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Abstract001

While large language models (LLMs) acquire002
diverse capabilities during training, internal003
learning dynamics remain poorly understood.004
To address this, we incorporate a neuroscien-005
tific perspective and analyze three interrelated006
dimensions: the similarity between LLMs and007
the human brain, the internal states of LLMs,008
and downstream task performance. Across009
models varying in data and architecture, we010
identify three phase transitions during train-011
ing: (1) alignment with the entire brain surges012
as LLMs begin adhering to task instructions013
(Brain Alignment and Instruction Following),014
(2) unexpectedly, LLMs diverge from the brain015
during a period in which downstream task ac-016
curacy temporarily stagnates (Brain Detach-017
ment and Stagnation), and (3) alignment with018
the brain reoccurs as LLMs become capable of019
solving the downstream tasks (Brain Realign-020
ment and Consolidation). These findings il-021
luminate the underlying mechanisms of LLM022
training, while opening new avenues for inter-023
disciplinary research bridging AI and neuro-024
science.025

1 Introduction026

Large language models (LLMs) acquire distinct027

capabilities as model scale, training data, or train-028

ing steps increase. Some capabilities improve029

smoothly with scale (Kaplan et al., 2020; Hoff-030

mann et al., 2022; Tirumala et al., 2022; Xia et al.,031

2023; Zhang et al., 2024; Ren and Sutherland,032

2025; Gadre et al., 2025; Qi et al., 2025; Bon-033

naire et al., 2025), whereas others emerge abruptly034

(Ganguli et al., 2022; Wei et al., 2022a; Du et al.,035

2024; Snell et al., 2024), or exhibit more com-036

plex, non-monotonic behavior (Huang et al., 2024).037

These behaviors have predominantly been discov-038

ered through evaluations of model outputs (e.g.,039

downstream task performance), leading to numer-040

ous breakthroughs and strengthening our under-041

standing of LLM training. Furthermore, recent042

efforts in mechanistic interpretability have begun 043

to uncover the underlying internal changes that oc- 044

cur during training process (Olsson et al., 2022; 045

Chen et al., 2023; Gopalani et al., 2024; Gopalani 046

and Hu, 2025; Cui et al., 2024). Together, these 047

lines of work examine capability acquisition from 048

external and internal perspectives. 049

Neuroscience offers a complementary frame- 050

work for understanding deep neural networks 051

(DNNs), which were originally inspired by the hu- 052

man brain. By comparing internal representations 053

of DNNs with human brain activity, prior studies 054

have provided human-centered insights into model 055

representations (Yamins et al., 2014; Güçlü and van 056

Gerven, 2015), an approach recently extended to 057

LLMs (Jain and Huth, 2018; Schrimpf et al., 2021; 058

Goldstein et al., 2022; Oota et al., 2022; Tuckute 059

et al., 2024a). For example, Antonello et al. (2023) 060

revealed that brain activity aligns more strongly 061

with larger-, higher-performance models. These 062

findings highlight the potential of the human brain, 063

an intricate system with diverse functions and the 064

only system other than LLMs known to support 065

rich linguistic abilities, to serve as a tool for model 066

evaluation. A detailed review of related work is 067

provided in Appendix A. 068

Despite this progress, key gaps remain. Learn- 069

ing dynamics in LLMs have rarely been studied 070

from a neuroscience perspective, leaving the rela- 071

tionship between capability acquisition and brain 072

alignment largely unexplored. In addition, prior 073

studies that have examined learning dynamics have 074

largely focused on isolated perspectives, making 075

it unclear how these dynamics, and other relevant 076

factors, jointly interact. Therefore, it remains un- 077

known whether advances in LLM capabilities lead 078

to increased alignment with the brain, decreased 079

alignment, or more complex, non-monotonic tra- 080

jectories (Figure 1a). 081

Here, we trace LLM learning dynamics by inte- 082

grating three complementary analyses: brain en- 083
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Figure 1: Overview of the study. a Schematic illustration of several hypothesized relationships between capability
acquisition and brain alignment during LLM training (e.g., increasing, decreasing, non-monotonic). b Brain
encoding analysis c Probing analysis (top) and benchmark analysis (bottom).

coding analysis, which assesses alignment with084

human brain activity; probing analysis, which de-085

tects shifts in internal representations; and bench-086

mark analysis, which measures downstream task087

performance1 (Figure 1b,c). We demonstrate that088

multiple LLMs, each characterized by distinct089

architectures and training data, exhibit a robust,090

common three-stage phase transition in their091

learning dynamics, including the precise timing092

of these transitions. Specifically, (1) alignment093

with the entire brain surges once the LLMs be-094

gin to follow downstream task instructions (Brain095

Alignment and Instruction Following); (2) sur-096

prisingly, the LLMs diverge from the brain dur-097

ing a period in which their downstream task accu-098

racy temporarily stagnates (Brain Detachment and099

Stagnation); and (3) alignment with the brain re-100

occurs once LLMs become capable of solving the101

downstream tasks (Brain Realignment and Con-102

solidation). These results show that LLM learning103

trajectories are more complex than previously sug-104

gested by monotonic scaling relationships.105

2 Methods106

2.1 Large language models107

We analyze the learning dynamics of LLMs from108

three distinct perspectives. For this, we use four109

pre-trained models with available training check-110

1All 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 111

(Groeneveld et al., 2024), and LLM-jp (LLM-jp 112

et al., 2024) for the main analysis, and Amber (Liu 113

et al., 2023) for the additional analysis. The number 114

of checkpoints used for each model ranges from 115

18 to 28. Table 1 presents an overview of these 116

LLMs. OLMo-2, OLMo-0724, and Amber are 117

English-centric LLMs trained on publicly accessi- 118

ble datasets, while LLM-jp is a bilingual Japanese- 119

English model trained on a roughly equal mix of 120

Japanese and English. Each model uses a differ- 121

ent training corpus and tokenizer, with vocabulary 122

sizes ranging from 32,000 to 100,352. These LLMs 123

have between 6.74–7.3B parameters, 32 hidden lay- 124

ers, and a hidden dimension of 4,096. They are all 125

based on a decoder-only Transformer architecture 126

(Vaswani et al., 2017), but each LLM incorporates 127

a few critical modifications. There are also notable 128

differences across these LLMs in terms of their 129

layer normalization and attention mechanisms. See 130

Section B.1 for further details on the models used. 131

Because multilayer perceptron (MLP) layers ac- 132

count for most model parameters and are thought 133

to encode essential features (Bereska and Gavves, 134

2024; Geva et al., 2021), we use MLP activations 135

as internal representations. 136

2.2 Brain encoding models 137

Our initial approach for analyzing the learning dy- 138

namics of the LLMs involves an investigation of 139

how their activations progressively align with brain 140
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activity during the training process. Specifically,141

