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Abstract

While large language models (LLMs) acquire
diverse capabilities during training, internal
learning dynamics remain poorly understood.
To address this, we incorporate a neuroscien-
tific perspective and analyze three interrelated
dimensions: the similarity between LLMs and
the human brain, the internal states of LLMs,
and downstream task performance. Across
models varying in data and architecture, we
identify three phase transitions during train-
ing: (1) alignment with the entire brain surges
as LLMs begin adhering to task instructions
(Brain Alignment and Instruction Following),
(2) unexpectedly, LLMs diverge from the brain
during a period in which downstream task ac-
curacy temporarily stagnates (Brain Detach-
ment and Stagnation), and (3) alignment with
the brain reoccurs as LLMs become capable of
solving the downstream tasks (Brain Realign-
ment and Consolidation). These findings il-
luminate the underlying mechanisms of LLM
training, while opening new avenues for inter-
disciplinary research bridging Al and neuro-
science.

1 Introduction

Large language models (LLMs) acquire distinct
capabilities as model scale, training data, or train-
ing steps increase. Some capabilities improve
smoothly with scale (Kaplan et al., 2020; Hoft-
mann et al., 2022; Tirumala et al., 2022; Xia et al.,
2023; Zhang et al., 2024; Ren and Sutherland,
2025; Gadre et al., 2025; Qi et al., 2025; Bon-
naire et al., 2025), whereas others emerge abruptly
(Ganguli et al., 2022; Wei et al., 2022a; Du et al.,
2024; Snell et al., 2024), or exhibit more com-
plex, non-monotonic behavior (Huang et al., 2024).
These behaviors have predominantly been discov-
ered through evaluations of model outputs (e.g.,
downstream task performance), leading to numer-
ous breakthroughs and strengthening our under-
standing of LLM training. Furthermore, recent

efforts in mechanistic interpretability have begun
to uncover the underlying internal changes that oc-
cur during training process (Olsson et al., 2022;
Chen et al., 2023; Gopalani et al., 2024; Gopalani
and Hu, 2025; Cui et al., 2024). Together, these
lines of work examine capability acquisition from
external and internal perspectives.

Neuroscience offers a complementary frame-
work for understanding deep neural networks
(DNNSs), which were originally inspired by the hu-
man brain. By comparing internal representations
of DNNs with human brain activity, prior studies
have provided human-centered insights into model
representations (Yamins et al., 2014; Giiclii and van
Gerven, 2015), an approach recently extended to
LLMs (Jain and Huth, 2018; Schrimpf et al., 2021;
Goldstein et al., 2022; Oota et al., 2022; Tuckute
et al., 2024a). For example, Antonello et al. (2023)
revealed that brain activity aligns more strongly
with larger-, higher-performance models. These
findings highlight the potential of the human brain,
an intricate system with diverse functions and the
only system other than LL.Ms known to support
rich linguistic abilities, to serve as a tool for model
evaluation. A detailed review of related work is
provided in Appendix A.

Despite this progress, key gaps remain. Learn-
ing dynamics in LLMs have rarely been studied
from a neuroscience perspective, leaving the rela-
tionship between capability acquisition and brain
alignment largely unexplored. In addition, prior
studies that have examined learning dynamics have
largely focused on isolated perspectives, making
it unclear how these dynamics, and other relevant
factors, jointly interact. Therefore, it remains un-
known whether advances in LLM capabilities lead
to increased alignment with the brain, decreased
alignment, or more complex, non-monotonic tra-
jectories (Figure 1a).

Here, we trace LLM learning dynamics by inte-
grating three complementary analyses: brain en-
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Figure 1: Overview of the study. a Schematic illustration of several hypothesized relationships between capability

checkpoints

acquisition and brain alignment during LLM training (e.g.,

increasing, decreasing, non-monotonic). b Brain

encoding analysis ¢ Probing analysis (top) and benchmark analysis (bottom).

coding analysis, which assesses alignment with
human brain activity; probing analysis, which de-
tects shifts in internal representations; and bench-
mark analysis, which measures downstream task
performance' (Figure 1b,c). We demonstrate that
multiple LLMs, each characterized by distinct
architectures and training data, exhibit a robust,
common three-stage phase transition in their
learning dynamics, including the precise timing
of these transitions. Specifically, (1) alignment
with the entire brain surges once the LLMs be-
gin to follow downstream task instructions (Brain
Alignment and Instruction Following); (2) sur-
prisingly, the LL.Ms diverge from the brain dur-
ing a period in which their downstream task accu-
racy temporarily stagnates (Brain Detachment and
Stagnation); and (3) alignment with the brain re-
occurs once LLMs become capable of solving the
downstream tasks (Brain Realignment and Con-
solidation). These results show that LLM learning
trajectories are more complex than previously sug-
gested by monotonic scaling relationships.

2 Methods

2.1 Large language models

We analyze the learning dynamics of LLMs from
three distinct perspectives. For this, we use four
pre-trained models with available training check-

' All experimental resources will be publicly available. See
Sections B.1 and B.5 for the details.

points: OLMo-2 (OLMo et al., 2024), OLMo-0724
(Groeneveld et al., 2024), and LLM-jp (LLM-jp
et al., 2024) for the main analysis, and Amber (Liu
etal., 2023) for the additional analysis. The number
of checkpoints used for each model ranges from
18 to 28. Table 1 presents an overview of these
LLMs. OLMo-2, OLMo-0724, and Amber are
English-centric LLMs trained on publicly accessi-
ble datasets, while LLM-jp is a bilingual Japanese-
English model trained on a roughly equal mix of
Japanese and English. Each model uses a differ-
ent training corpus and tokenizer, with vocabulary
sizes ranging from 32,000 to 100,352. These LLMs
have between 6.74-7.3B parameters, 32 hidden lay-
ers, and a hidden dimension of 4,096. They are all
based on a decoder-only Transformer architecture
(Vaswani et al., 2017), but each LLLM incorporates
a few critical modifications. There are also notable
differences across these LLMs in terms of their
layer normalization and attention mechanisms. See
Section B.1 for further details on the models used.
Because multilayer perceptron (MLP) layers ac-
count for most model parameters and are thought
to encode essential features (Bereska and Gavves,
2024; Geva et al., 2021), we use MLP activations
as internal representations.

2.2 Brain encoding models

Our initial approach for analyzing the learning dy-
namics of the LLMs involves an investigation of
how their activations progressively align with brain



activity during the training process. Specifically,
for each checkpoint described in Sections 2.1 and
B.1, we perform a brain encoding analysis (Nase-
laris et al., 2011; Nishimoto et al., 2011; Huth et al.,
2012) by evaluating the prediction accuracy of a
learned linear mapping from each layer’s activa-
tions to brain activity (Figure 1b). These analyses
are conducted separately for each participant.

fMRI datasets We use the Narrative Movie
fMRI Dataset (Yamaguchi et al., 2024; Nakagi
et al., 2024) for brain encoding analysis. This
dataset provides brain activity data from six healthy
participants with normal or corrected-normal vision
(three females; ages 22—40, mean = 28.7), while
they freely watched 8.3 hours of movies or drama
series inside a 3T functional Magnetic Resonance
Imaging (fMRI) scanner. All participants were
native Japanese speakers. The stimuli comprise
nine video clips—eight international titles and one
Japanese title—all presented in Japanese, with in-
ternational titles dubbed accordingly. The dataset
provides three types of natural-language annota-
tions. We use the Narrative Content annotation,
which describes the background story of the scene
at 5-s intervals, for the main analysis and the Ob-
Jjective Information annotation, which describes the
objects in the scene every second, for the additional
analysis, both in English and Japanese. See Section
B.2 for additional dataset details. For evaluation,
we use the final segment of each movie or series
as test data (7,737 s in total), and the remaining
sessions as training data (22,262 s). All prediction
performance results are computed using the test
dataset.

Model construction We extract LLM activations
for each annotation from all hidden layers. Each
time point comprises multiple tokens, and we aver-
age their activations. Because multiple annotations
exist for each second, we extract the activations for
each annotator and then average them across all
annotators. We train L2-regularized linear models
to predict voxel-wise fMRI responses from the cor-
responding LLM activations. Model weights are es-
timated on the training data and applied to the test
data, with regularization parameters selected for
each voxel via cross-validation. We then evaluate
the prediction accuracy by computing the Pearson’s
correlation coefficients between the predicted and
measured fMRI signals. Statistical significance is
assessed using a blockwise permutation test that
compares the correlations between predicted and

measured signals against the correlations obtained
after shuffling the measured signals. We set the
threshold for statistical significance to p < 0.05
and correct for multiple comparisons using the
FDR procedure. We model the hemodynamic delay
in the BOLD signal, assumed to be 8-10 seconds.
See Section B.3 for additional details about model
construction. In the main analysis, we focus on
later layers of each LLM: layer 25 for OLMo-2 and
LLM-jp, and layer 30 for OLMo-0724. These lay-
ers exhibit the largest checkpoint-wise changes and
are most strongly associated with phase-transition
phenomena across all analyses (encoding, prob-
ing, and benchmark analyses; see Section B.7 for
details). We confirm that adjacent layers show qual-
itatively similar patterns (see Figure C.5).

2.3 Probing and benchmark

As a complement to the brain encoding models
described in Section 2.2, we use two additional
families of measures to track learning dynamics:
(1) probing analyses that quantify how downstream
task—relevant information is represented in the
LLMs’ internal states, and (ii) benchmark perfor-
mance on the same downstream tasks (Figure 1c¢).
Both probing and benchmark scores are computed
separately for each LLM checkpoint.

