

While squared error values are not always normally distributed, our sample sizes were large (the minimum sample size
was 243), so we still opted to use a t-test over a non-parametric alternative Lumley et al. [2002]. We note that squared error
values from a model are correlated, which means that the t-test is biased towards positive results which show that an LLM
contributes significant variance over a set of simpler models. While this bias is not ideal, it is conservative in our case, making
it harder to account for the neural variance that an LLM explains with simpler models.
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