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Abstract

The impressive linguistic abilities of large
language models (LLMs) have recommended
them as models of human sentence process-
ing, with some conjecturing a positive ‘quality-
power’ relationship, in which language mod-
els’ (LMs’) fit to psychometric data continues
to improve as their ability to predict words in
context increases. This is important because
it might suggest that elements of LLM archi-
tecture reflect the architecture of the human
sentence processing faculty, and that any inade-
quacies in predicting human reading time and
brain imaging data may be attributed to insuffi-
cient model complexity, which recedes as larger
models become available. But recent studies
have shown this scaling inverts after a point,
as LMs become excessively large and accurate,
when information-theoretic surprisal is used
as a predictor. Other studies propose the use
of entire vectors from differently sized LLMs,
still showing positive scaling, casting doubt on
the value of surprisal as a predictor, but do not
control for dimensionality expansion using un-
trained LLMs with more than 1.6B parameters.
This study evaluates scaling of LLM vector pre-
dictors controlled using untrained LLMs with
up to 66B parameters. Results show that in-
verse scaling obtains, and moreover the con-
tribution of trained LMs over corresponding
untrained LMs drops to zero at around a few
billion parameters on most datasets.

1 Introduction and Related Work

There has been considerable interest in predict-
ing human psychometric data using predictors
from LLMs (e.g., Goodkind and Bicknell 2018;
Schrimpf et al. 2021; Caucheteux and King 2022;
Goldstein et al. 2022; Aw et al. 2024; Hosseini
et al. 2024; Kauf et al. 2024; Tuckute et al. 2024;
Michaelov et al. 2024; Raugel et al. 2025), with
some conjecturing a positive ‘quality-power’ ef-
fect of LLM word probabilities on psychometric
fit (Wilcox et al., 2023), favoring larger models

trained on more data. This is important because it
might suggest that elements of LLM architecture,
such as veridical attention to context and a unique
objective of predicting upcoming words, reflect the
architecture of the human sentence processing fac-
ulty, and that any inadequacies in predicting human
psychometric data may be attributed to insufficient
model complexity, which recedes as larger models
become available. But the results are mixed. On
the one hand, there have been questions about the
linear or superlinear relationship between surprisal
and reading time (Hoover et al., 2023), and the
predictive power of surprisal on reading times and
brain imaging data has been shown to attenuate as
successive versions of LLMs predict words with
greater accuracy (Oh et al., 2022; Oh and Schuler,
2023; Steuer et al., 2023; Lin and Schuler, 2026).1

On the other hand, recent experiments using vec-
tors from LM layers as predictors (e.g., Schrimpf
et al. 2021; Antonello et al. 2023; Aw et al. 2024;
Hosseini et al. 2024; Bonnasse-Gahot and Pallier
2024) have shown an improved fit to reading times
and brain imaging data as LLMs’ ability to predict
words improves, supporting the quality-power hy-
pothesis and circumventing some questions about
the role of surprisal. In particular, Schrimpf et al.
(2021) vary the word prediction accuracy of the
evaluated models by varying the sizes of the mod-
els used in prediction. However, in moving away
from surprisal, these experiments introduce a po-
tential confound in that they not only vary the size
(and word prediction accuracy) of the LMs in their
studies, they also simultaneously vary the vector
size, and thus the number of predictors, which in-
creases the number of degrees of freedom of the
regression. Previous work has shown that large
sets of predictors derived from even random high-
dimensional models can improve the regression fit

1Although studies have shown that surprisal (negative
log probability) of words in context is a reliable predictor of
reading times (Hale, 2001; Levy, 2008).
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(Jaeger, 2001; Maass et al., 2002; Zhang and Bow-
man, 2018). A larger number of predictors gives a
regression more degrees of freedom, or more oppor-
tunities to find strong predictors. This is a basis of
reservoir computing (RC; Jaeger 2001; Maass et al.
2002) in which a single neural layer is trained as a
classifier using a larger untrained neural network
as input. RC works by identifying and providing
features for latent autoregression in sequence data.
The untrained neural units together serve as a reser-
voir which captures these autoregressive properties
of the input.

Schrimpf et al. (2021) consider the larger num-
ber of predictors in larger LMs by comparing each
trained model with a corresponding untrained ver-
sion of that model. However, for decoder-only
LMs, which they observe to be the most predictive
models of human psychometric data, they do not re-
port results for models larger than 1.6B parameters
and do not report on the trends for contributions
of trained models over corresponding untrained
models as model size increases. AlKhamissi et al.
(2025b) control for vector size using brain local-
izer methods (AlKhamissi et al., 2025a) to select a
fixed set of units from the entire network; they find
neither positive nor negative scaling of regression
fit as the model size increases. Kuribayashi et al.
(2025) further find an improved fit for surprisal at
intermediate layer depths, calculated using a logit
lens technique (nostalgebraist, 2020), but do not
examine vector predictors. Feghhi et al. (2024)
parcel out the information contained in untrained
model representations and find that simple features
such as sentence position and sentence length ac-
count for the majority of the predictive power of
untrained GPT-2 XL, but they do not evaluate on
models larger than 1.6B parameters.