for each checkpoint described in Sections 2.1 and142

B.1, we perform a brain encoding analysis (Nase-143

laris et al., 2011; Nishimoto et al., 2011; Huth et al.,144

2012) by evaluating the prediction accuracy of a145

learned linear mapping from each layer’s activa-146

tions to brain activity (Figure 1b). These analyses147

are conducted separately for each participant.148

fMRI datasets We use the Narrative Movie149

fMRI Dataset (Yamaguchi et al., 2024; Nakagi150

et al., 2024) for brain encoding analysis. This151

dataset provides brain activity data from six healthy152

participants with normal or corrected-normal vision153

(three females; ages 22–40, mean = 28.7), while154

they freely watched 8.3 hours of movies or drama155

series inside a 3T functional Magnetic Resonance156

Imaging (fMRI) scanner. All participants were157

native Japanese speakers. The stimuli comprise158

nine video clips—eight international titles and one159

Japanese title—all presented in Japanese, with in-160

ternational titles dubbed accordingly. The dataset161

provides three types of natural-language annota-162

tions. We use the Narrative Content annotation,163

which describes the background story of the scene164

at 5-s intervals, for the main analysis and the Ob-165

jective Information annotation, which describes the166

objects in the scene every second, for the additional167

analysis, both in English and Japanese. See Section168

B.2 for additional dataset details. For evaluation,169

we use the final segment of each movie or series170

as test data (7,737 s in total), and the remaining171

sessions as training data (22,262 s). All prediction172

performance results are computed using the test173

dataset.174

Model construction We extract LLM activations175

for each annotation from all hidden layers. Each176

time point comprises multiple tokens, and we aver-177

age their activations. Because multiple annotations178

exist for each second, we extract the activations for179

each annotator and then average them across all180

annotators. We train L2-regularized linear models181

to predict voxel-wise fMRI responses from the cor-182

responding LLM activations. Model weights are es-183

timated on the training data and applied to the test184

data, with regularization parameters selected for185

each voxel via cross-validation. We then evaluate186

the prediction accuracy by computing the Pearson’s187

correlation coefficients between the predicted and188

measured fMRI signals. Statistical significance is189

assessed using a blockwise permutation test that190

compares the correlations between predicted and191

measured signals against the correlations obtained 192

after shuffling the measured signals. We set the 193

threshold for statistical significance to p < 0.05 194

and correct for multiple comparisons using the 195

FDR procedure. We model the hemodynamic delay 196

in the BOLD signal, assumed to be 8–10 seconds. 197

See Section B.3 for additional details about model 198

construction. In the main analysis, we focus on 199

later layers of each LLM: layer 25 for OLMo-2 and 200

LLM-jp, and layer 30 for OLMo-0724. These lay- 201

ers exhibit the largest checkpoint-wise changes and 202

are most strongly associated with phase-transition 203

phenomena across all analyses (encoding, prob- 204

ing, and benchmark analyses; see Section B.7 for 205

details). We confirm that adjacent layers show qual- 206

itatively similar patterns (see Figure C.5). 207

2.3 Probing and benchmark 208

As a complement to the brain encoding models 209

described in Section 2.2, we use two additional 210

families of measures to track learning dynamics: 211

(i) probing analyses that quantify how downstream 212

task–relevant information is represented in the 213

LLMs’ internal states, and (ii) benchmark perfor- 214

mance on the same downstream tasks (Figure 1c). 215

Both probing and benchmark scores are computed 216

separately for each LLM checkpoint. 217

2.3.1 Downstream datasets 218

We use four downstream tasks: Massive Multitask 219

Language Understanding (MMLU) (Hendrycks 220

et al., 2020), CommonsenseQA (CSQA) (Tal- 221

mor et al., 2019), AI2 Reasoning Challenge 222

(ARC) (Clark et al., 2018), and HellaSwag (Zellers 223

et al., 2019). For both probing and benchmark 224

analyses, we use 5-shot prompts in English and 225

Japanese, excluding prompts that exceed each 226

model’s maximum context length. Additional de- 227

tails about the datasets are provided in Section B.4, 228

and examples of the prompts are shown in Sec- 229

tion B.8. For probing, each dataset is split into 230

training and test sets in a 4:1 ratio, and all reported 231

prediction accuracies are computed on the test set. 232

2.3.2 Probing for MLP activations 233

To assess how downstream task–relevant represen- 234

tations are acquired during training, we perform 235

probing analyses on MLP activations across all 236

hidden layers (Figure 1c, top). We feed the down- 237

stream task prompts into each LLM and extract the 238

final-token activations from every layer. For each 239

sample, we construct an answer matrix (samples × 240
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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-241

correct choices as 0. Our goal is to learn a mapping242

from this answer matrix to the observed activations243

across all layers. To this end, we fit L2-regularized244

linear regression models that transform the answer245

matrix for the training data into the corresponding246

activations, and then apply the learned weights to247

the test data. The regularization parameter is opti-248

mized via 4-fold cross-validation for each neuron.249

Probing accuracy is quantified as the Pearson corre-250

lation between predicted and observed activations,251

providing a neuron-level measure of task-relevant252

information at each checkpoint. We focus on the253

same set of layers as in the encoding analysis.254

2.3.3 Benchmark performance255

Finally, we directly evaluate how the ability to256

solve downstream tasks emerges during training257

(Figure 1c, bottom). For each LLM checkpoint, we258

measure performance on the downstream datasets259

described in Section 2.3.1. The evaluation metric260

is the fraction of correctly answered items, i.e., the261

proportion of samples for which the model’s output262

exactly matches the correct answer.263

2.4 Principal component analysis of estimated264

brain activations265

To gain deeper insight into the observed phe-266

nomenon, we analyze how the encoding model267

weights evolve across checkpoints. For each par-268

ticipant and checkpoint, we first compute voxel- 269

wise estimated brain activations for every sentence 270

by multiplying the LLM activations for each of 271

the 2,174 unique sentences by the learned encod- 272

ing model weights. We then concatenate the esti- 273

mated activations from all participants and check- 274

points along the voxel dimension and apply PCA 275

to this matrix along the sentence dimension. This 276

procedure yields principal component (PC) scores 277

for every voxel under each condition (participant 278

× checkpoint), which we subsequently use to in- 279

terpret the encoding model weights across check- 280

points. 281

2.5 Direct analysis of MLP activations 282

To characterize how internal representations in 283

LLMs evolve during training, we analyze changes 284

in the correlation structure and dimensionality of 285

MLP activations across checkpoints. Using the 286

same dataset and layers as in the encoding anal- 287

ysis, we extract activations at each checkpoint 288

and compute Pearson correlation coefficients be- 289

tween checkpoints. We further quantify represen- 290

tational dimensionality at each checkpoint using 291

the intrinsic dimension (ID), a measure that has 292

recently gained attention for characterizing LLM 293

representations. IDs are estimated by applying the 294

Generalized Ratios Intrinsic Dimension Estimator 295

(GRIDE) (Denti et al., 2022) to layer-wise activa- 296

tions from the same dataset (see Section B.6 for 297
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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 (DM06) (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 109

training tokens have been made publicly available aside from LLM-jp.