2.3.1 Downstream datasets

We use four downstream tasks: Massive Multitask
Language Understanding (MMLU) (Hendrycks
et al., 2020), CommonsenseQA (CSQA) (Tal-
mor et al., 2019), AI2 Reasoning Challenge
(ARC) (Clark et al., 2018), and HellaSwag (Zellers
et al., 2019). For both probing and benchmark
analyses, we use 5-shot prompts in English and
Japanese, excluding prompts that exceed each
model’s maximum context length. Additional de-
tails about the datasets are provided in Section B.4,
and examples of the prompts are shown in Sec-
tion B.8. For probing, each dataset is split into
training and test sets in a 4:1 ratio, and all reported
prediction accuracies are computed on the test set.

2.3.2 Probing for MLP activations

To assess how downstream task—relevant represen-
tations are acquired during training, we perform
probing analyses on MLP activations across all
hidden layers (Figure 1c, top). We feed the down-
stream task prompts into each LLM and extract the
final-token activations from every layer. For each
sample, we construct an answer matrix (samples x
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Figure 2: Learning dynamics of LLMs exhibiting three phase transitions. a Encoding accuracy for a single
participant (DM06) when OLMo-2’s final checkpoint are used, projected onto the inflated (both sides, lateral, and
medial views) and flattened cortical surface (center, occipital areas are at the center), for both the left and right
hemispheres. Brain regions with significant accuracy are colored (all colored voxels P < 0.05, FDR corrected). b
Triple phase-transition phenomena during the learning process of OLMo-2, as identified through the results of the
encoding, probing, and benchmark analyses. Red, green, and blue lines indicate encoding, probing, and benchmark

accuracies, respectively, across all checkpoints.

choices), with correct choices labeled as 1 and in-
correct choices as 0. Our goal is to learn a mapping
from this answer matrix to the observed activations
across all layers. To this end, we fit L2-regularized
linear regression models that transform the answer
matrix for the training data into the corresponding
activations, and then apply the learned weights to
the test data. The regularization parameter is opti-
mized via 4-fold cross-validation for each neuron.
Probing accuracy is quantified as the Pearson corre-
lation between predicted and observed activations,
providing a neuron-level measure of task-relevant
information at each checkpoint. We focus on the
same set of layers as in the encoding analysis.

2.3.3 Benchmark performance

Finally, we directly evaluate how the ability to
solve downstream tasks emerges during training
(Figure 1c, bottom). For each LLM checkpoint, we
measure performance on the downstream datasets
described in Section 2.3.1. The evaluation metric
is the fraction of correctly answered items, i.e., the
proportion of samples for which the model’s output
exactly matches the correct answer.

2.4 Principal component analysis of estimated
brain activations

To gain deeper insight into the observed phe-
nomenon, we analyze how the encoding model
weights evolve across checkpoints. For each par-

ticipant and checkpoint, we first compute voxel-
wise estimated brain activations for every sentence
by multiplying the LLM activations for each of
the 2,174 unique sentences by the learned encod-
ing model weights. We then concatenate the esti-
mated activations from all participants and check-
points along the voxel dimension and apply PCA
to this matrix along the sentence dimension. This
procedure yields principal component (PC) scores
for every voxel under each condition (participant
x checkpoint), which we subsequently use to in-
terpret the encoding model weights across check-
points.

2.5 Direct analysis of MLP activations

To characterize how internal representations in
LLMs evolve during training, we analyze changes
in the correlation structure and dimensionality of
MLP activations across checkpoints. Using the
same dataset and layers as in the encoding anal-
ysis, we extract activations at each checkpoint
and compute Pearson correlation coefficients be-
tween checkpoints. We further quantify represen-
tational dimensionality at each checkpoint using
the intrinsic dimension (ID), a measure that has
recently gained attention for characterizing LLM
representations. IDs are estimated by applying the
Generalized Ratios Intrinsic Dimension Estimator
(GRIDE) (Denti et al., 2022) to layer-wise activa-
tions from the same dataset (see Section B.6 for
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Figure 3: Learning dynamics of LLMs exhibiting three phase transitions. The horizontal axis denotes the
number of training tokens. The vertical axis denotes the average encoding accuracy for all voxels of a single
participant (DMO6) (red lines), the benchmark accuracy (blue lines), and the average probing accuracy for all LLM
neurons calculated using MMLU (green lines). For each model, we select the layer that captures the transitions
occurring at each phase of the learning dynamics. The background color indicates the LLM phase. The legend
indicates whether the language has been learned sufficiently by the model. No checkpoints preceding the 10°
training tokens have been made publicly available aside from LLM-jp.

details).

3 Results

3.1 Triple phase transitions in LLMs

First, we evaluate whether LLM activations used
in this study can predict brain activity. Figure 2a
shows whole-brain voxel-wise encoding perfor-
mance for OLMo-2 at the final checkpoint. The
model predicts activity across a broad set of regions
spanning high-level cognitive and sensory areas,
confirming that OLMo-2 activations significantly
account for brain responses.

Next, we examine how prediction accuracy
evolves over training using the three analytical ap-
proaches. Figure 2b shows results for OLMo-2
with MMLU used for probing and benchmark anal-
yses. Brain encoding accuracy reflects the average
voxel-wise prediction performance from LLM acti-
vations in the selected layer, whereas probing accu-
racy reflects the average prediction accuracy across
LLM neurons. Together, these metrics reveal three
distinct phase transitions in later layers of OLMo-2
during training. The first transition emerges after
around 10°-10'° training tokens, where both the
encoding and benchmark accuracy suddenly surge.
The rise in benchmark accuracy (blue) indicates im-

proved downstream task performance and the onset
of instruction following, while the simultaneous in-
crease in encoding accuracy (red) reflects enhanced
whole-brain alignment. We refer to this stage as
the Brain Alignment and Instruction Following
phase. The second transition arises after around
10'9-3.10'"! tokens, where the benchmark accuracy
stagnates. Strikingly, encoding accuracy declines
during this period, indicating reduced brain—-LLM
alignment. We therefore label this stage the Brain
Detachment and Stagnation phase. The third tran-
sition occurs beyond approximately 3 - 10*! tokens,
where benchmark and probing accuracy increase
sharply, accompanied by modest recovery in en-
coding accuracy. At this point, the increase in the
benchmark accuracy suggests that the LLM gradu-
ally acquire the capability to solve tasks, whereas
the change in the brain encoding accuracy implies a
renewed enhancement in alignment with the brain.
We thus refer to this stage as the Brain Realign-
ment and Consolidation phase.

We confirm the triple phase transition in en-
coding accuracy using two independent indica-
tors. First, the number of significant voxels fol-
lows the same transition pattern (Figure B.1). Sec-
ond, PCA applied to a voxel-by-checkpoint encod-
ing accuracy matrix reveals that PC1 scores across



1Y

=4
[

o
IS

o
w

o
N

o
-

Variance Explained

o
o

PC1 PC2 PC3 PCa PC5
Principal Components

Mean PC Scores
(Inter-subjects)

!
S

IS

~N

o

|
N

PC1
— PC2

|
o

10 107 10T 167 Tov
Training Tokens

Figure 4: Dynamics of brain regions involved in the three phases. a Explained variance of the top five PCs of
the estimated activations derived from OLMo-2’s encoding model. b PC1 and PC2 scores at the final checkpoint
mapped onto DMO06’s cerebral cortex; only voxels significant across all checkpoints are colored (PC1 in orange,
PC2 in blue). ¢ Mean PC1 and PC2 scores across checkpoints for voxels significant at all checkpoints. Scores were

averaged within participants and then across participants; shaded areas indicate standard deviations.

0.4 0.2 0.4

a MMLU - English b Training Tokens Corr. Coef.
600
800 L5600 L15 L25 L30 3028 o012 06
g 600 400 12598 0057 0s
S 3028|400 400 38968 0029 3°
8 400 12598 200 200 200 0.328 0.008 8 0.2 &
Z 200|/| — 38968 0.882 0.051 e
o o o 0 0.864 0027 00
0 02 04 0 02 04 0 02 04 0 02 04 \\ N 00 l(\)/'lillL(&)f 0.6
MMLU - Japanese N _
@ 1200 L5 |s00 L15|800 L25 (800 L30 0.6
S 600 600
O 800 600) Qo4
3 6% 200 400 400 v . <45
400) ~ .
z 200 200 200 200 0.0 & : 00
0. / <
0 0 0 0 Csqq " 06 0.0 00 02 04 06
0 00 MMLU

0.0 0.2 0.4 0.6
CSQA

0.2 0.4 .0 0.2 0.4 0.2

Probing Accuracy Probing Accuracy Probing Accuracy

Figure 5: Evolution of LLM internal representations. a Evolution of probing accuracy for English and Japanese
MMLU over training, assessed at layers 5, 15, 25, and 30 of OLMo-2. The horizontal axis shows probing accuracy,
and the vertical axis shows the number of neurons in each 0.01 accuracy bin. The legend indicates the number of
training tokens. b Relationship among per-neuron probing accuracies in OLMo-2 (layer 25) for English MMLU,
CSQA, and ARC. Each axis denotes the probing accuracy for one task, and the color gradient reflects the number of

training tokens. The legend shows the correlation coefficients for each task pair.

checkpoints exhibit consistent triple-phase dynam-
ics (Figure B.2).

We examine whether this three-stage phase tran-
sition also emerges in other LLMs. Figure 3
presents the results for OLMo-2, OLMo-0724, and
LLM-jp when using MMLU for the probing and
benchmark analyses. Notably, these dynamics are
only observed when the LLMs process a language
that they have learned sufficiently: English and
Japanese for LLM-jp, and English only for OLMo-
2 and OLMo-0724. Section C.1 provides analogous
results for adjacent layers, other downstream tasks
(CSQA, ARC, HellaSwag), other LLMs (Amber),
other languages (Chinese), and other annotations.