This present study extends the set of models
of Schrimpf et al. (2021) to substantially larger
decoder-only models with several times more pa-
rameters and finds inverse scaling rather than pos-
itive scaling.2 In addition, this study also extends
AlKhamissi et al. (2025b) by evaluating scaling
trends at different layer depths, as model represen-
tations from internal layers have been observed to
be more predictive than those from the final lay-
ers (e.g., Toneva and Wehbe 2019; Antonello and
Cheng 2024), and extends Kuribayashi et al. (2025)
by examining vector predictors. These experiments

2This study focuses on evaluating decoder-only LMs, as
they are reported to be the most predictive models of human
sentence processing (Schrimpf et al., 2021).

first replicate the increase in model fit with in-
creasing word probability estimates observed by
Schrimpf et al. (2021) when using vectors from
differently sized pre-trained LMs as predictors.
Follow-up experiments which control vector di-
mensionality expansion using untrained LLM vec-
tors no longer show positive scaling, and indeed
show inverse scaling for the trained models when
compared against their untrained counterparts, sug-
gesting that the number of predictors is indeed a
confound. Results at different layer depths also
show inverse scaling with model size.

When dimensionality expansion is controlled
in this way, larger LLMs do not contribute more
as they get larger, beyond the effects of degrees
of freedom or RC. Moreover, the contribution of
LLM training to model fit over equivalent untrained
models at all layer depths drops to zero on most
of the datasets tested in this study. This observed
trend away from improving model fit may indicate
that there is a substantial misalignment between
LLMs and human sentence processing, which wors-
ens when larger models are used, and findings of
positive scaling for vectors may instead be due
to autoregressive correlations of RC. At the least,
these results argue that untrained versions of LLMs
should be used as a standard baseline to evaluate
the contribution of LLM training.3

2 Experiment 1: Predictive Power of
Vectors from Pre-trained LLMs

Experiment 1 examines the predictive power of
vector elements from 25 pre-trained models from
five LM families, GPT-2 (Radford et al., 2019),
GPT-Neo (Black et al., 2021, 2022; Wang and Ko-
matsuzaki, 2021), OPT (Zhang et al., 2022), Qwen-
3 (Yang et al., 2025), and Gemma-3 (Team et al.,
2025) families, on reading times and brain imaging
data. The vector sizes (number of predictors) of
the models evaluated in this experiment vary from
768 (for GPT-2 Small, GPT-Neo 125M, and OPT
125M) to 9,216 (for OPT 66B).

2.1 Response Data
This study considers one self-paced reading (SPR),
two eye-tracking (ET), and two functional mag-
netic resonance imaging (fMRI) corpora.

1. Futrell et al. (2021) (Natural Stories SPR):
The Natural Stories Corpus includes SPR

3Code for the experiments ran in this study is available at
https://github.com/nicalin/llm-vec-dim-control.
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times from 181 participants who read 10 natu-
ralistic English stories. Each participant was
asked to answer six comprehension questions
after reading each story.

2. Kennedy et al. (2003) (Dundee ET): The
Dundee Corpus includes fixation durations
from 10 subjects who read 67 English news-
paper articles.

3. Luke and Christianson (2018) (Provo ET):
The Provo Corpus includes fixation durations
from 84 subjects who read 55 short English
passages.

4. Shain et al. (2020) (Natural Stories fMRI):
The Natural Stories fMRI corpus includes
the time series of blood oxygenation level-
dependent (BOLD) signals collected with
fMRI from the language network (Fedorenko
et al., 2011) of 78 subjects, identified using a
localizer task. The fMRI data, which aggre-
gate BOLD signals across several functional
regions of interest (fROIs), were collected at a
two-second fixed time interval while the sub-
jects listened to a recording of the Natural Sto-
ries Corpus (Futrell et al., 2021), consisting
of naturalistic English stories.

5. Pereira et al. (2018) (Pereira fMRI): The
Pereira fMRI corpus includes data from Ex-
periments II and III in Pereira et al. (2018)
and the responses are per-sentence BOLD sig-
nals. Experiment II consists of 96 passages
(384 sentences in total) read by eight subjects
and Experiment III consists of 72 passages
(243 sentences in total) read by six subjects.
Five subjects participated in both experiments.
For both experiments, subjects were presented
with one sentence at a time for four seconds
and sentences were separated by a four-second
interval. Each passage was presented three
times to the subjects. To get the average acti-
vation of a seeing a sentence, we calculated a
BOLD value for each sentence per subject by
aggregating activation across regions from the
language network.

Among the corpora analyzed in this study, Natu-
ral Stories SPR and Pereira fMRI are also analyzed
in Schrimpf et al. (2021).

2.2 Data Preprocessing and Partitioning
Data Preprocessing. The SPR and ET datasets
were preprocessed before being divided into differ-
ent partitions for regression modeling. The prepro-
cessing procedures we used followed recent work
on these datasets (Oh and Schuler, 2023): For Nat-
ural Stories SPR, we excluded data points (1) for
sentence-initial and -final words, (2) from partici-
pants with fewer than four correct comprehension
questions, and (3) outside the [100ms, 3000ms]
reading time window.

For both ET datasets, we used first-pass dura-
tions as the dependent variable, with data points for
unfixated words, words which follow saccades that
skip more than four words, sentence-initial/-final
words, and document-initial/-final words omitted.
For Dundee ET (Kennedy et al., 2003), which is
accompanied by annotations of line and screen po-
sitions, data points of words at the boundaries of
lines and screens were also filtered out.