details).298

3 Results299

3.1 Triple phase transitions in LLMs300

First, we evaluate whether LLM activations used301

in this study can predict brain activity. Figure 2a302

shows whole-brain voxel-wise encoding perfor-303

mance for OLMo-2 at the final checkpoint. The304

model predicts activity across a broad set of regions305

spanning high-level cognitive and sensory areas,306

confirming that OLMo-2 activations significantly307

account for brain responses.308

Next, we examine how prediction accuracy309

evolves over training using the three analytical ap-310

proaches. Figure 2b shows results for OLMo-2311

with MMLU used for probing and benchmark anal-312

yses. Brain encoding accuracy reflects the average313

voxel-wise prediction performance from LLM acti-314

vations in the selected layer, whereas probing accu-315

racy reflects the average prediction accuracy across316

LLM neurons. Together, these metrics reveal three317

distinct phase transitions in later layers of OLMo-2318

during training. The first transition emerges after319

around 109–1010 training tokens, where both the320

encoding and benchmark accuracy suddenly surge.321

The rise in benchmark accuracy (blue) indicates im-322

proved downstream task performance and the onset 323

of instruction following, while the simultaneous in- 324

crease in encoding accuracy (red) reflects enhanced 325

whole-brain alignment. We refer to this stage as 326

the Brain Alignment and Instruction Following 327

phase. The second transition arises after around 328

1010–3·1011 tokens, where the benchmark accuracy 329

stagnates. Strikingly, encoding accuracy declines 330

during this period, indicating reduced brain–LLM 331

alignment. We therefore label this stage the Brain 332

Detachment and Stagnation phase. The third tran- 333

sition occurs beyond approximately 3 · 1011 tokens, 334

where benchmark and probing accuracy increase 335

sharply, accompanied by modest recovery in en- 336

coding accuracy. At this point, the increase in the 337

benchmark accuracy suggests that the LLM gradu- 338

ally acquire the capability to solve tasks, whereas 339

the change in the brain encoding accuracy implies a 340

renewed enhancement in alignment with the brain. 341

We thus refer to this stage as the Brain Realign- 342

ment and Consolidation phase. 343

We confirm the triple phase transition in en- 344

coding accuracy using two independent indica- 345

tors. First, the number of significant voxels fol- 346

lows the same transition pattern (Figure B.1). Sec- 347

ond, PCA applied to a voxel-by-checkpoint encod- 348

ing accuracy matrix reveals that PC1 scores across 349
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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 DM06’s cerebral cortex; only voxels significant across all checkpoints are colored (PC1 in orange,
PC2 in blue). c 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.

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-350

ics (Figure B.2).351

We examine whether this three-stage phase tran-352

sition also emerges in other LLMs. Figure 3353

presents the results for OLMo-2, OLMo-0724, and354

LLM-jp when using MMLU for the probing and355

benchmark analyses. Notably, these dynamics are356

only observed when the LLMs process a language357

that they have learned sufficiently: English and358

Japanese for LLM-jp, and English only for OLMo-359

2 and OLMo-0724. Section C.1 provides analogous360

results for adjacent layers, other downstream tasks361

(CSQA, ARC, HellaSwag), other LLMs (Amber),362

other languages (Chinese), and other annotations.363

3.2 What happens during each phase?364

Section 3.1 characterized the three phase transi-365

tions that arise during LLM training using encod-366

ing, probing, and benchmark analyses. However,367

the internal changes underlying each phase remain368

unclear. To address this, we analyze voxel-level369

changes in brain alignment and neuron-level shifts 370

in LLM representations across phases. 371

3.2.1 Neural functional structure associated 372

with phase transitions 373

In the previous sections, our analyses focused 374

solely on the brain-wide average behavior asso- 375

ciated with the phase transitions. We now char- 376

acterize how different brain areas contribute to 377

this effect. To this end, we predicted voxel-wise 378

responses to the text stimuli using the estimated 379

weights for each voxel, participant, and checkpoint, 380

and then applied PCA to extract components of 381

temporal change, which were subsequently mapped 382

back onto the brain. This analysis included only 383

voxels that exhibited significant prediction accu- 384

racy for each participant at each checkpoint. 385

n the English setting of OLMo-2, PC1 and 386

PC2 explain most of the variance (PC1: 0.417, 387

PC2: 0.072; Figure 4a). Mapping voxel-wise PC 388

scores at the final checkpoint (Figure 4b) shows 389

that PC1 reflects regions associated with semantic 390
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and higher-order cognition (e.g., auditory cortex,391

frontal lobe, precuneus), whereas PC2 reflects as-392

sociative and higher visual regions (e.g., parietal393

lobe, higher visual cortex). Across checkpoints,394

PC2 remains stable, while PC1 closely tracks the395

triple phase transitions (Figure 4c). These results396

suggest that semantic and higher-order cognitive397

regions primarily drive the observed phase transi-398

tions. Further details for all participants and LLMs399

can be found in Figures B.13–B.15.400

3.2.2 Evolution of LLM internal401

representations for downstream tasks402

Having examined voxel-level brain alignment, we403

next investigate how the triple phase transitions404

relate to internal representations supporting down-405

stream task performance. We apply probing analy-406

sis, a standard tool in mechanistic interpretability407

that uses simple readout models to assess what in-408

formation neurons encode (Elhage et al., 2021; Dai409

et al., 2022; Bereska and Gavves, 2024). Specif-410

ically, we analyze the distributions of per-neuron411

probing accuracy at the early, middle, and final412

checkpoints of Phase 3 (302B, 1259B, 3896B train-413

ing tokens in OLMo-2). Figure 5a presents the414

results for neurons in layers 5, 15, 25, and 30 of415

OLMo-2 on MMLU. In the English setting, prob-416

ing accuracy increases progressively in later lay-417

ers, indicating the emergence of specialized acti-418

vations as downstream task proficiency improves.419

Consistent patterns are observed across all down-420

stream tasks and models (OLMo-2, OLMo-0724,421

and LLM-jp; Figures B.16–B.18).422

We further examine whether neurons specialize423

for distinct downstream tasks, focusing on the same424

checkpoints as in Figure 5a. Figure 5b illustrates425

the relationships among the per-neuron probing426

accuracies of OLMo-2 for the English MMLU,427

CSQA, and ARC. As training progresses, some428

neurons become highly informative for all three429

tasks, whereas others remain selective for only a430

subset. Per-neuron accuracies for MMLU and ARC431

are highly correlated (r = 0.864), whereas CSQA432

shows almost no correlation with either task (r =433

0.029 with MMLU, r = 0.027 with ARC). OLMo-434

0724 exhibits a similar pattern (Figure B.19), in-435

dicating substantial task-specific representational436

changes in multiple models. Additional results for437

all downstream tasks, including HellaSwag, are438

reported in Section C.3.439

Overall, sharply task-specific neuron-level repre-440

sentations emerge primarily during Phase 3—rather441

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
(DM06) (red line) across checkpoints.