3.2 What happens during each phase?

Section 3.1 characterized the three phase transi-
tions that arise during LLM training using encod-
ing, probing, and benchmark analyses. However,
the internal changes underlying each phase remain
unclear. To address this, we analyze voxel-level

changes in brain alignment and neuron-level shifts
in LLM representations across phases.

3.2.1 Neural functional structure associated
with phase transitions

In the previous sections, our analyses focused
solely on the brain-wide average behavior asso-
ciated with the phase transitions. We now char-
acterize how different brain areas contribute to
this effect. To this end, we predicted voxel-wise
responses to the text stimuli using the estimated
weights for each voxel, participant, and checkpoint,
and then applied PCA to extract components of
temporal change, which were subsequently mapped
back onto the brain. This analysis included only
voxels that exhibited significant prediction accu-
racy for each participant at each checkpoint.

n the English setting of OLMo-2, PC1 and
PC2 explain most of the variance (PC1: 0.417,
PC2: 0.072; Figure 4a). Mapping voxel-wise PC
scores at the final checkpoint (Figure 4b) shows
that PC1 reflects regions associated with semantic



and higher-order cognition (e.g., auditory cortex,
frontal lobe, precuneus), whereas PC2 reflects as-
sociative and higher visual regions (e.g., parietal
lobe, higher visual cortex). Across checkpoints,
PC2 remains stable, while PC1 closely tracks the
triple phase transitions (Figure 4c). These results
suggest that semantic and higher-order cognitive
regions primarily drive the observed phase transi-
tions. Further details for all participants and LLMs
can be found in Figures B.13-B.15.

3.2.2 Evolution of LLM internal
representations for downstream tasks

Having examined voxel-level brain alignment, we
next investigate how the triple phase transitions
relate to internal representations supporting down-
stream task performance. We apply probing analy-
sis, a standard tool in mechanistic interpretability
that uses simple readout models to assess what in-
formation neurons encode (Elhage et al., 2021; Dai
et al., 2022; Bereska and Gavves, 2024). Specif-
ically, we analyze the distributions of per-neuron
probing accuracy at the early, middle, and final
checkpoints of Phase 3 (302B, 1259B, 3896B train-
ing tokens in OLMo-2). Figure 5a presents the
results for neurons in layers 5, 15, 25, and 30 of
OLMo-2 on MMLU. In the English setting, prob-
ing accuracy increases progressively in later lay-
ers, indicating the emergence of specialized acti-
vations as downstream task proficiency improves.
Consistent patterns are observed across all down-
stream tasks and models (OLMo-2, OLMo-0724,
and LLM-jp; Figures B.16-B.18).

We further examine whether neurons specialize
for distinct downstream tasks, focusing on the same
checkpoints as in Figure 5a. Figure 5b illustrates
the relationships among the per-neuron probing
accuracies of OLMo-2 for the English MMLU,
CSQA, and ARC. As training progresses, some
neurons become highly informative for all three
tasks, whereas others remain selective for only a
subset. Per-neuron accuracies for MMLU and ARC
are highly correlated (r = 0.864), whereas CSQA
shows almost no correlation with either task (r =
0.029 with MMLU, r = 0.027 with ARC). OLMo-
0724 exhibits a similar pattern (Figure B.19), in-
dicating substantial task-specific representational
changes in multiple models. Additional results for
all downstream tasks, including HellaSwag, are
reported in Section C.3.

Overall, sharply task-specific neuron-level repre-
sentations emerge primarily during Phase 3—rather
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Figure 6: The Nature of Activations. a Variations in
correlation coefficients of the activations of OLMo-2
across checkpoints. b IDs (purple line) and average
encoding accuracy for all voxels of a single participant
(DMO06) (red line) across checkpoints.

than Phase 1, when instruction-following first ap-
pears. This stage coincides with a shift in LLM
representations back toward brain alignment, sug-
gesting a close link between task-specific represen-
tational specialization and changes in brain align-
ment.

3.3 Changes in the nature of activations

Based on previous analyses, the preceding results
have demonstrated that shifts in neuronal activation
occur over the course of training. We now examine
whether these alterations reflect fundamental shifts
in the activations of the LLMs themselves.

As shown in Figure 6a, within-phase activations
are highly similar, but substantial changes emerge
at each phase transition. Interestingly, although
the brain encoding accuracy does not vary dramati-
cally between Phases 2 and 3, the underlying acti-
vations differ considerably. Next, we quantify the
dimensionality of these activations using the IDs
defined by GRIDE. Figure 6b shows that there is
a strong similarity between the brain encoding ac-
curacy and IDs during Phases 1 and 2, consistent
with earlier findings that single-checkpoint encod-
ing accuracy and IDs are highly correlated (An-
tonello and Cheng, 2024). Our findings extend this
result by demonstrating a similarly robust correla-
tion across multiple checkpoints. Nevertheless, the
brain encoding accuracy and IDs are not perfectly
congruent (see Phase 3), leaving open questions
about the aspects of activation changes that intrin-
sic dimensionality alone does not capture.

4 Discussion and conclusions

In this study, we quantitatively characterize LLM
learning dynamics from three perspectives: align-
ment between LLMs and the brain, internal states



associated with downstream tasks, and downstream
task performance. Integrating these analyses re-
veals a robust triple phase transition, with consis-
tent timing across models despite substantial differ-
ences in training data and architecture. Our results
show that human brain activity provides a biolog-
ically grounded reference for tracking how LLM
capabilities emerge and consolidate during training,
with implications for interpretability and safety.

While Antonello et al. (2023) reported a rise
in alignment with increasing model size, our find-
ings depict a a non-monotonic trajectory: an initial
surge in brain alignment, a decline, and a later
resurgence. This suggests that LLMs may adopt
distinct computational strategies at various stages,
rather than gradually acquiring brain-like language
representations. For example, AlKhamissi et al.
(2025b) tracked Pythia checkpoints up to 300B
tokens and found that brain alignment is more
tightly coupled with formal than functional linguis-
tic competence. This is partially consistent with
the alignment increase we observe in the Brain
Alignment and Instruction Following phase, while
our post-300B Brain Realignment and Consoli-
dation phase captures a later shift not accessible
in prior work and may be linked to the matura-
tion of broader functional competence. Further-
more, Caucheteux and King (2022); Antonello et al.
(2023); Antonello and Huth (2024); Antonello and
Cheng (2024) have shown that, in trained models,
the layers or representations with the highest next-
word prediction performance do not necessarily
align best with the brain; layers with somewhat
lower prediction performance can show stronger
brain alignment. If language-model performance
is treated as a proxy for training progress, these ob-
servations correspond naturally to dynamics up to
Phase 2 in our framework. Our results extend this
picture by identifying an additional state in which
brain alignment re-emerges alongside consolidated
task competence.

By probing neuron-level activations, we also
clarify how task-relevant representations emerge
and are shared across tasks during training. Con-
sistent with prior work identifying neurons that
encode specific linguistic features (Tenney et al.,
2019; Dai et al., 2022; Wang et al., 2022; Gurnee
et al., 2023), we find that neurons making strong
task-specific contributions appear abruptly in later
layers and that patterns of neuron sharing vary sys-
tematically across tasks. These results extend ear-
lier analyses focused on fully trained models by

revealing how such structures develop over time.

The Brain Alignment and Instruction Following
and Brain Realignment and Consolidation phases
parallel previously reported emergent phenomena
in LLMs, in which new capabilities arise abruptly
once training surpasses critical thresholds Wei et al.
(2022a,b); Caballero et al. (2023); Olsson et al.
(2022). While prior work has primarily empha-
sized output behavior or isolated mechanisms, our
results show that changes in brain alignment, inter-
nal representations, and task performance progress
together. These phenomena are most pronounced
for languages that are well represented in the train-
ing data, suggesting that deep internalization of
their statistics can trigger large shifts in both brain
alignment and behavior. Although the extent to
which LLM capabilities are truly emergent remains
debated (Schaeffer et al., 2023), our findings in-
dicate that training dynamics exhibit substantial
non-monotonic and phase-like structure.

We also extend the findings of Antonello and
Cheng (2024), who showed a positive correlation
between the dimensionality of LLM activations
in trained models and their alignment with brain
activity. Our results confirm that this correlation
remains robust during training, suggesting that the
observed phase transitions are tied to changes in
activation dimensionality. At the same time, these
metrics primarily capture large-scale transforma-
tions in representation space and do not by them-
selves pinpoint the underlying mechanisms. Relat-
ing them to both brain alignment and downstream
task behavior, as in this study, provides a more
integrated and nuanced picture of how these trans-
formations unfold.

In summary, we identify a triple phase tran-
sition during LLM training that jointly governs
brain alignment, internal task-related representa-
tions, and task performance. Brain—-LLM align-
ment does not increase monotonically, but instead
follows an early surge, a subsequent decline, and
a later resurgence as downstream competence con-
solidates. Brain alignment, probing accuracy, and
intrinsic dimensionality all track a model’s posi-
tion along this trajectory, suggesting their use as
in-process diagnostics for adapting training sched-
ules and interventions. More broadly, using human
brain activity as a biologically grounded reference
reveals how internal representations and behavior
evolve together, pointing toward new strategies for
developing more interpretable and human-aligned
language models.



Limitations

In this study, we examined the learning dynamics
of three LLMs and identified a three-stage phase
transition. These models included the latest pub-
licly available training checkpoints and revealed
newly emergent behaviors. However, certain state-
of-the-art LLMs with superior language capabili-
ties remain closed-source, rendering them difficult
to analyze. These state-of-the-art LLMs may po-
tentially exhibiting additional phase transitions or
significant shifts in linguistic acquisition following
the dynamics we observed. Therefore, investigat-
ing the learning processes of these models is crucial
to advancing LLM safety and reliability.