Data Partitioning. For all datasets other than
Pereira fMRI, we followed the data-partitioning
procedure from recent work on these datasets
(Shain et al., 2020; Oh et al., 2024). These data
were partitioned into fit, exploratory, and held-out
sets consisting of roughly 50%, 25%, and 25%
of data points after preprocessing. This resulted
in 384,984, 192,826, and 192,449 data points for
Natural Stories SPR; 98,115, 48,598, and 48,794
data points for Dundee ET; 52,959, 26,539, and
26,640 for Provo ET; and 100,084, 50,818, and
51,393 data points for Natural Stories fMRI. For
Natural Stories fMRI, for each partition, to en-
sure sequential time series data in the set and to
avoid including data points temporally too close
to each other, we grouped the BOLD signals into
30-second chunks and distributed those chunks into
the sets. For Pereira fMRI, due to the small amount
of data, we followed Schrimpf et al. (2021) in
the procedures of data-partitioning and regression
modeling (Section 2.4), using by-subject five-fold
cross-validation when fitting the regression models.
Following Schrimpf et al. (2021), we also treated
the data from the two experiments in Pereira et al.
(2018) separately. This resulted in roughly 308 and
76 data points respectively in the per-subject train-
ing and test folds for Experiment II from Pereira
fMRI and 195 and 48 data points respectively in
those for Experiment III from Pereira fMRI.4

4This was the only corpus processed using cross-
validation, in order to preserve held-out partitions against
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2.3 Predictors

This study focuses on decoder-only LMs, as they
are reported to be the most predictive models
of human sentence processing (Schrimpf et al.,
2021). For this first experiment, which replicates
the findings of Schrimpf et al. (2021), we collected
predictors from 25 models of five autoregressive
Transformer-based LM families: GPT-2 (Radford
et al., 2019), GPT-Neo (Black et al., 2021, 2022;
Wang and Komatsuzaki, 2021), OPT (Zhang et al.,
2022), Qwen-3 (Yang et al., 2025), and Gemma-3
(Team et al., 2025). We used all vector elements
from the final layer of those LMs as predictors be-
cause it is the layer most directly responsible for
next-word prediction. To collect vector elements
from the LLMs for the corpora, we first tokenized
each story, passage, and article of the corpora with
the models’ corresponding native tokenizers. We
then input the tokenized texts into each LM to ob-
tain vectors. In cases where a tokenized story, pas-
sage, or article exceeds a single context window
of the LMs, to collect vectors for the remaining to-
kens, we used the latter half of the previous context
window as the first half of the context window.

For all SPR and ET datasets, since the response
data is a reading time for each word, we obtained
the word-level vector by averaging the vectors cor-
responding to the subword tokens. For Natural
Stories fMRI, since its response data is the time se-
ries of BOLD signals, we first collected the vectors
and then applied a hemodynamic response func-
tion (Boynton et al., 1996) convolution to those
vectors so that the convolved vectors align with
the response data. For Pereira fMRI, since its re-
sponses are per-sentence BOLD signals, we fol-
lowed recent work on this dataset by collecting the
vector corresponding to the final word of each sen-
tence (Hosseini et al., 2024). If a sentence-final
word consists of multiple subword tokens, we av-
erage across the vectors of those tokens. Table 1
(Appendix A) details the information about each
model’s hyperparameters.

2.4 Regression Modeling

Following Schrimpf et al. (2021), to compare the
models to the human response data, for each model
variant, we fit a linear regression model from the
vector elements corresponding to the fit partition of
the human response data. Then, we used the regres-

overfitting in repeated experiments, since other corpora in-
clude a relatively large amount of data points.

sion model to generate predictions for the held-out
partition.5 Also following Schrimpf et al. (2021),
we examined the predictive power of each model
variant by measuring the Pearson’s correlation be-
tween its predictions and the human responses. For
the SPR and ET datasets, we fit the regression mod-
els between the reading times in the fit partition
and predictors. For Natural Stories fMRI, each re-
gression model was fit between the BOLD signals
over all fROIs in the fit partition and the predictors.
For Pereira fMRI, as mentioned in Section 2.2, we
followed Schrimpf et al. (2021) in the regression
modeling procedure by taking the average correla-
tion scores across all five folds of all subjects and
across the two experiments.

In addition to vector elements, we also included
baseline predictors in the regression. For Pereira
fMRI, we included two baseline predictors – the
position of the sentence in the passage it belongs to
and the length of the sentence in words. The two
baselines are reported in Feghhi et al. (2024) to be
predictive of the responses in Pereira fMRI. Since
the remaining corpora were not evaluated in Feghhi
et al. (2024), we selected the predictor available in
the corpora which is closest to their baselines. For
the remaining corpora, we used the word position
in the sentence as the baseline, as they are also a
common predictor in psycholinguistic studies. All
predictors and responses were centered and scaled
before model fitting.

2.5 Results

Figure 1 shows the results of the relationship be-
tween the count of the total number of trainable
parameters in each model6 and its ability to predict
reading times and BOLD signals. We subtracted
the baseline correlation scores from the correlation
scores obtained using both baseline predictors and
vector elements as predictors. The baseline cor-
relation scores for Natural Stories SPR, Dundee
ET, Provo ET, Natural Stories fMRI, and Pereira
fMRI are respectively 0.00418, 0.00926, -0.00978,
0.0389, and 0.149.

The resulting correlation scores across the five
LM families and the log-transformed parameter
counts were used to obtain a best-fit line, which
resulted in lines with slopes significantly greater
than 0 for Natural Stories SPR, Provo ET, and

5The exploratory partition was used to explore ways for
controlling the dimensionality.

6The number of parameters correlates monotonically with
word prediction accuracy.
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Figure 1: Predictive power of vectors from pre-trained LMs from five LM families on human response data.

Pereira fMRI by a permutation test with 1,000 per-
mutations. The results of Natural Stories SPR and
Pereira fMRI, which are also examined in Schrimpf
et al. (2021), were replicated and the results of
Provo ET are in line with their findings. Natu-
ral Stories fMRI and Dundee ET, however, do not
show a significant relationship between predictive
power and parameter count in either direction. De-
spite this, in the majority of datasets, the results
replicate that the model size correlates with quality
of fit to reading times and BOLD signals.