than Phase 1, when instruction-following first ap- 442

pears. This stage coincides with a shift in LLM 443

representations back toward brain alignment, sug- 444

gesting a close link between task-specific represen- 445

tational specialization and changes in brain align- 446

ment. 447

3.3 Changes in the nature of activations 448

Based on previous analyses, the preceding results 449

have demonstrated that shifts in neuronal activation 450

occur over the course of training. We now examine 451

whether these alterations reflect fundamental shifts 452

in the activations of the LLMs themselves. 453

As shown in Figure 6a, within-phase activations 454

are highly similar, but substantial changes emerge 455

at each phase transition. Interestingly, although 456

the brain encoding accuracy does not vary dramati- 457

cally between Phases 2 and 3, the underlying acti- 458

vations differ considerably. Next, we quantify the 459

dimensionality of these activations using the IDs 460

defined by GRIDE. Figure 6b shows that there is 461

a strong similarity between the brain encoding ac- 462

curacy and IDs during Phases 1 and 2, consistent 463

with earlier findings that single-checkpoint encod- 464

ing accuracy and IDs are highly correlated (An- 465

tonello and Cheng, 2024). Our findings extend this 466

result by demonstrating a similarly robust correla- 467

tion across multiple checkpoints. Nevertheless, the 468

brain encoding accuracy and IDs are not perfectly 469

congruent (see Phase 3), leaving open questions 470

about the aspects of activation changes that intrin- 471

sic dimensionality alone does not capture. 472

4 Discussion and conclusions 473

In this study, we quantitatively characterize LLM 474

learning dynamics from three perspectives: align- 475

ment between LLMs and the brain, internal states 476
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associated with downstream tasks, and downstream477

task performance. Integrating these analyses re-478

veals a robust triple phase transition, with consis-479

tent timing across models despite substantial differ-480

ences in training data and architecture. Our results481

show that human brain activity provides a biolog-482

ically grounded reference for tracking how LLM483

capabilities emerge and consolidate during training,484

with implications for interpretability and safety.485

While Antonello et al. (2023) reported a rise486

in alignment with increasing model size, our find-487

ings depict a a non-monotonic trajectory: an initial488

surge in brain alignment, a decline, and a later489

resurgence. This suggests that LLMs may adopt490

distinct computational strategies at various stages,491

rather than gradually acquiring brain-like language492

representations. For example, AlKhamissi et al.493

(2025b) tracked Pythia checkpoints up to 300B494

tokens and found that brain alignment is more495

tightly coupled with formal than functional linguis-496

tic competence. This is partially consistent with497

the alignment increase we observe in the Brain498

Alignment and Instruction Following phase, while499

our post-300B Brain Realignment and Consoli-500

dation phase captures a later shift not accessible501

in prior work and may be linked to the matura-502

tion of broader functional competence. Further-503

more, Caucheteux and King (2022); Antonello et al.504

(2023); Antonello and Huth (2024); Antonello and505

Cheng (2024) have shown that, in trained models,506

the layers or representations with the highest next-507

word prediction performance do not necessarily508

align best with the brain; layers with somewhat509

lower prediction performance can show stronger510

brain alignment. If language-model performance511

is treated as a proxy for training progress, these ob-512

servations correspond naturally to dynamics up to513

Phase 2 in our framework. Our results extend this514

picture by identifying an additional state in which515

brain alignment re-emerges alongside consolidated516

task competence.517

By probing neuron-level activations, we also518

clarify how task-relevant representations emerge519

and are shared across tasks during training. Con-520

sistent with prior work identifying neurons that521

encode specific linguistic features (Tenney et al.,522

2019; Dai et al., 2022; Wang et al., 2022; Gurnee523

et al., 2023), we find that neurons making strong524

task-specific contributions appear abruptly in later525

layers and that patterns of neuron sharing vary sys-526

tematically across tasks. These results extend ear-527

lier analyses focused on fully trained models by528

revealing how such structures develop over time. 529

The Brain Alignment and Instruction Following 530

and Brain Realignment and Consolidation phases 531

parallel previously reported emergent phenomena 532

in LLMs, in which new capabilities arise abruptly 533

once training surpasses critical thresholds Wei et al. 534

(2022a,b); Caballero et al. (2023); Olsson et al. 535

(2022). While prior work has primarily empha- 536

sized output behavior or isolated mechanisms, our 537

results show that changes in brain alignment, inter- 538

nal representations, and task performance progress 539

together. These phenomena are most pronounced 540

for languages that are well represented in the train- 541

ing data, suggesting that deep internalization of 542

their statistics can trigger large shifts in both brain 543

alignment and behavior. Although the extent to 544

which LLM capabilities are truly emergent remains 545

debated (Schaeffer et al., 2023), our findings in- 546

dicate that training dynamics exhibit substantial 547

non-monotonic and phase-like structure. 548

We also extend the findings of Antonello and 549

Cheng (2024), who showed a positive correlation 550

between the dimensionality of LLM activations 551

in trained models and their alignment with brain 552

activity. Our results confirm that this correlation 553

remains robust during training, suggesting that the 554

observed phase transitions are tied to changes in 555

activation dimensionality. At the same time, these 556

metrics primarily capture large-scale transforma- 557

tions in representation space and do not by them- 558

selves pinpoint the underlying mechanisms. Relat- 559

ing them to both brain alignment and downstream 560

task behavior, as in this study, provides a more 561

integrated and nuanced picture of how these trans- 562

formations unfold. 563

In summary, we identify a triple phase tran- 564

sition during LLM training that jointly governs 565

brain alignment, internal task-related representa- 566

tions, and task performance. Brain–LLM align- 567

ment does not increase monotonically, but instead 568

follows an early surge, a subsequent decline, and 569

a later resurgence as downstream competence con- 570

solidates. Brain alignment, probing accuracy, and 571

intrinsic dimensionality all track a model’s posi- 572

tion along this trajectory, suggesting their use as 573

in-process diagnostics for adapting training sched- 574

ules and interventions. More broadly, using human 575

brain activity as a biologically grounded reference 576

reveals how internal representations and behavior 577

evolve together, pointing toward new strategies for 578

developing more interpretable and human-aligned 579

language models. 580
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Limitations581