Our research further examined the learning dy-
namics of LLMs across four different downstream
tasks, all of which demonstrated similar patterns.
Nonetheless, we have yet to cover every task nec-
essary for an exhaustively evaluation of LLM per-
formance. To more precisely capture the latent
changes underlying the acquisition of language
ability in LLMs more precisely, future work should
include analyses on a broader spectrum of tasks.

From neuroscience perspective, this study inter-
preted the learning dynamics of LLMs by drawing
comparisons with the adult brain. Meanwhile, it is
also important to compare the learning trajectories
of LLMs with those of human development. Thus,
one particularly exciting direction for future work
would involve comparing LLM trajectories with hu-
man developmental data (Nakai et al., 2024), a step
that may further illuminate these phase transitions
and enhance model interpretability.

In addition, the present results are based on
a single fMRI dataset acquired during naturalis-
tic video viewing, and thus the generalizability
of our findings to other experimental paradigms
and datasets remains to be established. Future
work should therefore examine whether the ob-
served phase-transition patterns are consistently
reproduced across multiple datasets and task set-
tings. At the same time, it is important to note
a distinctive characteristic of the dataset used in
this study, namely the availability of detailed Story
annotations. Notably, compared with the object-
level representations reported in Section C.1, the
phenomena of the phase transition tended to be
more prominent when analyses focused on story-
level representations. This observation is consis-
tent with prior studies reporting that story-based
stimuli yield the strongest predictability of brain

activity among various linguistic and perceptual
features (Nakagi et al., 2024). Taken together, these
considerations suggest that the evolutionary dynam-
ics of LLM-brain alignment may be particularly
tied to higher-order semantic and narrative process-
ing. Accordingly, datasets that emphasize such
high-level information processing, rather than low-
level sensory features alone, may be especially well
suited for investigating the dynamics of LLM-brain
interactions.
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A Related work
A.1 Training Dynamics in LL.Ms

There are many studies quantifying LLM learn-
ing dynamics using different evaluation metrics
and training stages. During pre-training, Kaplan
et al. (2020); Henighan et al. (2020) showed that
model loss follows predictable power-law relation-
ships with respect to compute, data, and model
size. In contrast, Wei et al. (2022a) has identified
“emergent abilities”, such as the onset of chain-of-
thought prompting beyond a certain scale. Subse-
quent work has examined how memorization Tiru-
mala et al. (2022) and perplexity Xia et al. (2023)
change as a function of model size and the number
of training steps. In addition, other studies have ap-
plied similar analyses to post-training stages (Ren
and Sutherland, 2025; Zhang et al., 2024). More
recently, Qi et al. (2025) investigated LLM learning
dynamics across the entire training pipeline, includ-
ing pre-training, continued pre-training, supervised
fine-tuning, and reinforcement learning.

To understand LLMs internally, mechanistic in-
terpretability seeks to unveil the internal compu-
tations learned by neural networks (Elhage et al.,
2021; Dai et al., 2022; Bereska and Gavves, 2024).
For example, Olsson et al. (2022) found “phase
changes” in Transformers, where induction heads
suddenly arise and enable extended contexts to
be handled through in-context learning. However,
prior studies have largely focused on transitions in
isolated perspectives, leaving it unclear how these
shifts, alongside other relevant aspects, interact.

A.2 Interpretability from neuroscience
insights

From a neuroscience perspective, related work has
compared the internal representations of DNNs
with human brain activity, demonstrating that the
hierarchical structure of high-performing DNNs
mirrors the hierarchical processing of the human
visual cortex (Yamins et al., 2014; Giiclii and van
Gerven, 2015). More recent efforts have employed
linear mappings from LLM internal representations
to brain activity to probe similarities in language
processing between LLMs and the human brain
(Jain and Huth, 2018; Schrimpf et al., 2021; Gold-
stein et al., 2022; Oota et al., 2022; Tuckute et al.,
2024a; Goldstein et al., 2024), as well as similar-
ities in vision—semantic processing (Doerig et al.,
2025; Rong et al., 2025). Notable examples in-
clude investigations of LLM-brain alignment as a
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function of changes in model size and in the qual-
ity and quantity of training data (Caucheteux and
King, 2022; Aw and Toneva, 2023; Antonello et al.,
2023; Aw et al., 2024; Antonello and Huth, 2024,
de Varda et al., 2025; Gao et al., 2025; AlKhamissi
et al., 2025a,b), investigations of LLM-brain align-
ment with respect to the provided input context
(Caucheteux et al., 2023; Tuckute et al., 2024b),
investigations of LLM-brain alignment with re-
spect to functional substructures within models
(Kumar et al., 2024), and investigations of layer-
wise LLM-brain alignment (Caucheteux and King,
2022; Antonello and Huth, 2024; Antonello and
Cheng, 2024; Goldstein et al., 2025). In addition,
brain activity tends to align more strongly with
larger- and higher-performance models (Antonello
et al., 2023), whereas the layers or representations
with the highest next-word prediction accuracy do
not necessarily yield the strongest brain alignment;
indeed, layers or representations with moderately
lower predictive performance can align better with
the brain (Caucheteux and King, 2022; Antonello
et al., 2023; Antonello and Huth, 2024; Antonello
and Cheng, 2024). However, because most of these
studies analyze fully trained models, the dynamics
of LLM-brain alignment over the course of train-
ing remain largely unexplored. In this work, we
directly address this gap by systematically prob-
ing how brain alignment evolves throughout LLM
training.

B Additional methods

B.1 Large language models

We used the allenai/OLMo-2-1124-7B,
allenai/OLMo-7B-0724-hf, [Im-jp/llm-jp-3-
7.2b, and LLM360/Amber models available on
Hugging Face for OLMo-2, OLMo-0724, LLM-jp,
and Amber. All checkpoints of LLM-jp will be
made publicly available, although it has only
released its final checkpoint. Tables 1 and 2 present
an overview of the LLMs and detailed information
on their respective training checkpoints used in
this study. We used 28 checkpoints for OLMo-2
(1B-3,896B training tokens), 23 for OLMo-0724
(4B-2,724B), 27 for LLM-jp (4.2M-1,258B), and
18 for Amber (3.5B-1,259B). In selecting these
checkpoints, we took particular care to ensure
that the number of training tokens was as closely
aligned as possible across the four LLMs.

The architectural variations among the LLMs
used in this study encompass layer normalization,



Model

Layers Width Params. Vocab. sizes Trn. Tokens (Ckpts.)

OLMo-2 32 4096 7.3B 100352 1B - 3896B (28)
OLMo-0724 32 4096 6.89B 50304 4B - 2724B (23)
LLM-jp 32 4096 7.29B 99584 4.2M - 1258B (27)
Amber 32 4096 6.74B 32000 3.5B - 1259B (18)
Table 1: Overview of LLMs
Model Checkpoints
150, 600, 900, 2K, 3K, 4K, 5K, 10K, 15K, 20K, 25K, 35K, 45K, 55K,
OLMo-2 65K, 72K, 150K, 230K, 300K, 370K, 441K, 513K, 584K, 656K, 727K,
799K, 870K, 928.646K (Training step)
1K, 2K, 2.5K, 3.5K, 4.5K, 5K, 10K, 15K, 20.5K, 25.5K, 35.5K, 45.5K,
OLMo-0724 55.5K, 65K, 72K, 149.5K, 230K, 300K, 370K, 442K, 514K, 585K,
649.65K (Training step)
LLM.i 1,2,4,8,20, 30, 60, 100, 300, 500, 1K, 2K, 3K, 4K, 5K, 10K, 15K, 20K,
P 25K, 35K, 45K, 55K, 65K, 72K, 150K, 230K, 300K (Training step)
Amber 1,2, 3,4,5, 6, 12, 18, 24, 30, 42, 54, 66, 78, 86, 179, 275, main

(Checkpoint)

Table 2: Details of the training checkpoints

activation functions, positional embeddings, and
attention mechanisms. All models are derived from
a decoder-only Transformer (Vaswani et al., 2017)
architecture, albeit with several critical modifica-
tions:

1. LLM-jp is built upon Llama 2 (Touvron
et al., 2023b), whereas Amber is derived from
LLaMA (Touvron et al., 2023a).

In OLMo-0724, LLM-jp, and Amber, layer
normalization is applied before the self-
attention and MLP sublayers; in OLMo-2,
layer normalization is applied after these sub-
layers.

. Regarding activation normalization, OLMo-2,
LLM-jp, and Amber use RMSNorm, whereas
OLMo-0724 adopts a nonparametric norm.

In all models, the output of the self-attention
mechanism is added to the residual stream
preceding the MLP.

In all models, the ReLU activation function is
replaced by the SwiGLU activation function
(Shazeer, 2020).
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6. All models substitute absolute positional em-
beddings with rotary positional embeddings
(Su et al., 2023).

7. To simplify the self-attention computations,
LLM-jp uses grouped query attention (Ainslie
et al., 2023).

. For enhanced training stability, OLMo-2 and
OLMo-0724 both use QKV Clipping.

Finally, to prevent excessively large attention
logits—and consequently prevent the training
loss from diverging—OLMo-2 normalizes the
Key and Query projections via RMSNorm be-
fore computing the attention.