3 Experiment 2: Predictive Power of
Vectors from Untrained and Fully
Trained LLMs

The previous experiment showed a positive quality-
power effect when using vector elements directly
from fully trained LMs as predictors. To examine
the effect of degrees of freedom or RC of the LMs,
we used Pythia models (Biderman et al., 2023), as
they provide accessibility to various checkpoints
during training. The vector sizes (number of predic-
tors) of the Pythia model variants range from 512 to
5,120. For each Pythia model variant, we collected
vector elements from the model after 0 (untrained)
and 143,000 (fully-trained) training steps. Each
training step includes batches of 1,024 samples
with 2,048 tokens, resulting in around 300 billion
tokens for full training. We first show the predic-
tive power of the vector elements from untrained
and fully trained LMs. Then, we show the contri-
bution of vector elements from fully trained LMs
beyond the effects of degrees of freedom or RC in
Section 4.7

7We chose to focus on the Pythia suite for the controlled
experiment because it provides access to various checkpoints
across training, allowing us to conduct additional analysis of
the trajectory of the contribution of LM training throughout
the full training process. This additional analysis is shown in
Appendix C.

3.1 Procedure

In general, the procedures of this experiment fol-
low those described in Experiment 1, except that
we used the Pythia models (Biderman et al., 2023)
and we additionally examined the predictive power
of vectors from intermediate layers, as model repre-
sentations from internal layers have been observed
to be more predictive than those from the final lay-
ers (e.g., Toneva and Wehbe 2019; Antonello and
Cheng 2024). Specifically, in order to provide a
more general picture of the predictive power of vec-
tors across different layer depths and models with
different sizes, we collected vector elements from
the layers located at the 25th, 50th, 75th, and 100th

(i.e., the final layer) percentiles of each model’s
depth. For all corpora, vector elements from un-
trained and fully trained Pythia variants were col-
lected. Table 1 in Appendix A shows the informa-
tion about each Pythia variant’s hyperparameters.
We fit a set of linear regression models from vector
elements together with the baseline predictors men-
tioned in Section 2.4 corresponding to the fit parti-
tion of each corpus. The regression models of each
corpus were then used to generate predictions for
the held-out partition. The predictive power of all
untrained and fully trained Pythia model variants
is shown using the Pearson correlation between the
predictions and the human response data.

3.2 Results

The predictive power of vector elements from un-
trained and fully trained Pythia variants in the 25th,
50th, 75th, and 100th percentiles of layer depth
is shown in Figure 2. Similar to the procedure
in Experiment 1, for this experiment, we sub-
tracted the baseline correlation scores from those
obtained using both baseline predictors and un-
trained/fully trained LM vectors as predictors. Fig-
ure 2 shows that even when using vector elements
from untrained Pythia models, all datasets except
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Figure 2: Predictive power of untrained (indicated with light purple) and fully-trained (indicated with dark purple)
Pythia model vectors from different layer depths. Results of vectors from low to high percentiles of the layer depth
are shown respectively from top to bottom. The significance test of the positive relationship for untrained and fully
trained Pythia model vectors is shown respectively in light purple and dark purple text.

for Natural Stories fMRI show a significant pos-
itive relationship between predictive power and
log-transformed parameter count, regardless of the
layer depth. For Natural Stories fMRI, the positive
relationship is significant only when using vectors
from the 25th percentile of the layer depth. These
results suggest that the increased vector size of
larger models alone already contributes to the bet-
ter predictive power of larger LMs converging in
trained and untrained ones. As for the fully trained
models, the scaling trend is generally consistent
with the trend observed for the untrained models
but with higher correlation scores compared to the
untrained models.

4 Contribution of Vectors from Fully
Trained LLMs Beyond Effects of RC

The previous experiment showed that for the major-
ity of datasets analyzed in this study, the predictive
power of vector elements from LMs both without
any training and with full training increases as the
parameter count (model size) increases, regardless
of the layer depth. To examine how much the full

training process of LMs contributes beyond the ef-
fect of RC, we subtracted the correlation scores of
an untrained Pythia variant from that of its trained
counterpart. Compared to smaller LMs, if the train-
ing process of larger LMs contributes more beyond
the effect of RC, indicated by the predictive power
of vector elements from untrained LMs, larger LMs
should have greater correlation score differences
than those of smaller LMs. In this case, greater
correlation score differences of larger LMs would
suggest that the additional training (i.e., the addi-
tional 143,000 training steps) enables vector ele-
ments from larger LMs to capture more information
about human response data beyond the effect of RC
than the information captured by smaller LMs.

Figure 3 shows that instead of increasing, the cor-
relation score differences of the majority of the cor-
pora decrease significantly as the log-transformed
parameter count (model size) increases. The signif-
icant decrease of the correlation score difference is
consistently observed across layers from different
percentile depths of the models. 14 out of 20 trials
show a significant inverse scaling effect. This over-
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Figure 3: Contribution of additional 143,000 training steps to the predictive power of vector elements from fully
trained Pythia models beyond the effect of degrees of freedom or RC. The contribution is calculated by subtracting
the predictive power (correlation score) of the untrained LM vector elements from that of the fully trained LM vector
elements. Results of vectors from 25th, 50th, 75th, and 100th percentile of the layer depth are shown respectively
from top to bottom.