In this study, we examined the learning dynamics582

of three LLMs and identified a three-stage phase583

transition. These models included the latest pub-584

licly available training checkpoints and revealed585

newly emergent behaviors. However, certain state-586

of-the-art LLMs with superior language capabili-587

ties remain closed-source, rendering them difficult588

to analyze. These state-of-the-art LLMs may po-589

tentially exhibiting additional phase transitions or590

significant shifts in linguistic acquisition following591

the dynamics we observed. Therefore, investigat-592

ing the learning processes of these models is crucial593

to advancing LLM safety and reliability.594

Our research further examined the learning dy-595

namics of LLMs across four different downstream596

tasks, all of which demonstrated similar patterns.597

Nonetheless, we have yet to cover every task nec-598

essary for an exhaustively evaluation of LLM per-599

formance. To more precisely capture the latent600

changes underlying the acquisition of language601

ability in LLMs more precisely, future work should602

include analyses on a broader spectrum of tasks.603

From neuroscience perspective, this study inter-604

preted the learning dynamics of LLMs by drawing605

comparisons with the adult brain. Meanwhile, it is606

also important to compare the learning trajectories607

of LLMs with those of human development. Thus,608

one particularly exciting direction for future work609

would involve comparing LLM trajectories with hu-610

man developmental data (Nakai et al., 2024), a step611

that may further illuminate these phase transitions612

and enhance model interpretability.613

In addition, the present results are based on614

a single fMRI dataset acquired during naturalis-615

tic video viewing, and thus the generalizability616

of our findings to other experimental paradigms617

and datasets remains to be established. Future618

work should therefore examine whether the ob-619

served phase-transition patterns are consistently620

reproduced across multiple datasets and task set-621

tings. At the same time, it is important to note622

a distinctive characteristic of the dataset used in623

this study, namely the availability of detailed Story624

annotations. Notably, compared with the object-625

level representations reported in Section C.1, the626

phenomena of the phase transition tended to be627

more prominent when analyses focused on story-628

level representations. This observation is consis-629

tent with prior studies reporting that story-based630

stimuli yield the strongest predictability of brain631

activity among various linguistic and perceptual 632

features (Nakagi et al., 2024). Taken together, these 633

considerations suggest that the evolutionary dynam- 634

ics of LLM–brain alignment may be particularly 635

tied to higher-order semantic and narrative process- 636

ing. Accordingly, datasets that emphasize such 637

high-level information processing, rather than low- 638

level sensory features alone, may be especially well 639

suited for investigating the dynamics of LLM–brain 640

interactions. 641
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A Related work1110