B.2 fMRI datasets

MRI data were acquired using a 3T MAGNE-
TOM Vida scanner (Siemens, Germany) with a
standard Siemens 64-channel volume coil. Func-
tional brain images based on the blood oxygena-
tion level-dependent (BOLD) signal were collected
via a multiband gradient echo-planar imaging se-
quence (Moeller et al., 2010) (TR = 1,000 ms, TE
=30 ms, flip angle = 60°, voxel size =2 x 2 x 2
mm?, matrix size = 96 x 96, 72 slices with a thick-
ness of 2 mm, slice gap 0 mm, FOV =192 x 192



mm?2, bandwidth 1736 Hz/pixel, partial Fourier 6/8,
multiband acceleration factor 6). Anatomical data
were acquired using the same 3T scanner using
T1-weighted MPRAGE (TR = 2530 ms, TE = 3.26
ms, flip angle = 9°, voxel size=1 x 1 x 1 mm?,
FOV =256 x 256 mm?). The preprocessing of the
fMRI data included motion correction, coregistra-
tion, and detrending. All participants are right-
handed, native Japanese speakers and provided
written informed consent for this study, which was
conducted under the approval of the relevant ethics
and safety committee.

This dataset comprises nine videos of movies or
drama series as experimental stimuli (ten episodes
in total). The videos span a diverse range of gen-
res: eight international movies or dramas and one
Japanese animation. The average duration across
the ten episodes is 49.98 min (minimum 21 min,
maximum 125 min). Each episode is segmented
into 2-9 parts, each lasting approximately 10 min.
These segments were administered as fMRI stim-
uli.

This dataset provides three types of natural lan-
guage annotations describing the stimulus videos:
Objective Information, Speech Transcription, and
Narrative Content (Story). Each type of annota-
tion captures distinct semantic content relevant to
narrative comprehension. We used the Narrative
Content (Story) annotation for the main analysis
and the Objective Information annotation for the
additional analysis. All annotations were originally
described in Japanese. They were translated into
English and back-translated into Japanese using
DeepL.

B.3 Brain encoding models

The dataset used in this study comprises nine
movies or dramas, and therefore the regulariza-
tion parameters were tuned during training, using
sessions from two or three movies or dramas as
validation data and the remaining sessions as train-
ing data. This procedure was iterated for cross-
validation. For the evaluation, we computed the
Pearson’s correlation coefficients between the pre-
dicted and measured fMRI signals. Statistical sig-
nificance was assessed using a blockwise permu-
tation test. Specifically, to generate a null distri-
bution, we shuffled the voxel’s measured response
time course before calculating the Pearson’s corre-
lation between the predicted response time course
and the permuted response time course. During
this process, we shuffled the measured response
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time course in blocks of 10 TRs to preserve the
temporal correlation between slices. We identified
voxels having scores significantly higher than those
expected by chance in the null distribution.

B.4 Downstream datasets

MMLU assesses broad knowledge and problem-
solving abilities using multidisciplinary coverage
of 57 subjects, CSQA tests everyday conceptual
commonsense reasoning, ARC probes elementary-
level scientific knowledge, and HellaSwag assesses
contextual commonsense reasoning in typical sce-
narios. For MMLU, we use the original En-
glish dataset from Hendrycks et al. (2020) and its
Japanese translation from OpenAl (2024). For ad-
ditional analysis, we use the Chinese translation
from OpenAl (2024). Each of these datasets (En-
glish/Japanese/Chinese) comprises 13,571 samples.
For CSQA, we use the original English dataset
from Talmor et al. (2019) and the Japanese dataset
from Kurihara et al. (2022), which contain 10,957
and 8,934 samples, respectively. For ARC (both the
ARC-Challenge and ARC-Easy subsets), we use
the original English dataset from Clark et al. (2018)
and its Japanese translation, resulting in 7,778 sam-
ples for both the English and Japanese versions.
For HellaSwag, we use the original English dataset
from Zellers et al. (2019) and its Japanese transla-
tion, resulting in 9,658 samples for both the English
and Japanese versions. We use the OpenAl API
(GPT 40-mini) for translation.

In the probing analysis, each dataset is split into
training and test datasets at a 4:1 ratio. Because
MMLU comprises multiple subject areas, we split
the dataset by subject. Furthermore, during the op-
timization of regularization parameters described
in Section ??, to mitigate the subject-based bias of
MMLU, we shuffle the training indices, and then
perform cross-validation to ensure balanced distri-
butions in each fold.

B.5 Code availability

All encoding (Section 2.2) and probing (Section
2.3.2) analyses were conducted using the himalaya
library? (Dupré la Tour et al., 2022) and the
drama2brain library® (Nakagi et al., 2024). To
extract latent representations from the MLP lay-
ers of OLMo-2, we modified the code from the
Transformers library* (Wolf et al., 2020). To ex-

2https: //github.com/gallantlab/himalaya
3https: //github.com/yu-takagi/drama2brain
*https://github.com/huggingface/transformers


https://github.com/gallantlab/himalaya
https://github.com/yu-takagi/drama2brain
https://github.com/huggingface/transformers

tract latent representations from the MLP layers
of OLMo-0724, LLM-jp, and Amber, we modi-
fied the code from the TransformerLens library?
(Nanda and Bloom, 2022). We also use the lIm-jp-
eval library® for benchmark analysis. We will make
our source code and training data for the encoding,
probing and benchmark analyses publicly available
on acceptance.

B.6 Intrinsic dimensions

We used GRIDE (Denti et al., 2022) to compute the
IDs. GRIDE extends the TwoNN estimator (Facco
et al., 2017) to general scales.

Estimation procedure using GRIDE GRIDE
employs the following ratio as its fundamental com-
ponent:

T2k

i 2k k =
Tik

where r; ; denotes the Euclidean distance between
point ¢ and its j-th nearest neighbor. Under the as-
sumption of a locally uniform density distribution,
these ratios fi; 21 1 are shown to follow a general-
ized Pareto distribution:

d ( - 1) k—1
lg(k’k)ucﬂ2k—1}+l

fMi,Zk,k (M) =

where B(, -) is the beta function. Furthermore, as-
suming independence among the ratios fi; 25 1 from
different points, the likelihood of this distribution
can be numerically maximized to obtain the ID. In
this study, for each model checkpoint, we selected
the value of & at which the mean ID across layers
stabilized at its maximum, thereby determining the
estimated IDs.

B.7 Determining the layers of interest

In interpreting the learning dynamics of LLMs
from three distinct perspectives, we determined
which layers merited attention based on (1) each
layer’s encoding accuracy, (2) each layer’s probing
accuracy, and (3) each layer’s benchmark accuracy.
We obtained the encoding accuracy and the prob-
ing accuracy according to the methods described in
Sections 2.2 and 2.3.2, respectively. We computed
each layer’s benchmark accuracy using Logit Lens
(Nostalgebraist, 2020).

5https ://github.com/TransformerLensOrg/
TransformerLens
https://github.com/11lm-jp/1lm-jp-eval
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Logit lens In the output layer of an LLM, an un-
embedding matrix is employed to convert vectors
into tokens by projecting the hidden-layer vectors
within the model onto the vocabulary dimension. A
softmax function (or similar) is then applied to com-
pute probabilities and generate the output tokens.
This process is referred to as “unembedding”.

The hidden-layer vectors within the model have
the same dimensionality as the vectors in the out-
put layer, and therefore the unembedding proce-
dure can be applied to the hidden-layer vectors,
thereby gaining insight into the intermediate pro-
cesses. Logit Lens is a tool specifically devised for
this purpose.

Measuring benchmark accuracy by layer Us-
ing Logit Lens, we extracted the probability dis-
tribution over the final token predicted from each
intermediate layer, and designated the token as-
signed the highest probability as that layer’s output.
We then computed the proportion of correctly an-
swered questions by dividing the number of correct
answers by the total number of questions, analo-
gous to the procedure described in Section 2.3.3.
This proportion was treated as the benchmark ac-
curacy for that layer.

In Section C.5, we presented the layer-wise ac-
curacy of OLMo-2, OLMo0-0724, and LLM-jp with
respect to the three metrics at each training check-
point, thereby determining which layers were to be
examined in greater detail.

B.8 Examples of 5-shot prompts

Figures A.1, A.2, A.3, and A.4 show examples of
the English and Japanese 5-shot prompts used for
each downstream task described in Section 2.3.1.


https://github.com/TransformerLensOrg/TransformerLens
https://github.com/TransformerLensOrg/TransformerLens
https://github.com/llm-jp/llm-jp-eval

The following is a combination of instructions describing a task
and an input with context. Write a response that appropriately
satisfies the request.

### Instruction:

Select an answer from the choices provided. Note that the answer
should be made by selecting a single letter that corresponds to
the option (e.g., A, B, C, or D) without adding any extra
characters.

### Input:

Question: Which of the following is not a warrantless search
exception?

Choices: A.Cold pursuit,B.Incident to a lawful arrest,C.Plain
view,D.Stop and frisk

### Response:

A

### Input:

Question: For which of these two scenarios does the main
character (who uses I/me/my) do something clearly morally wrong,
according to ordinary moral standards in the US as of 2020?
Scenario 1 | I slammed on my breaks to miss the ball as it came
in to the road. Scenario 2 | I taught my children to play the
xylophone.

Choices: A.Wrong, Wrong,B.Wrong, Not wrong,C.Not wrong,
Wrong,D.Not wrong, Not wrong

### Response:

D

### Input:

Question: An important source of information on the credit rating
of retail businesses is

Choices: A.the Retail Merchants Association,B.the local chamber
of commerce,C.Dun & Bradstreet, Inc.,D.the United States Retail
Credit Association

### Response:

c

### Input:

Question: Which of the following statements expresses a
relationship between aging and sexual functioning

Choices: A.Aging is related to an increase in vaginal
lubrication,B.Aging is associated with an increase in the
frequency and number of orgasmic contractions in both
sexes,C.There is no significant relationship between aging and
sexual responses in either sex,D.Aging is related to some loss of
erectile rigidity in the male

### Response:

D

### Input:

Question: Nearsightedness results from

Choices: A.too much curvature of the cornea and lens,B.too little
curvature of the cornea and lens,C.too much curvature of the iris
and lens,D.too little curvature of the iris and lens

### Response:

A

### Input:

Question: Find the degree for the given field extension Q(sqrt(2),
sqrt(3), sqrt(18)) over Q.