all outcome is strongly significant by a binomial
test (p < .001). Although some cases show no sig-
nificant relationship between the correlation score
differences and model size (i.e., 100th percentile of
the layer depth for Natural Stories SPR, 25th per-
centile of the layer depth for Natural Stories fMRI,
and the layer depths other than the 25th percentile
of layer depth for Pereira fMRI), the relationship
still shows a numerically negative correlation for
those cases. These results suggest that after (full)
training, LMs do not contribute more as they get
larger beyond the effect of degrees of freedom or
RC. Moreover, the contribution of LLM training to
model fit over equivalent untrained models drops
to zero on the Provo ET, Natural Stories fMRI and
Pereira fMRI datasets, which constitute a major-
ity of the datasets used in this study. This may
also partially explain the lack of significance of
the numerically negative slope observed on Pereira

fMRI.8,9

For the main results presented in this study, we
followed Schrimpf et al. (2021) and measured the
contribution of vectors from fully trained LMs be-
yond effects of RC using Pearson’s correlation
scores from linear regression models. We also ad-
ditionally measure the contribution using R2 from
the same set of linear regression models and both
metrics (i.e., Pearson’s correlation score and R2)
from ridge regression models. All additional dif-
ferent types of measurement of the contribution
of training beyond effects of RC result in patterns
consistent with those in Figure 3, showing a sig-
nificant inverse scaling effect of the contribution
of full model training. Details can be found in
Appendices D and E.

8To ensure that the better predictive power of untrained
models is not just specific to the Pythia LM family, we addi-
tionally examined the predictive power of untrained models
from Experiment 1. Results in Appendix B show consistent
pattern with what we observed in the Pythia models.

9In addition to the untrained and trained Pythia models,
we also evaluated the contribution of training across different
checkpoints. Results are shown in Appendix C.
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Due to noise in the psychometric data, it is pos-
sible that the inverse scaling of the contribution of
model training is confounded by a ceiling effect.
In this case, the ceiling is the highest possible cor-
relation between psychometric data and predictors
derived from other human response data. A ceil-
ing effect is a potential confound because if the
predictive power of larger LMs are approaching
the ceiling, there is not much room for the subse-
quent larger LMs to improve, which can lead to
a decrease in the contribution of training in larger
models.

To investigate whether the inverse scaling effect
of the contribution is confounded by a ceiling ef-
fect, we additionally normalized the raw correlation
scores from linear and ridge regression models with
the ceiling values from (Schrimpf et al., 2021). We
performed this additional analysis for only Natural
Stories SPR and Pereira fMRI, as they are the only
two datasets that were also evaluated in (Schrimpf
et al., 2021). After normalization, the inverse scal-
ing effect still holds for Natural Stories SPR and
the normalized correlation scores are far from the
upper bound, suggesting that the decrease in contri-
bution of full training in larger models is not due to
a ceiling effect. As for Pereira fMRI, only the nor-
malized predictive power of vectors from trained
Pythia 12B at 75th percentile of layer depth reaches
the upper bound (i.e., having a correlation score
equal to or larger than 1 after normalization); other
than this case, the normalized predictive power of
vectors from all Pythia models and from differ-
ent layer depths is below the upper bound. Since
the contribution of training drops to zero even for
smaller models and the normalized power of these
models is far from the upper bound, a ceiling effect
seems unlikely to be a confound for the zero con-
tribution results of Pereira fMRI. More details are
shown in Appendix F.

5 Discussion

Previous studies have reported inconsistent find-
ings in the relationship between model size and
predictive power when using different types of
predictors from Transformers. Oh et al. (2022);
Oh and Schuler (2023); Oh et al. (2024); Lin
and Schuler (2026), who use surprisal estimates
from LLMs as predictors, report an inverse scal-
ing, while Schrimpf et al. (2021) and others (e.g.,
Antonello et al. 2023; Aw et al. 2024; Hosseini
et al. 2024; Bonnasse-Gahot and Pallier 2024) find

a positive quality-power effect when using vector
elements from differently sized LMs as predictors.
However, this use of vectors from differently sized
LMs introduces a potential confound in that it also
simultaneously varies the number of predictors,
which increases the number of degrees of freedom
of the regression.

Experiments in this paper control for the poten-
tial confound of vector size using a richly inter-
connected neural network (an untrained version of
the same Transformer model) and extend the set of
LLMs under study, with results instead showing an
inverse scaling, and moreover that the contribution
of trained LMs over corresponding untrained LMs
drops to zero at around a few billion parameters on
most datasets. This suggests that the better predic-
tive power of vector elements from larger LMs is
mainly due to the effect of degrees of freedom or
RC, which increases with the increasing number of
predictors from larger LMs. The additional train-
ing process of the LMs does not contribute more
as the model size increases, but instead degrades
the quality of fit, consistent with observations of in-
verse scaling for word probability (Oh et al., 2022;
Oh and Schuler, 2023; Lin and Schuler, 2026).

Experiments in this study use vector elements
from differently sized LMs along with baseline
predictors motivated by Feghhi et al. (2024) (as
described in Section 2.4). Among all corpora eval-
uated in this study, Pereira fMRI was also evaluated
in Feghhi et al. (2024). Feghhi et al. (2024) parcel
out the information contained in vectors from un-
trained GPT-2 XL and find that for Pereira fMRI,
sentence position and sentence length account for
the majority of the predictive power of untrained
GPT-2 XL vectors. As reported in Section 2.5, for
Pereira fMRI, this study finds that sentence position
and sentence length alone yield predictive power
comparable to that of the vectors from several of
the smallest untrained Pythia models, mostly repli-
cating the results from Feghhi et al. (2024) for sen-
tence position and sentence length on GPT-2-sized
models. However, this study finds that untrained
LLMs contribute more to psychometric prediction
as model sizes increase beyond the size of GPT-2
XL.