A.1 Training Dynamics in LLMs1111

There are many studies quantifying LLM learn-1112

ing dynamics using different evaluation metrics1113

and training stages. During pre-training, Kaplan1114

et al. (2020); Henighan et al. (2020) showed that1115

model loss follows predictable power-law relation-1116

ships with respect to compute, data, and model1117

size. In contrast, Wei et al. (2022a) has identified1118

“emergent abilities”, such as the onset of chain-of-1119

thought prompting beyond a certain scale. Subse-1120

quent work has examined how memorization Tiru-1121

mala et al. (2022) and perplexity Xia et al. (2023)1122

change as a function of model size and the number1123

of training steps. In addition, other studies have ap-1124

plied similar analyses to post-training stages (Ren1125

and Sutherland, 2025; Zhang et al., 2024). More1126

recently, Qi et al. (2025) investigated LLM learning1127

dynamics across the entire training pipeline, includ-1128

ing pre-training, continued pre-training, supervised1129

fine-tuning, and reinforcement learning.1130

To understand LLMs internally, mechanistic in-1131

terpretability seeks to unveil the internal compu-1132

tations learned by neural networks (Elhage et al.,1133

2021; Dai et al., 2022; Bereska and Gavves, 2024).1134

For example, Olsson et al. (2022) found “phase1135

changes” in Transformers, where induction heads1136

suddenly arise and enable extended contexts to1137

be handled through in-context learning. However,1138

prior studies have largely focused on transitions in1139

isolated perspectives, leaving it unclear how these1140

shifts, alongside other relevant aspects, interact.1141

A.2 Interpretability from neuroscience1142

insights1143

From a neuroscience perspective, related work has1144

compared the internal representations of DNNs1145

with human brain activity, demonstrating that the1146

hierarchical structure of high-performing DNNs1147

mirrors the hierarchical processing of the human1148

visual cortex (Yamins et al., 2014; Güçlü and van1149

Gerven, 2015). More recent efforts have employed1150

linear mappings from LLM internal representations1151

to brain activity to probe similarities in language1152

processing between LLMs and the human brain1153

(Jain and Huth, 2018; Schrimpf et al., 2021; Gold-1154

stein et al., 2022; Oota et al., 2022; Tuckute et al.,1155

2024a; Goldstein et al., 2024), as well as similar-1156

ities in vision–semantic processing (Doerig et al.,1157

2025; Rong et al., 2025). Notable examples in-1158

clude investigations of LLM–brain alignment as a1159

function of changes in model size and in the qual- 1160

ity and quantity of training data (Caucheteux and 1161

King, 2022; Aw and Toneva, 2023; Antonello et al., 1162

2023; Aw et al., 2024; Antonello and Huth, 2024; 1163

de Varda et al., 2025; Gao et al., 2025; AlKhamissi 1164

et al., 2025a,b), investigations of LLM–brain align- 1165

ment with respect to the provided input context 1166

(Caucheteux et al., 2023; Tuckute et al., 2024b), 1167

investigations of LLM–brain alignment with re- 1168

spect to functional substructures within models 1169

(Kumar et al., 2024), and investigations of layer- 1170

wise LLM–brain alignment (Caucheteux and King, 1171

2022; Antonello and Huth, 2024; Antonello and 1172

Cheng, 2024; Goldstein et al., 2025). In addition, 1173

brain activity tends to align more strongly with 1174

larger- and higher-performance models (Antonello 1175

et al., 2023), whereas the layers or representations 1176

with the highest next-word prediction accuracy do 1177

not necessarily yield the strongest brain alignment; 1178

indeed, layers or representations with moderately 1179

lower predictive performance can align better with 1180

the brain (Caucheteux and King, 2022; Antonello 1181

et al., 2023; Antonello and Huth, 2024; Antonello 1182

and Cheng, 2024). However, because most of these 1183

studies analyze fully trained models, the dynamics 1184

of LLM–brain alignment over the course of train- 1185

ing remain largely unexplored. In this work, we 1186

directly address this gap by systematically prob- 1187

ing how brain alignment evolves throughout LLM 1188

training. 1189

B Additional methods 1190

B.1 Large language models 1191

We used the allenai/OLMo-2-1124-7B, 1192

allenai/OLMo-7B-0724-hf, llm-jp/llm-jp-3- 1193

7.2b, and LLM360/Amber models available on 1194

Hugging Face for OLMo-2, OLMo-0724, LLM-jp, 1195

and Amber. All checkpoints of LLM-jp will be 1196

made publicly available, although it has only 1197

released its final checkpoint. Tables 1 and 2 present 1198

an overview of the LLMs and detailed information 1199

on their respective training checkpoints used in 1200

this study. We used 28 checkpoints for OLMo-2 1201

(1B-3,896B training tokens), 23 for OLMo-0724 1202

(4B–2,724B), 27 for LLM-jp (4.2M–1,258B), and 1203

18 for Amber (3.5B–1,259B). In selecting these 1204

checkpoints, we took particular care to ensure 1205

that the number of training tokens was as closely 1206

aligned as possible across the four LLMs. 1207

The architectural variations among the LLMs 1208

used in this study encompass layer normalization, 1209
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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

OLMo-2
150, 600, 900, 2K, 3K, 4K, 5K, 10K, 15K, 20K, 25K, 35K, 45K, 55K,
65K, 72K, 150K, 230K, 300K, 370K, 441K, 513K, 584K, 656K, 727K,
799K, 870K, 928.646K (Training step)

OLMo-0724
1K, 2K, 2.5K, 3.5K, 4.5K, 5K, 10K, 15K, 20.5K, 25.5K, 35.5K, 45.5K,
55.5K, 65K, 72K, 149.5K, 230K, 300K, 370K, 442K, 514K, 585K,
649.65K (Training step)

LLM-jp
1, 2, 4, 8, 20, 30, 60, 100, 300, 500, 1K, 2K, 3K, 4K, 5K, 10K, 15K, 20K,
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, and1210

attention mechanisms. All models are derived from1211

a decoder-only Transformer (Vaswani et al., 2017)1212

architecture, albeit with several critical modifica-1213

tions:1214

1. LLM-jp is built upon Llama 2 (Touvron1215

et al., 2023b), whereas Amber is derived from1216

LLaMA (Touvron et al., 2023a).1217

2. In OLMo-0724, LLM-jp, and Amber, layer1218

normalization is applied before the self-1219

attention and MLP sublayers; in OLMo-2,1220

layer normalization is applied after these sub-1221

layers.1222

3. Regarding activation normalization, OLMo-2,1223

LLM-jp, and Amber use RMSNorm, whereas1224

OLMo-0724 adopts a nonparametric norm.1225

4. In all models, the output of the self-attention1226

mechanism is added to the residual stream1227

preceding the MLP.1228

5. In all models, the ReLU activation function is1229

replaced by the SwiGLU activation function1230

(Shazeer, 2020).1231

6. All models substitute absolute positional em- 1232

beddings with rotary positional embeddings 1233

(Su et al., 2023). 1234

7. To simplify the self-attention computations, 1235

LLM-jp uses grouped query attention (Ainslie 1236

et al., 2023). 1237

8. For enhanced training stability, OLMo-2 and 1238

OLMo-0724 both use QKV Clipping. 1239

9. Finally, to prevent excessively large attention 1240

logits—and consequently prevent the training 1241

loss from diverging—OLMo-2 normalizes the 1242

Key and Query projections via RMSNorm be- 1243

fore computing the attention. 1244

B.2 fMRI datasets 1245

MRI data were acquired using a 3T MAGNE- 1246

TOM Vida scanner (Siemens, Germany) with a 1247

standard Siemens 64-channel volume coil. Func- 1248

tional brain images based on the blood oxygena- 1249

tion level-dependent (BOLD) signal were collected 1250

via a multiband gradient echo-planar imaging se- 1251

quence (Moeller et al., 2010) (TR = 1,000 ms, TE 1252

= 30 ms, flip angle = 60◦, voxel size = 2 × 2 × 2 1253

mm3, matrix size = 96 × 96, 72 slices with a thick- 1254

ness of 2 mm, slice gap 0 mm, FOV = 192 × 192 1255
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mm2, bandwidth 1736 Hz/pixel, partial Fourier 6/8,1256

