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There have been some studies conjecturing a ‘quality-power’ relationship in which LLMs’ ability
to predict human psychometric data improves as word accuracy increases [18]. But results are
mixed: on the one hand, studies using (log) word probabilities as predictors have shown scaling
inverts at a point, after which fit declines as models grow larger [11], 12]; on the other hand, studies
using entire vectors from differently sized LLMs seem to continue to show positive scaling, but
do not strictly control for the larger number of predictors in vectors from larger LMs [15]. A larger
number of predictors gives a regression more degrees of freedom, or more opportunities to find
strong predictors. This is a basis of reservoir computing [7, 10] in which a single neural layer is
trained as a classifier using a larger untrained neural network as input. This study attempts to
reconcile this disparity by evaluating the scaling of LLM vectors when vector length is controlled
using untrained LLMs as a reservoir computer baseline.

One self-paced reading (Natural Stories SPR) [5], two eye-tracking (Dundee ET and Provo ET)
[8, 9], and two functional magnetic resonance imaging (Natural Stories fMRI and Pereira fMRI) [16,
13] English datasets were analyzed in this study. We first replicated the positive scaling observed
by Schrimpf et al. [15]. A set of linear regression models were fit using vector elements, collected
from the final layers of LLMs from three LM families, GPT-2 [14], GPT-Neo [2, 1, 17], and OPT
[19], and the response data in the fit partitions. Motivated by Feghhi et al. [4], we also included
sentence position and sentence length (for Pereira fMRI) and word position (for other corpora)
as baseline predictors. For Natural Stories fMRI, we applied a hemodynamic response function
convolution [3] to all predictors so that the convolved predictors align with the response data. For
Pereira fMRI, since its responses are per-sentence BOLD signals, we followed recent work on this
dataset [6] by collecting the vector corresponding to the final word of each sentence. Following [15],
we examined the predictive power of the vector elements by measuring the Pearson correlation
between the regression model predictions and the human response in held-out partitions. This
experiment replicated the significant positive scaling for the majority of datasets.fl

We then examine how much the full training process of LMs contributes beyond the effect of
effect of reservoir computing, we subtracted the correlation scores of an untrained Pythia variant
(Figure []A) from that of its trained counterpart (Figure fIB). Figure P shows that instead of increas-
ing, the correlation score differences of the majority of the corpora decrease significantly as the
model size increases. Inverse scaling on Natural Stories SPR and Pereira fMRI was not significant
but the relationship between parameter count and the contribution of fully trained models beyond
the effect of reservoir computing still shows a numerically negative correlation. These results sug-
gest that after (full) training, LLMs are not contributing more as they get larger beyond the effect
of reservoir computing. Moreover, the contribution of LLM training to model fit over equivalent un-
trained models drops to zero on the Provo ET, Natural Stories fMRI and Pereira fMRI datasets,
which constitute a majority 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.

These results suggest that the better predictive power of vector elements from larger LMs is
mainly due to the effect of simple reservoir computing, which is increased with the increasing num-
ber of predictors from larger LMs, and the word-prediction training of LMs does not contribute more
as models gets larger. This observation suggests that there may be a substantial misalignment
between LLMs and human sentence processing, which worsens when larger models are used.

"Due to the space limit, the figure for this experiment is not presented; however, the results of this experiment are
generally consistent with the results shown in Figure fiB.
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Figure 1: (A) Predictive power of vector elements from untrained Pythia models. All datasets other than Natural Stories fMRI show a

sig

nificant positive scaling. (B) Predictive power of vector elements from fully trained Pythia models. Results of Natural Stories SPR,

Provo ET, and Pereira fMRI show a significant positive relationship between predictive power and log-transformed parameter count.

[0

‘g Natural Stories SPR Dundee ET Provo ET Natural Stories fMRI Pereira fMRI
3 0.004 75

p 3 0.04+

S < 9%

40.010 0.04 NG 0.061¢

] > 0.002 o o

2 oI 9 0.021

3 & @ o003 o 0.03 =

©0.005+ o o 0.000 o @ o < ) 4

£ 0.02 3 ¢ | 0.00- o oo P

§ © 9 000f © °
©0.0001 001 0.02 -0.002

(<] : =U.

.E 10® 10%° 10 10%° 10 10% 10%° 10° 10%° 10" 10® 10%° 10° 10°° 10" 10% 10%° 10° 10%° 10" 10% 10%° 10° 10%° 10

Parameter Count

Figure 2: Contribution of full training to the predictive power of vector elements from fully trained Pythia models beyond the effect of
reservoir computing.
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