This present study investigated the contribution
of training beyond the effects of degrees of freedom
or RC by using the untrained LMs as a baseline
for their fully trained counterparts. Recent studies
(e.g., AlKhamissi et al. 2025b) investigating the
model-to-brain alignment across the training trajec-
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tory of LMs have found that LMs best align to brain
imaging data in early training; the alignment then
saturates or declines in subsequent training. To
examine whether our observation using untrained
and fully trained LMs holds for the partially trained
LMs, we also examined dynamic of the contribu-
tion of training across the training trajectory. We
focused on vectors from the 25th percentile of the
layer depth, as it is shown in Figure 2 to be in
general the most predictive layer depth compared
to other depths. Consistent with the finding from
AlKhamissi et al. (2025b), in general, the contri-
bution of training to the predictive power was also
observed to saturate early on in training for all LMs,
regardless of their sizes. In addition, results of this
follow-up analysis also show consistent results with
those of Experiment 2 in that smaller LMs benefit
more from training. More details of this analysis
can be found in Appendix C.

Finally, it may be tempting to interpret the pos-
itive effect for larger untrained LMs as showing
some inherent advantage of a Transformer architec-
ture, as Schrimpf et al. (2021) do. However, it is
important to point out that when untrained, these
models are not calculating predictivity-based sim-
ilarity or attention scores over their contexts, and
have no objective of next word prediction, which
are the properties that make Transformers success-
ful models of language; we suggest that they are
simply heavily interconnected neural networks, es-
sentially just suitably autoregressive to perform
RC.10

6 Conclusion

This work evaluates the number of predictors as
a potential confound to the quality-power effect
when using vector elements directly from differ-
ently sized LMs as predictors. Results show that,
when dimensionality expansion is controlled using
untrained LLMs, larger LMs no longer contribute
more beyond the effect of simple RC. This ob-
servation suggests that there may be a substantial
misalignment between LLMs and human sentence
processing, which worsens when larger models are
used. Moreover, these results show the contribu-
tion of trained LLMs over untrained LLMs drops
to zero on most evaluated datasets after model size
exceeds approximately a few billion parameters,

10Indeed, reservoir models were proposed as a model of
cortex in part because they do not require backpropagation,
which has not been observed in biological neurons (Crick,
1989).

suggesting that LLM training may have no substan-
tial correlation to human sentence processing in the
limit, beyond the effect of RC. Indeed, these results
appear to recommend using very large untrained
reservoir models (possibly other than Transform-
ers) instead of expensively trained LLMs as models
of expectation in sentence processing. At the least,
these results argue that untrained versions of LLMs
should be used as a standard baseline to evaluate
the contribution of LLM training.

Limitations

Experiments described in this study attempt to iden-
tify a confound of using vectors from differently
sized LLMs as predictors to predict human sen-
tence processing data. The datasets evaluated are
collected from English speakers. Schrimpf et al.
(2021) claim that there is a positive scaling on En-
glish behavioral and neural data. A finding of in-
verse scaling on English should therefore be suffi-
cient to contradict the claim. However, since this
study focuses on English data, these findings may
or may not be replicated in other languages.

Ethics Statement

The datasets used in this study are from published
work (Futrell et al., 2021; Kennedy et al., 2003;
Luke and Christianson, 2018; Shain et al., 2020;
Pereira et al., 2018). These datasets were used
to examine LLMs’ ability to predict human read-
ing times and brain imaging data. The focus of
this work is to identify a confound in the incon-
sistent findings in the quality-power hypothesis in
previous studies. The potential risks and harmful
impacts posed by this study on the society appear
to be minimal.
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A Hyperparameters of LMs

The hyperparameters of the LMs, grouped in terms
of their LM families are shown in Table 1. All
models evaluated in this study are pre-trained and
without any fine-tuning. The embedding sizes of
the models evaluated in this study are consistent
across layers. The LMs evaluated in this study are
autoregressive LMs which can be loaded using the
HuggingFace Transformers library.11

Model Variant #L #H dmodel Parameters
GPT-2 Small 12 12 768 ∼124M
GPT-2 Medium 24 16 1024 ∼355M
GPT-2 Large 36 20 1280 ∼774M
GPT-2 XL 48 25 1600 ∼1.6B
GPT-Neo 125M 12 12 768 ∼125M
GPT-Neo 1.3B 24 16 2048 ∼1.3B
GPT-Neo 2.7B 32 20 2560 ∼2.7B
GPT-J 6B 28 16 4096 ∼6B
GPT-NeoX 20B 44 64 6144 ∼20B
OPT 125M 12 12 768 ∼125M
OPT 1.3B 24 32 2048 ∼1.3B
OPT 2.7B 32 32 2560 ∼2.7B
OPT 6.7B 32 32 4096 ∼6.7B
OPT 13B 40 40 5120 ∼13B
OPT 30B 48 56 7168 ∼30B
OPT 66B 64 72 9216 ∼66B
Qwen-3 0.6B 28 16 1024 ∼600M
Qwen-3 1.7B 28 16 2048 ∼1.7B
Qwen-3 4B 36 32 2560 ∼4B
Qwen-3 8B 36 32 4096 ∼8B
Qwen-3 14B 40 40 5120 ∼14B
Gemma-3 1B 26 4 1152 ∼1B
Gemma-3 4B 34 8 2560 ∼4B
Gemma-3 12B 48 16 3840 ∼12B
Gemma-3 27B 62 32 5376 ∼27B
Pythia 70M 6 8 512 ∼70M
Pythia 160M 12 12 768 ∼160M
Pythia 410M 24 16 1024 ∼410M
Pythia 1B 16 8 2048 ∼1B
Pythia 1.4B 24 16 2048 ∼1.4B
Pythia 6.9B 32 32 4096 ∼6.9B
Pythia 12B 36 40 5120 ∼12B

Table 1: Hyperparameters of the models examined in
this study. #L refers to the number of layers of that
model; #H refers to the number of attention heads each
layer has; dmodel refers to the embedding size of the
model.