multiband acceleration factor 6). Anatomical data1257

were acquired using the same 3T scanner using1258

T1-weighted MPRAGE (TR = 2530 ms, TE = 3.261259

ms, flip angle = 9◦, voxel size = 1 × 1 × 1 mm3,1260

FOV = 256 × 256 mm2). The preprocessing of the1261

fMRI data included motion correction, coregistra-1262

tion, and detrending. All participants are right-1263

handed, native Japanese speakers and provided1264

written informed consent for this study, which was1265

conducted under the approval of the relevant ethics1266

and safety committee.1267

This dataset comprises nine videos of movies or1268

drama series as experimental stimuli (ten episodes1269

in total). The videos span a diverse range of gen-1270

res: eight international movies or dramas and one1271

Japanese animation. The average duration across1272

the ten episodes is 49.98 min (minimum 21 min,1273

maximum 125 min). Each episode is segmented1274

into 2-9 parts, each lasting approximately 10 min.1275

These segments were administered as fMRI stim-1276

uli.1277

This dataset provides three types of natural lan-1278

guage annotations describing the stimulus videos:1279

Objective Information, Speech Transcription, and1280

Narrative Content (Story). Each type of annota-1281

tion captures distinct semantic content relevant to1282

narrative comprehension. We used the Narrative1283

Content (Story) annotation for the main analysis1284

and the Objective Information annotation for the1285

additional analysis. All annotations were originally1286

described in Japanese. They were translated into1287

English and back-translated into Japanese using1288

DeepL.1289

B.3 Brain encoding models1290

The dataset used in this study comprises nine1291

movies or dramas, and therefore the regulariza-1292

tion parameters were tuned during training, using1293

sessions from two or three movies or dramas as1294

validation data and the remaining sessions as train-1295

ing data. This procedure was iterated for cross-1296

validation. For the evaluation, we computed the1297

Pearson’s correlation coefficients between the pre-1298

dicted and measured fMRI signals. Statistical sig-1299

nificance was assessed using a blockwise permu-1300

tation test. Specifically, to generate a null distri-1301

bution, we shuffled the voxel’s measured response1302

time course before calculating the Pearson’s corre-1303

lation between the predicted response time course1304

and the permuted response time course. During1305

this process, we shuffled the measured response1306

time course in blocks of 10 TRs to preserve the 1307

temporal correlation between slices. We identified 1308

voxels having scores significantly higher than those 1309

expected by chance in the null distribution. 1310

B.4 Downstream datasets 1311

MMLU assesses broad knowledge and problem- 1312

solving abilities using multidisciplinary coverage 1313

of 57 subjects, CSQA tests everyday conceptual 1314

commonsense reasoning, ARC probes elementary- 1315

level scientific knowledge, and HellaSwag assesses 1316

contextual commonsense reasoning in typical sce- 1317

narios. For MMLU, we use the original En- 1318

glish dataset from Hendrycks et al. (2020) and its 1319

Japanese translation from OpenAI (2024). For ad- 1320

ditional analysis, we use the Chinese translation 1321

from OpenAI (2024). Each of these datasets (En- 1322

glish/Japanese/Chinese) comprises 13,571 samples. 1323

For CSQA, we use the original English dataset 1324

from Talmor et al. (2019) and the Japanese dataset 1325

from Kurihara et al. (2022), which contain 10,957 1326

and 8,934 samples, respectively. For ARC (both the 1327

ARC-Challenge and ARC-Easy subsets), we use 1328

the original English dataset from Clark et al. (2018) 1329

and its Japanese translation, resulting in 7,778 sam- 1330

ples for both the English and Japanese versions. 1331

For HellaSwag, we use the original English dataset 1332

from Zellers et al. (2019) and its Japanese transla- 1333

tion, resulting in 9,658 samples for both the English 1334

and Japanese versions. We use the OpenAI API 1335

(GPT 4o-mini) for translation. 1336

In the probing analysis, each dataset is split into 1337

training and test datasets at a 4:1 ratio. Because 1338

MMLU comprises multiple subject areas, we split 1339

the dataset by subject. Furthermore, during the op- 1340

timization of regularization parameters described 1341

in Section ??, to mitigate the subject-based bias of 1342

MMLU, we shuffle the training indices, and then 1343

perform cross-validation to ensure balanced distri- 1344

butions in each fold. 1345

B.5 Code availability 1346

All encoding (Section 2.2) and probing (Section 1347

2.3.2) analyses were conducted using the himalaya 1348

library2 (Dupré la Tour et al., 2022) and the 1349

drama2brain library3 (Nakagi et al., 2024). To 1350

extract latent representations from the MLP lay- 1351

ers of OLMo-2, we modified the code from the 1352

Transformers library4 (Wolf et al., 2020). To ex- 1353

2https://github.com/gallantlab/himalaya
3https://github.com/yu-takagi/drama2brain
4https://github.com/huggingface/transformers
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tract latent representations from the MLP layers1354

of OLMo-0724, LLM-jp, and Amber, we modi-1355

fied the code from the TransformerLens library51356

(Nanda and Bloom, 2022). We also use the llm-jp-1357

eval library6 for benchmark analysis. We will make1358

our source code and training data for the encoding,1359

probing and benchmark analyses publicly available1360

on acceptance.1361

B.6 Intrinsic dimensions1362

We used GRIDE (Denti et al., 2022) to compute the1363

IDs. GRIDE extends the TwoNN estimator (Facco1364

et al., 2017) to general scales.1365

Estimation procedure using GRIDE GRIDE1366

employs the following ratio as its fundamental com-1367

ponent:1368

µi,2k,k =
ri,2k
ri,k

1369

where ri,j denotes the Euclidean distance between1370

point i and its j-th nearest neighbor. Under the as-1371

sumption of a locally uniform density distribution,1372

these ratios µi,2k,k are shown to follow a general-1373

ized Pareto distribution:1374

fµi,2k,k
(µ) =

d
(
µ d−1

)k−1

B(k, k)µ d(2k−1)+1
1375

where B(·, ·) is the beta function. Furthermore, as-1376

suming independence among the ratios µi,2k,k from1377

different points, the likelihood of this distribution1378

can be numerically maximized to obtain the ID. In1379

this study, for each model checkpoint, we selected1380

the value of k at which the mean ID across layers1381

stabilized at its maximum, thereby determining the1382

estimated IDs.1383

B.7 Determining the layers of interest1384

In interpreting the learning dynamics of LLMs1385

from three distinct perspectives, we determined1386

which layers merited attention based on (1) each1387

layer’s encoding accuracy, (2) each layer’s probing1388

accuracy, and (3) each layer’s benchmark accuracy.1389

We obtained the encoding accuracy and the prob-1390

ing accuracy according to the methods described in1391

Sections 2.2 and 2.3.2, respectively. We computed1392

each layer’s benchmark accuracy using Logit Lens1393

(Nostalgebraist, 2020).1394

5https://github.com/TransformerLensOrg/
TransformerLens

6https://github.com/llm-jp/llm-jp-eval

Logit lens In the output layer of an LLM, an un- 1395

embedding matrix is employed to convert vectors 1396

into tokens by projecting the hidden-layer vectors 1397

within the model onto the vocabulary dimension. A 1398

softmax function (or similar) is then applied to com- 1399

pute probabilities and generate the output tokens. 1400

This process is referred to as “unembedding”. 1401

The hidden-layer vectors within the model have 1402

the same dimensionality as the vectors in the out- 1403

put layer, and therefore the unembedding proce- 1404

dure can be applied to the hidden-layer vectors, 1405

thereby gaining insight into the intermediate pro- 1406

cesses. Logit Lens is a tool specifically devised for 1407

this purpose. 1408

Measuring benchmark accuracy by layer Us- 1409

ing Logit Lens, we extracted the probability dis- 1410

tribution over the final token predicted from each 1411

intermediate layer, and designated the token as- 1412

signed the highest probability as that layer’s output. 1413

We then computed the proportion of correctly an- 1414

swered questions by dividing the number of correct 1415

answers by the total number of questions, analo- 1416

gous to the procedure described in Section 2.3.3. 1417

This proportion was treated as the benchmark ac- 1418

curacy for that layer. 1419

In Section C.5, we presented the layer-wise ac- 1420

curacy of OLMo-2, OLMo-0724, and LLM-jp with 1421

respect to the three metrics at each training check- 1422

point, thereby determining which layers were to be 1423

examined in greater detail. 1424

B.8 Examples of 5-shot prompts 1425

Figures A.1, A.2, A.3, and A.4 show examples of 1426

the English and Japanese 5-shot prompts used for 1427

each downstream task described in Section 2.3.1. 1428
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Figure A.1: Example of MMLU (English and Japanese) prompt.
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Figure A.2: Example of CSQA (English and Japanese) prompt.