Choices: A.0,B.4,C.2,D.6

### Response:

LTk, 227 %HAT 2R, XRDHZAHNOBAEDE TY, BREZEYICTH
TTINEEBRERS N,

### HER:

S5z onF-EREBRE A S, RLBULEZELRBIRL LS, BH, BEEFICIER
REDTL7 7Ry b (Bl :a) OHAEED, HICRFALEDHVI L EZMTFLTE
E,

### AN

B RO S B, EHSREBRENTEVWLDIEENTTA?

SBIRE AR VEH, B.ARRBICH S A, c. TL—> - Ea—,D. R}y

7 TYE-T7YRY

#H# D

A

## NS

B RD22DYFYADI B, EAR (—AHEES APFEE) £°2020F0KEIC
B BBEOBEWELEICH L DEHAS N ICEENICHE->TWEZEELTWDDE
ELELTTHN? Y FUFL | BRICEN > TELR—LEBITZHDICRTL—FH
7o ¥FUF2 | REEHEL LS ICFHICE 72

SBIREL A>TV, ME->TVW3,B.AE->TWS, B> TWLWAL,c.HE->
TWaL, M#E>TW3,D.Mi#E-> TWiL, M&E->Tuhin

e SE:

D

### AT

B NFTEOEARMA I OEELN
BIRE @ A/NFTEEHS,B. RO TR, C.Dun & Bradstreet, Inc.,D.KE
NFEEABS

## I5E:

c

### AN

R ROTRD S B, Mk HEEOBREXRT HDIFENTTH?

SEIREL : AR OBOMMEBIRL TVET, B INMIE. BRebA—H XL
MEOBEE L EBOEMEBEEL TVWET, c. e MHRG L ORBICIE, BhEbIch
BBfRIEH Y LA, D.MBIEXBMEICE T 2HROBSOETFORREBRAH Y
¥

#H# N

D

### A=

B AR R ERE D 0D,

FIREL A AR KREOEREIRT E250 5, B AL KBUOEFTENBTES
B, C AL L RREDENEINRT E5H0 5,0 4I¥ L KBEOEFTENBTE LD

D)
### IDE:

A

### AT

B X ONEDOIEKRQ(sqrt(2), sqrtb (3), sqrt(18))Dolcxtd 3R %
RO E W,

#IRf% :A.0,B.4,C.2,D.6

### IDE:

Figure A.1: Example of MMLU (English and Japanese) prompt.

18




The following is a combination of instructions describing a task
and an input with context. Write a response that appropriately
satisfies the request.

### Instruction:

Receive a question and its answer choices as input, and select an
answer from the choices. The answer must be given as the number
corresponding to the choice (e.g., 0). Strictly return the answer
as an integer, and include nothing else.

### Input:

Question: What is the highest commander in occupied territories
or colonies called?
Choices: 0. Windmill, 1.
Chief, 4. Governor

### Response:

4

### Input:

Question: What is the image of the Capitol?

Choices: 0. A symbol of the nation, 1. A theme park, 2. Amusement,
3. Uplifting, 4. Nostalgic

### Response:

0

Squad leader, 2. Student council, 3.

### Input:

Question: Is it common to wear a suit while visiting various
companies during school?

Choices: 0. Store, 1. Business trip, 2. Job hunting, 3. Bank, 4.
Travel

### Response:

2

### Input:

Question: What must you do before taking off your pants?
Choices: 0. Put on, 1. Take off the pants, 2. Wear, 3. Take off
the clothes, 4. Go to the toilet

### Response:

1

### Input:

Question: What do you call an airport for public use?

Choices: 0.Bus, 1l.Lighthouse, 2.Pier, 3.Airport, 4.0Opera

### Response:

3

### Input:

Question: What to do if you don't want to obey the system?
Choices: 0. Anti-government, 1. Non-governmental organization, 2.
Air, 3. Convenient, 4. Military government

### Response:

LTI, 227 %HBT2HERE. RO HZANOEAEDETY, BXREBYICH
1T REEBERI,

### HER:

BRI ERIEDRRKZEANE LTRIFEY . BREASEIZZBRL TS W, bH,
EEGRRBEOES (Bl:0) TT2H0LLET, EEELAZHEEIntRHTEL,
ICIHAHRDLENT L ZBTF LTI,

### AN

R SECHERICEIT2RSREETOI LA M EFER?

BIRE : 0. AE, 1R, 2. £%R,3.F— 7 ,4. BB

IO

4
### AA:
B REEOAA—VE?

B : 0. ARERMTS,1.7—v/—7,2. 73 2a—XAV b, 3.5 bEREBES
€5,4.8%
## I5E:

0
### AN

R ERPICR—YEETEHEZDE?

BARE ¢ 0.JEFE, 1. 3R, 2. BAISER), 3. 8R1T, 4. HRAT
### 5

2

### AN

BRI XY EBRCHICLAL TRASHVLDIE?

BIRAL :0.21%, 1. ARVERCI L, 2.8, 3 RERCZ L, 4. b L
e

1

### Az

B AHOBICHT IRITHED Z &2/ EFR?

BIRER : 0./3%,1.4TA, 2. & E145,3. 25, 4. 5B

### 5B

3

### ANz

R ISV B VRS ES TR ?

B © 0. RERAT, 1. FEBRATAEM, 2. 2R, 3. 68F, 4. BB
e

Figure A.2: Example of CSQA (English and Japanese) prompt.

The following is a combination of instructions describing a task
and an input with context. Write a response that appropriately
satisfies the request.

### Instruction:

Select the correct answer from the given options. Provide only
the corresponding letter (e.g., A, B, C or D) as the answer.

### Input:

Question:George wants to warm his hands quickly by rubbing them.
Which skin surface will produce the most heat?

Choices:A.dry palms,B.wet palms,C.palms covered with o0il,D.palms
covered with lotion

### Response:

A

### Input:

Question:Which of the following statements best explains why
magnets usually stick to a refrigerator door?

Choices:A.The refrigerator door is smooth.,B.The refrigerator
door contains iron.,C.The refrigerator door is a good
conductor.,D.The refrigerator door has electric wires in it.

### Response:

B

### Input:

Question:A fold observed in layers of sedimentary rock most
likely resulted from the

Choices:A.cooling of flowing magma.,B.converging of crustal
plates.,C.deposition of river sediments.,D.solution of carbonate
minerals.

### Response:

B

### Input:

Question:Which of these do scientists offer as the most recent
explanation as to why many plants and animals died out at the end
of the Mesozoic era?

Choices:A.worldwide disease,B.global mountain building,C.rise of
mammals that preyed upon plants and animals,D.impact of an
asteroid created dust that blocked the sunlight

### Response:

D

### Input:

Question:A boat is acted on by a river current flowing north and
by wind blowing on its sails. The boat travels northeast. In
which direction is the wind most likely applying force to the
sails of the boat?

Choices:A.west,B.east,C.north,D.south

### Response:

B

### Input:

Question:George wants to warm his hands quickly by rubbing them.
Which skin surface will produce the most heat?

Choices:A.dry palms,B.wet palms,C.palms covered with oil,D.palms
covered with lotion

### Response:

T, 227 %BATBHERE. XKD H2ANOMEHEDETT, BREBE I
T IEEEB/RELI L,

### BN

BRI EBREASELWEZZREY, 7TL77y b+ (Bl: A, B, ¢, £/l& D) D
HERZE L TRALTLEEL,

### AN

B: Y3 -V EFEITHoTRBCROLVERS>TWET, EORMORAN RS
REEBHTTLELOID?

BIREL AR LIZFOVD,BSENIFOVS, COMPBSNIFDOVS,D.A—
YavhnBLNLEFOOS

#H# O

A

### AT

R UT 0 & DRBRRD B ERANTBESBEDOEICS 22 DHhZH L KHALT
WEITH?

BRER A PBEDREISESH T, ,B.AREDEICEHIEENTVES, ,c.8
BEORERVWEEHTY, ,D.ABEDCEICIEBRLYSY £7.

#H# DE:

B

### A

BR:EREDOBICRRIN DTN Y IR AEMESATL DI

R AL RBT 57/ DRE.,BIR T L — b OUE. .7 HEY OHERE. ,D.
IRERIE SN D RAR

#H# HE:

B

### A

Bf: 2ho>DHh T, REEELLARERDORD Y 0%  OEYLBYAMER L /-
ELTRLBEDOHBPL LTHEIFTLEHDIEENTTH?

TR AL HROLER, B. 2RO ALK, c. EY L BYERRT 2WAEOE
B, D NBREOERI’ABHEESEEEYH LT

#H# HE:

D

### AT:

B A PEEAZ D) ORNEMICR BDEEERZITTVET, F— MIILEA
EHRET, RIER— POWICEDFALDHEMA TN ERHEZONETH ?
BRE%:A.7,B.5K,C.t,D.

### IDE:

B

### ATz

Bi:Ya—CYRFEIT > TCRBECRBDEVWERB->TWET, EORBORENRD
REEZRBTTLLID?

BRE AR LAEFOUS,BOENEFOOS, COANBONAZFOOS,D.A—
YarhBLAEFOODL

## 5B

Figure A.3: Example of ARC (English and Japanese) prompt.
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The following is a combination of instructions describing a task
and an input with context. Write a response that appropriately
satisfies the request.

### Instruction:

Using common sense reasoning, select the most appropriate
sentence to follow the given context and choices. Your answer
must include only the letter of the selected choice (e.g., A) and
nothing else.