11https://huggingface.co/docs/transformers/
index

B Predictive Power of Untrained Models
in Experiment 1 and Contribution of
Training beyond Effect of RC

To ensure that the better predictive power of un-
trained models is not just specific to the Pythia LM
family, we additionally examined the predictive
power of untrained version of the models from Ex-
periment 1. We used the same random seed for all
model initialization and used vectors from the final
layer, following the procedure for Experiment 1.
Figure 4 (top) shows results consistent with those
of Pythia models. Natural Stories SPR, Provo ET,
and Pereira fMRI show a significant positive rela-
tionship between predictive power and model size.
The positive relationship for Dundee ET is weakly
significant.

We then subtracted the correlation scores of the
untrained models from those of the pre-trained ones
reported in Experiment 1. Results in Figure 4 (bot-
tom) replicate our finding of the contribution of
trained over untrained models reported in Section 4,
which trends to zero on Provo ET, Natural Stories
fMRI and Pereira fMRI. The significant inverse re-
lationship between model size and the contribution
of trained LMs over untrained ones for Natural Sto-
ries SPR and Provo ET are also replicated. Dundee
ET in this analysis shows a weakly significant in-
verse relationship, which is still consistent with the
results shown in Section 4.
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Figure 4: Predictive power of untrained models from Experiment 1 (top) and the contribution of training to the
predictive power of vector elements from fully trained models beyond the effect of degrees of freedom or RC
(bottom).

C The Contribution of Training Across
Training Trajectory

AlKhamissi et al. (2025b) observed that the model-
to-brain alignment peaks early on in training and
then subsequently saturates. As a follow-up analy-
sis to our Experiment 2, we explored the contribu-
tion of training across the training process. That is,
we examined how much more predictive the vectors
become at intermediate checkpoints throughout the
course of training, compared to vectors from un-
trained LMs. Similar to our procedure described in
Section 4, we measured the contribution of training
at each checkpoint by subtracting the correlation
scores of the untrained LMs (step 0) from the corre-
lation scores of LMs at that checkpoint. If the train-
ing process does continue to contribute more to the
predictive power of the LMs, we should observe the
correlation difference to continue growing. In this
analysis, we focused on vectors from the 25th per-
centile of the layer depth, as it is shown in Figure 2
to be in general the most predictive layer depth
compared to other depths. The checkpoints we in-
clude are those in the early and late training as well
as those around 2B to 8B tokens (i.e., step 1,000
to step 4,000), which were checkpoints reported to
start showing saturation (AlKhamissi et al., 2025b).
Our results shown in Figure 5 are generally consis-
tent with the result from AlKhamissi et al. (2025b)
in that we also observed a saturation of contribution
of training at around step 1,000 to step 4,000 for

the majority of datasets. Moreover, these results
are in general consistent with the results reported
in Section 4 in that smaller LMs benefit more from
training.

D Contribution of Vectors from Fully
Trained LLMs Beyond Effects of RC
Measured Using R2 from Linear
Regression Models

In addition to Pearson’s correlation scores, we also
measure the predictive power of LM using R2 from
linear regression models. Figure 6 shows that when
using R2 from linear regression models, the inverse
scaling of the difference between fully trained and
untrained Pythia models still holds. All but one trial
show numerically inverse scaling and 15 out of 20
trials show significant inverse scaling. This overall
outcome is strongly significant by a binomial test
(p < .001).

E Contribution of Vectors from Fully
Trained LLMs Beyond Effects of RC
from Ridge Regression Models

In addition to linear regression, we also fit a set of
ridge regression models which have explicit reg-
ularization. We ran ridge regression using two α
values, 0.1 and 1. Similar to the procedure de-
scribed in Section 4, we subtracted the Pearson’s
correlation scores of untrained Pythia models from
those of fully trained Pythia models. All trials in
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Figure 5: Contribution of training across the training trajectory to the predictive power of vector elements from
the 25th percentile of layer depth. The contribution was examined by subtracting the correlation score of step 0
(untrained) from that of the intermediate training steps up until the models were fully trained (step 143,000).

Figures 7 and 8 show numerically inverse scaling.
14 out of 20 were statistically significant, regard-
less of the α values we used. This overall outcome
is strongly significant by a binomial test (p < .001).

Similar to the analysis presented in Appendix D,
we also report the R2 difference between untrained
and fully trained LMs from a set of ridge regression
models with two α values, 0.1 and 1 (Figures 9 and
10). When setting α to 0.1, all but one trial show
numerically inverse scaling; when setting α to 1,
all trials show numerically inverse scaling. 13 out
of 20 were statistically significant, regardless of the
α values we used. This overall outcome is strongly
significant by a binomial test (p < .001).