Figure A.3: Example of ARC (English and Japanese) prompt.

19



Figure A.4: Example of HellaSwag (English and Japanese) prompt.
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C Additional results1429

C.1 Triple phase transitions in LLMs1430

Here, we present supplementary results correspond-1431

ing to Section 3.1. Figures B.3, B.4, B.5, B.6,1432

B.7, and B.8 illustrate outcomes for all partic-1433

ipants and main LLMs (OLMo-2, OLMo-0724,1434

LLM-jp) when using layers adjacent to those of1435

Figure 3. We demonstrate that comparable en-1436

coding results can be obtained using these layers.1437

Figure B.9 displays the outcomes of DM06 and1438

the main LLMs (OLMo-2, OLMo-0724, LLM-jp)1439

on different downstream tasks (CSQA, ARC, Hel-1440

laSwag) to those of Figure 3, showing that similar1441

benchmark and probing results are achieved for1442

these alternate tasks. Figure B.10 presents the re-1443

sults obtained using Amber, a different LLM from1444

those employed for Figure 3. We confirm a phase1445

transition in encoding accuracy around layer 22;1446

however, downstream task performance by Amber1447

only extends to instruction-following, and thus the1448

increase in probing accuracy observed in Phase 3 is1449

slightly attenuated. Figure B.11 reports the results1450

obtained when the LLMs are given input in Chi-1451

nese, a different language to that used for Figure 3.1452

This figure indicates that the phase transition is not1453

observed in a language on which the model has not1454

been trained. Finally, Figure B.12 presents the re-1455

sults of using the Object annotation, which differs1456

from that used for Figure 3. Here, we confirm a1457

weaker tendency of phase transition than that ob-1458

served with the Story annotation, suggesting that1459

the phase transition we identified tends to emerge1460

in longer and more complex contexts.1461

C.2 Neural functional structure associated1462

with phase transitions1463

In this section, we present supplementary findings1464

related to Figure 4 in Section 3.2.1. Because the1465

goal of this analysis is to quantitatively characterize1466

the neural functional structure associated with the1467

observed phase transitions, in this section we forcus1468

on results for each model in its training language.1469

Figures B.13 and B.15 correspond to Figures 4a1470

and 4c for the main LLMs (OLMo-2, OLMo-0724,1471

LLM-jp). Figure B.14 correspond to Figure 4b for1472

all participants and the main LLMs. The results1473

confirm that, across all participants and all models,1474

we obtain patterns comparable to those shown in1475

Figure 4.1476

C.3 Evolution of LLM internal 1477

representations for downstream tasks 1478

In this section, we present supplementary findings 1479

related to Section 3.2.2. Figures B.16, B.17, and 1480

B.18 correspond to Figure 5a for the main LLMs 1481

(OLMo-2, OLMo-0724, LLM-jp) and all down- 1482

stream tasks (MMLU, CSQA, ARC, HellaSwag). 1483

The results confirm that when the learned language 1484

is fed into the LLM, its neurons progressively ac- 1485

quired robust representations pertinent to each task. 1486

Figure B.19 corresponds to Figure 5b for OLMo- 1487

2/OLMo-0724 and all downstream tasks. We ob- 1488

serve a similar tendency in both LLMs. Addition- 1489

ally, we examine the relationships between Hel- 1490

laSwag and the other three tasks, observing neu- 1491

rons that specialize in both tasks as well as neurons 1492

dedicated to a single task. 1493

Summarizing these findings alongside our pri- 1494

mary results (Section 3.2.2), the neuron-wise prob- 1495

ing accuracy for MMLU and ARC exhibits a re- 1496

markably high correlation, followed by a moder- 1497

ately positive correlation between HellaSwag and 1498

those two tasks (MMLU and ARC). By contrast, 1499

CSQA displays no correlation with any of the tasks. 1500

These observations suggest that the way each neu- 1501

ron in an LLM acquires its representations varies 1502

according to the nature of the task (e.g., required 1503

capabilities and answer formats). 1504

C.4 Changes in the nature of activations 1505

Figure B.20 shows additional results corresponding 1506

to those in Figure 6 produced by the other LLMs 1507

(OLMo-0724, LLM-jp) when provided with the 1508

learned language data. When the number of train- 1509

ing tokens exceeds 109, the changes in IDs through- 1510

out the training processes of the other LLMs exhibit 1511

a high correlation with variations in encoding ac- 1512

curacy, although some exhibited distinct patterns. 1513

By contrast, when the number of training tokens is 1514

less than 109 (which is not possible for OLMo-2 1515

or OLMo-0724), there is a precipitous drop from 1516

initially very high ID values in the activations of 1517

LLM-jp. 1518

C.5 Layers of interest 1519

Figures B.21, B.22, and B.23 show the layer-wise 1520

encoding, probing, and benchmark accuracies of 1521

OLMo-2, OLMo-0724, and LLM-jp at each train- 1522

ing checkpoint, thereby determining which layers 1523

to examine in greater detail. 1524

We can observe the phase transition in encod- 1525

21



ing accuracy (particularly the transition from Phase1526

1 to Phase 2) in layers 20–28 of OLMo-2, layers1527

30–32 of OLMo-0724, and layers 15–28 of LLM-1528

jp. We can further identify the phase transition in1529

probing accuracy (specifically the transition from1530

Phase 2 to Phase 3) in layers 19–32 of OLMo-2,1531

layers 25–32 of OLMo-0724, and layers 19–32 of1532

LLM-jp. Finally, we can detect the phase transition1533

in benchmark accuracy in layers 22–32 of OLMo-1534

2, layers 28–32 of OLMo-0724, and layers 20–321535

of LLM-jp. In this study, we focused on layers in1536

which all three of these transitions emerge. Con-1537

sequently, we confirmed this tendency in the later1538

layers, namely in layers 22–28 for OLMo-2, lay-1539

ers 30–32 for OLMo-0724, and layers 20–28 for1540

LLM-jp. Moreover, because OLMo-2 and LLM-jp1541

exhibited the three transitions most prominently1542

at layer 25, and the transitions were most promi-1543

nent for OLMo-0724 at layer 30, we present the1544

principal analytical results for these layers.1545
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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.

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.
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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 (DM06) 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.

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.

Figure B.14: Results for all participants and all models regarding PC1 and PC2 scores at the final checkpoint.

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
English MMLU, CSQA, ARC, and HellaSwag.
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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.
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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