### Input:

Context:A man is sitting on a roof. he

Choices:A.is using wrap to wrap a pair of skis.,B.is ripping
level tiles off.,C.is holding a rubik's cube.,D.starts pulling up
roofing on a roof.

### Response:
D

### Input:

Context:A lady walks to a barbell. She bends down and grabs the
pole. the lady

Choices:A.swings and lands in her arms.,B.pulls the barbell
forward.,C.pulls a rope attached to the barbell.,D.stands and
lifts the weight over her head.

### Response:
D

### Input:

Context:Two women in a child are shown in a canoe while a man
pulls the canoe while standing in the water, with other
individuals visible in the background. the child and a different
man

Choices:A.are then shown paddling down a river in a boat while a
woman talks.,B.are driving the canoe, they go down the river
flowing side to side.,C.sit in a canoe while the man
paddles.,D.walking go down the rapids, while the man in his
helicopter almost falls and goes out of canoehood.

### Response:
C

### Input:

Context:A boy is running down a track. the boy

Choices:A.runs into a car.,B.gets in a mat.,C.lifts his body
above the height of a pole.,D.stands on his hands and springs.

### Response:
C

### Input:

Context:[header] How to pluck eyebrows without pain [title] Heat
up some water. [step] The easiest way to heat up water is to fill
a mug halfway up with water. Put it in the microwave for about 30
seconds.

Choices:A.You don't want to get the water too hot, as that could
burn your hands or face. You'll also need a washcloth to apply it
to your face.,B.The hot water will make your eyebrows soft,
meaning they'll become easier to pluck. Cover the mug and put on
some cotton or plastic wrap to protect it from the water.,C.Then,
make sure you quickly place it under the spigot. You can also try
soaking your eyebrows overnight in the water.,D.The water should
be hot and not make you too hot. [substeps] Don't microwave water
for too long.

### Response:
A

### Input:

Context:The boy lifts his body above the height of a pole. The
boy lands on his back on to a red mat. the boy

Choices:A.turns his body around on the mat.,B.gets up from the
mat.,C.continues to lift his body over the pole.,D.wiggles out of
the mat.

### Response:

LT, 227 %RBT 2HERE. XROHDZANOEHAEDETY, BRZBYICH
TIREE/RERE W,

### FER:

BHOLEREAVT, EAONIXREBRKEES LI, RICHECRLELAXEE
BATLES W, BB, BBEICIGBRBROTIL7 7Ry b (B]:a) OxEED, fBIC
BADLEHHRNI EEMBMTFLTLLEEN,

## A

XiR: 33 BNERICE>TVET, Wik

B A R F—DRTEALFBICT Yy TEE>TVET, ,B.LRLZA LEHA
LTVWET, ,C.h—EysF¥a—T%E->T0ET, ,0.BRROLTERMES & £
B TUWET,

#H## OB :
D

### AN :

AR ZHEA N —RHENT WL, BEIE L 2 DA THEEOA L, &
BEIRBGABICIRY TA L, BHET B, ,B./N—~NILEFICHI K, ,C./N—~ULTfF0
TWwsAa—7%5|<, ,0.uUbEAY., BLECES AL LTS,

## O
D

### AN

XHR: —ADKME FRDNH X —ICFE > TOBRFARLEINTE Y, BHADOHIC
AbBAOLAX—ZEIWTEHEY, BRICHMEOALHNRZD, FHEFNOB
BN AL EZ 0%, ZMATELTWAM, A—bFTHET>TWBEZANBLEE
NB, BUEHX—%HRY, JIZERICHNT 2TV, C.EAX—ICE->TWT, B
AR EZVTWD, D.BRRETYRH D, BIANYIATLZ—DOHRTELALE
HEHICRY, AX—DiED LHH B,

## IDE:
[+

### AN

X BOFA Ty I %E->TWES, ZOBOF

BIRA:ALEICRSAD, ,B.YY MIAS, ,C.EOFHIZBATHERL LY
%, ,D.¥Ib%EL TN,

## IEE
C

### AN

Xz [~y X WHRCBBEERSTE 24 b)) KERDD, [RTvT] K&

BOEZMOMEAFEE, v hy TISKERFETAND LT, ZhER30H

MBFLYIICANET,

BIRBA KDY TERVLS ICL TSN, FPEERGT2ARELH Y
9, Efo, BUICBRATLHICZAVHBETT, B.RAWKIEEEERLALC L,

REPTAYET, YT Dy FICHEEZL, KD DOFRLBDISMPT v 72N T
L, ,C.RIC, BEICKEDOTICBVTLLEN, BELZ—BAICRTZEDHLT
KFEEV, ,DAKERNARZT TS, BOEFEHEYRLAVLIICLTEEY,
(V72T v 7] KEBFLY IO TREMMBALENTIES Y,

## IEE:
A

### AN

XAR: D ERR—LDBEIZBITHERL L2, PERKFVTY FOEICERNS
KT b, DE

BRB:A. vy FOLETHERESE S, ,B.YY MBI ENDE, ,c.R—LDE
THEERFS EIF#EIT %, ,D.7 vy bASIRIFHT,

#H# IDE:

Figure A.4: Example of HellaSwag (English and Japanese) prompt.
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C Additional results

C.1 Triple phase transitions in LLMs

Here, we present supplementary results correspond-
ing to Section 3.1. Figures B.3, B.4, B.5, B.6,
B.7, and B.8 illustrate outcomes for all partic-
ipants and main LLMs (OLMo-2, OLMo-0724,
LLM-jp) when using layers adjacent to those of
Figure 3. We demonstrate that comparable en-
coding results can be obtained using these layers.
Figure B.9 displays the outcomes of DM06 and
the main LLMs (OLMo-2, OLMo-0724, LLM-jp)
on different downstream tasks (CSQA, ARC, Hel-
laSwag) to those of Figure 3, showing that similar
benchmark and probing results are achieved for
these alternate tasks. Figure B.10 presents the re-
sults obtained using Amber, a different LLM from
those employed for Figure 3. We confirm a phase
transition in encoding accuracy around layer 22;
however, downstream task performance by Amber
only extends to instruction-following, and thus the
increase in probing accuracy observed in Phase 3 is
slightly attenuated. Figure B.11 reports the results
obtained when the LLLMs are given input in Chi-
nese, a different language to that used for Figure 3.
This figure indicates that the phase transition is not
observed in a language on which the model has not
been trained. Finally, Figure B.12 presents the re-
sults of using the Object annotation, which differs
from that used for Figure 3. Here, we confirm a
weaker tendency of phase transition than that ob-
served with the Story annotation, suggesting that
the phase transition we identified tends to emerge
in longer and more complex contexts.

C.2 Neural functional structure associated
with phase transitions

In this section, we present supplementary findings
related to Figure 4 in Section 3.2.1. Because the
goal of this analysis is to quantitatively characterize
the neural functional structure associated with the
observed phase transitions, in this section we forcus
on results for each model in its training language.
Figures B.13 and B.15 correspond to Figures 4a
and 4c for the main LLMs (OLMo-2, OLMo-0724,
LLM-jp). Figure B.14 correspond to Figure 4b for
all participants and the main LLMs. The results
confirm that, across all participants and all models,
we obtain patterns comparable to those shown in
Figure 4.
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C.3 Evolution of LLM internal
representations for downstream tasks

In this section, we present supplementary findings
related to Section 3.2.2. Figures B.16, B.17, and
B.18 correspond to Figure 5a for the main LLMs
(OLMo-2, OLMo-0724, LLM-jp) and all down-
stream tasks (MMLU, CSQA, ARC, HellaSwag).
The results confirm that when the learned language
is fed into the LLM, its neurons progressively ac-
quired robust representations pertinent to each task.
Figure B.19 corresponds to Figure 5b for OLMo-
2/0OLMo-0724 and all downstream tasks. We ob-
serve a similar tendency in both LLMs. Addition-
ally, we examine the relationships between Hel-
laSwag and the other three tasks, observing neu-
rons that specialize in both tasks as well as neurons
dedicated to a single task.

Summarizing these findings alongside our pri-
mary results (Section 3.2.2), the neuron-wise prob-
ing accuracy for MMLU and ARC exhibits a re-
markably high correlation, followed by a moder-
ately positive correlation between HellaSwag and
those two tasks (MMLU and ARC). By contrast,
CSQA displays no correlation with any of the tasks.
These observations suggest that the way each neu-
ron in an LLM acquires its representations varies
according to the nature of the task (e.g., required
capabilities and answer formats).

C.4 Changes in the nature of activations

Figure B.20 shows additional results corresponding
to those in Figure 6 produced by the other LLMs
(OLMo-0724, LLM-jp) when provided with the
learned language data. When the number of train-
ing tokens exceeds 10°, the changes in IDs through-
out the training processes of the other LLLMs exhibit
a high correlation with variations in encoding ac-
curacy, although some exhibited distinct patterns.
By contrast, when the number of training tokens is
less than 10° (which is not possible for OLMo-2
or OLMo-0724), there is a precipitous drop from
initially very high ID values in the activations of
LLM-jp.

C.5 Layers of interest

Figures B.21, B.22, and B.23 show the layer-wise
encoding, probing, and benchmark accuracies of
OLMo-2, OLMo-0724, and LLM-jp at each train-
ing checkpoint, thereby determining which layers
to examine in greater detail.