F Predictive of Vectors from Untrained
and Fully Trained LLMs after
Normalization

To investigate whether the inverse scaling effect
of the contribution is confounded by a ceiling ef-
fect, we additionally normalized the raw correla-
tion scores from linear and ridge regression models
with the ceiling values from Schrimpf et al. (2021).
In this case, the ceiling is the highest possible cor-
relation between psychometric data and predictors
derived from other human response data. A ceiling
effect is a potential confound because if the pre-
dictive power of larger LMs are approaching the
ceiling, there is not much room for the subsequent
larger LMs to improve, which can lead to a de-
crease in the contribution of training in larger mod-
els. Since Natural Stories SPR and Pereira fMRI
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Figure 6: Contribution (measured using R2 from linear regression models) of full model training to the predictive
power of vector elements from fully trained Pythia models beyond the effect of degrees of freedom or RC. The
contribution is calculated by subtracting the R2 values from linear regression models fit using untrained LM vector
elements from R2 values from regression models fit using fully trained LM vector elements.

Figure 7: Contribution full training to the predictive power of vector elements from fully trained Pythia models
beyond the effect of degrees of freedom or RC. The results reported here are difference in Pearson’s correlation
scores from the set of ridge regression (α = 0.1) models fit using vectors from untrained and fully trained Pythia
models.
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Figure 8: Contribution full training to the predictive power of vector elements from fully trained Pythia models
beyond the effect of degrees of freedom or RC. The results reported here are difference in Pearson’s correlation
scores from the set of ridge regression (α = 1) models fit using vectors from untrained and fully trained Pythia
models.

Figure 9: Contribution (measured using R2 from ridge regression models) of full model training to the predictive
power of vector elements from fully trained Pythia models beyond the effect of degrees of freedom or RC. The
contribution is calculated by subtracting the R2 values from ridge regression models (α = 0.1) fit using untrained
LM vector elements from R2 values from regression models fit using fully trained LM vector elements.
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Figure 10: Contribution (measured using R2 from ridge regression models) of full model training to the predictive
power of vector elements from fully trained Pythia models beyond the effect of degrees of freedom or RC. The
contribution is calculated by subtracting the R2 values from ridge regression models (α = 1) fit using untrained LM
vector elements from R2 values from regression models fit using fully trained LM vector elements.

are the only two datasets which are also evaluated
Schrimpf et al. (2021), we only ran this additional
analysis on those two datasets. The ceiling val-
ues for Natural Stories SPR and Pereira fMRI are
respectively 0.76 and 0.32. The raw Pearson’s cor-
relation scores were normalized by being divided
by the ceiling values. Note that since the purpose
of this additional analysis is to show whether the
full regression model prediction reaches the ceiling,
we did not subtract the baseline correlation scores
from correlation scores from regression models
fit using both baseline predictors and the vectors.
The raw correlation scores used in this analysis are
therefore higher than those reported in Section 3.

For both linear (Figure 11) and ridge (Figures 13
and 15) regression, after normalization, the predic-
tive power of vectors from untrained and trained
Pythia models shows patterns consistent with the
results shown in Section 3. The predictive power
of both untrained and trained Pythia models show
a significant positive scaling for most layer depths
for both datasets. The contribution of full train-
ing beyond the effect of RC after normalization
also shows inverse scaling consistent with results
shown in Section 4, regardless of the regression

type (Figures 12, 14, and 16).
For Natural Stories SPR, as shown in the left

panels of Figures 11, 13, and 15, after normaliza-
tion, the predictive power of untrained and trained
Pythia model vectors is still far from the upper
bound for Natural Stories SPR (i.e., the normal-
ized correlation scores for all untrained and trained
LMs are far below 1). Therefore, the inverse scal-
ing of the contribution of training is not due to the
confound of the ceiling effect.

On the other hand, the normalized predictive
power of Pereira fMRI shifts closer to the upper
bound (right panels of Figures 11, 13, and 15).
However, only the predictive power of vectors from
fully trained Pythia 12B at the 75th of layer depth
reaches the upper bound (i.e., having a normalized
correlation score greater than or equal to 1). Other
than this case, the normalized predictive power of
vectors at layer depths from untrained and trained
Pythia models does not reach the upper bound.
Since the contribution of training drops to zero
even for smaller models and the normalized power
of these models is far from the upper bound, a ceil-
ing effect seems unlikely to be a confound for the
zero contribution results of Pereira fMRI.
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Figure 11: Predictive power (Pearson’s correlation
scores) of untrained (indicated with light purple) and
fully-trained (indicated with dark purple) Pythia model
vectors from different layer depths. The correlation
scores reported in this figure are from linear regression
models and are normalized with the ceiling values pro-
vided in Schrimpf et al. (2021).

Figure 12: Normalized contribution (measured using
correlation scores from linear regression models) full
training to the predictive power of vector elements from
fully trained Pythia models beyond the effect of degrees
of freedom or RC.
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Figure 13: Predictive power (Pearson’s correlation
scores) of untrained (indicated with light purple) and
fully-trained (indicated with dark purple) Pythia model
vectors from different layer depths. The correlation
scores reported in this figure are from ridge regression
models (α = 0.1) and are normalized with the ceiling
values provided in Schrimpf et al. (2021).

Figure 14: Normalized contribution (measured us-
ing correlation scores from ridge regression models
(α = 0.1)) full training to the predictive power of vector
elements from fully trained Pythia models beyond the
effect of degrees of freedom or RC.
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Figure 15: Predictive power (Pearson’s correlation
scores) of untrained (indicated with light purple) and
fully-trained (indicated with dark purple) Pythia model
vectors from different layer depths. The correlation
scores reported in this figure are from ridge regression
models (α = 1) and are normalized with the ceiling val-
ues provided in Schrimpf et al. (2021).

Figure 16: Normalized contribution (measured using
correlation scores from ridge regression models (α = 1))
full training to the predictive power of vector elements
from fully trained Pythia models beyond the effect of
degrees of freedom or RC.
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