We can observe the phase transition in encod-



ing accuracy (particularly the transition from Phase
1 to Phase 2) in layers 20-28 of OLMo-2, layers
30-32 of OLMo-0724, and layers 15-28 of LLM-
jp- We can further identify the phase transition in
probing accuracy (specifically the transition from
Phase 2 to Phase 3) in layers 19-32 of OLMo-2,
layers 25-32 of OLMo-0724, and layers 19-32 of
LLM-jp. Finally, we can detect the phase transition
in benchmark accuracy in layers 22—-32 of OLMo-
2, layers 28-32 of OLMo-0724, and layers 20-32
of LLM-jp. In this study, we focused on layers in
which all three of these transitions emerge. Con-
sequently, we confirmed this tendency in the later
layers, namely in layers 22-28 for OLMo-2, lay-
ers 30-32 for OLMo-0724, and layers 20-28 for
LLM-jp. Moreover, because OLMo-2 and LLM-jp
exhibited the three transitions most prominently
at layer 25, and the transitions were most promi-
nent for OLMo-0724 at layer 30, we present the
principal analytical results for these layers.
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OLMo-2 Layer 25
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Figure B.1: Results for all participants on the learning dynamics characterized by three phase transition in the
number of voxels showing significant encoding accuracy for layer 25 of OLMo-2 when using English annotations.
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Figure B.2: Results for all participants on the learning dynamics characterized by three phase transition in the PC1
scores of encoding accuracy for layer 25 of OLMo-2 when using English annotations.
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Figure B.3: Results for all participants regarding learning dynamics of layers 24, 25, 26 of OLMo-2 exhibiting three
phase transitions when using English annotation and MMLU.

24



Layer 29

=
%

DMO1

Benchmark Accuracy

0.4

0.3

02 I
01

o
o

DMO03

Benchmark Accuracy

DMO06

Benchmark Accuracy

10° 107 10° 10°

DMO7

Benchmark Accuracy

DM09

0.1 =

il

Benchmark Accuracy

DM11

Benchmark Accuracy

.10“ 107 10° 10° 10 10" 102 10'?

0.030

0.025

0.020

0.015

0.010

10° 107 10° 10° 10 10! 10%2 10%*

10° 107 10° 10° 10%° 10 10% 10%?

0.06

10° 107 10° 10° 10%° 10 10% 10%?

10° 107 10° 107 10%° 10 10%2 10%?

Training Tokens

Aoeinooy Buipooug Aoeinooy Buipooug Aoeinooy Buipooul Aoeinooy Buipooum Aoeinooy Buipooug

Aoeinooy Buipooul

0.200

0.175

0.150

0.125

0.100

0.075

0.050

0.025

0.000

0.200

0.175

0.150

0.125

0.100

0.075

0.050

0.025

0.000

0.200

0.175

0.150

0.125

0.100

0.075

0.050

0.025

0.000

0.200

0.175

0.150

0.125

0.100

0.075

0.050

0.025

0.000

0.200

0.175

0.150

0.125

0.100

0.075

0.050

0.025

0.000

0.200

0.175

0.150

0.125

0.100

0.075

0.050

0.025

0.000

Aoeinooy Buigold Aoeinooy Buigold Aoeinooy Buigold Aoeinooy Buigold Aoeinooy Buigold

Aoeinooy Buigold

OLMo-0724 (English)

Layer 30

) A

0.3

0.2

0.1

0.
10° 107 10% 10° 101 10

0.5

0.3 /;

0.2

0.1 L
[ =

0.5

| H

0.2

0.1 L
[ =

e
/i

0.2

0.1 L
[ =

0.3

0.2

0.1

0.1

. N

0.3

0.2

0.1 L
0.

X 0.
10° 107 10% 10° 10' 10'' 10% 10V

102 101

0.0275

0.0250

0.0225

0.0200

0.0175

0.0150

0.0125

0.0100

>10‘ 107 10% 10° 10 10% 10% 10%?

0.035

0.030

0.025

0.020

0.015

010

0.035

0.030

0.025

0.020

0.015

0.010

>1t‘l'i 107 10% 10° 10 10 10% 10%?

10° 107 108 10° 10% 10'' 10% 10V

0.018

0.016

0.014

0.012

0.010

0.008

0.006

>10‘ 107 10% 10° 10% 10! 10 101

Training Tokens

0.05

0.20

0.05

Layer 31

0.0
108

107 108 109 10% 10' 102 10%7

0.5

0.3

0.2

0.1

0.1

{5

10%

0.0250

0.0225

0.0200

0.0175

0.0150

0.0125

0.0100

0.0075

107 10° 10° 10 10 10% 10%

05

0.3

0.2

0.1

X

{5

10%

0.035

0.030

0.025

0.020

0.015

0.010

107 10° 10° 10 10 10 10%?

0.4

0.3

0.2

0.1

[

(S

‘108

0.030

0.025

0.010

107 10° 10° 10 10 10 10%?

0.3

0.2

0.1

X

e

10%

107 10° 10° 10 10 10% 10%?

03

0.2

0.1

(B

0.
10°

0.018

0.016

0.014

0.012

0.010

0.008

0.006

107 10° 10° 10 10%! 101 101

Training Tokens

0.10

Figure B.4: Results for all participants regarding learning dynamics of layers 29, 30, 31 of OLMo-0724 exhibiting
three phase transitions when using English annotation and MMLU.
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Figure B.5: Results for all participants regarding learning dynamics of layers 24, 25, 26 of LLM-jp exhibiting three
phase transitions when using English annotation and MMLU.
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Figure B.6: Results for all participants regarding learning dynamics of layers 24, 25, 26 of OLMo-2 when using

Japanese annotation and MMLU.
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Figure B.7: Results for all participants regarding learning dynamics of layers 29, 30, 31 of OLMo-0724 when using

Japanese annotation and MMLU.
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Figure B.8: Results for all participants regarding learning dynamics of layers 24, 25, 26 of LLM-jp exhibiting three
phase transitions when using Japanese annotation and MMLU.
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Figure B.9: Results from a single participant (DMO06) for learning dynamics of layer 25 of OLMo-2 and LLM-jp,
layer 30 of OLMo-0724 exhibiting three phase transitions when using other tasks.
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Figure B.10: Results for all participants regarding learning dynamics of layer 22 of Amber exhibiting three phase
transitions when using English/Japanese annotation and MMLU.
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Figure B.11: Results for all participants regarding learning dynamics of layer 25 of OLMo-2 when using Chinese
annotation and MMLU.
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Figure B.12: Results for all participants regarding learning dynamics of layer 25 of OLMo-2 when using English
Object annotation and MMLU.
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Figure B.13: Results for all models regarding the explained variance of the top five PCs of the estimated brain
activations.
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Figure B.14: Results for all participants and all models regarding PC1 and PC2 scores at the final checkpoint.
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Figure B.15: Results for all models regarding changes of the mean scores of PC1 and PC2 scores for voxels that
were significant at all checkpoints.
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Figure B.16: Results for all downstream tasks regarding changes in the activations of OLMo-2.
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Figure B.17: Results for all downstream tasks regarding changes in the activations of OLMo-0724.
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Figure B.18: Results for all downstream tasks regarding changes in the activations of LLM-jp.
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Figure B.19: Relationship between probing accuracies in OLMo-2 (layer 25) and OLMo-0724 (layer 30) across
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Figure B.20: Variations in correlation coefficients (left), encoding accuracy, and IDs (right) of the activations of
OLMo-0724 (layer 30)/LLM-jp (layer 25) using learned languages across checkpoints.
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Figure B.21: Layers of interest for OLMo-2.

39




Accuracy

Accuracy

OLMo-0724

Encoding
DMO03

0.01

0.02
0 5 10 15 20 5 10 15 20 25 30
Probing

MMLU CSQA ARC HellaSwag
0.20
0.15
0.10
0.05
0.00

English
4B tokens
8B tokens
10B tokens
148 tokens
18B tokens
20B tokens
41B tokens
62B tokens

—6— 85B tokens

—o— 106B tokens
—&— 148B tokens
—8— 190B tokens
—&— 232B tokens
—o— 272B tokens
—— 301B tokens
—8— 627B tokens
—— 964B tokens
—— 1258B tokens
—e— 1551B tokens
——— 1853B tokens
—— 2155B tokens
—— 2453B tokens
—8— 2724B tokens

ISSRSRR SRS REE!

Japanese

4B tokens

8B tokens
10B tokens
14B tokens
18B tokens
20B tokens
41B tokens
62B tokens
85B tokens
106B tokens
148B tokens
1908 tokens
232B tokens
2728 tokens
301B tokens
6278 tokens
964B tokens
1258B tokens
1551B tokens
1853B tokens
2155B tokens
2453B tokens
27248 tokens

Benchmark
MMLU CSQA ARC HellaSwag

0.8

0.8
0.6

0.6

04 0.4

0.2 ”MW 0.2

7
0.0 S b.‘\\‘t/}\.\-‘a 0.0

Layer

40

Figure B.22: Layers of interest for OLMo-0724.
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Figure B.23: Layers of interest for LLM-jp.

41



	Introduction
	Methods
	Large language models
	Brain encoding models
	Probing and benchmark
	Downstream datasets
	Probing for MLP activations
	Benchmark performance

	Principal component analysis of estimated brain activations
	Direct analysis of MLP activations

	Results
	Triple phase transitions in LLMs
	What happens during each phase?
	Neural functional structure associated with phase transitions
	Evolution of LLM internal representations for downstream tasks

	Changes in the nature of activations

	Discussion and conclusions
	Related work
	Training Dynamics in LLMs
	Interpretability from neuroscience insights

	Additional methods
	Large language models
	fMRI datasets
	Brain encoding models
	Downstream datasets
	Code availability
	Intrinsic dimensions
	Determining the layers of interest
	Examples of 5-shot prompts

	Additional results
	Triple phase transitions in LLMs
	Neural functional structure associated with phase transitions
	Evolution of LLM internal representations for downstream tasks
	Changes in the nature of activations
	Layers of interest


