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Abstract001

In recent years, the rapid advancement of002
large language models (LLMs) in natural lan-003
guage processing has sparked significant in-004
terest among researchers to understand their005
mechanisms and functional characteristics. Al-006
though prior studies have attempted to explain007
LLM functionalities by identifying and inter-008
preting specific neurons, these efforts mostly fo-009
cus on individual neuron contributions, neglect-010
ing the fact that human brain functions are real-011
ized through intricate interaction networks. In-012
spired by research on functional brain networks013
(FBNs) in the field of neuroscience, we uti-014
lize similar methodologies estabilished in FBN015
analysis to explore the "functional networks"016
within LLMs in this study. Experimental re-017
sults highlight that, much like the human brain,018
LLMs exhibit certain functional networks that019
recur frequently during their operation. Further020
investigation reveals that these functional net-021
works are indispensable for LLM performance.022
Inhibiting key functional networks severely im-023
pairs the model’s capabilities. Conversely, am-024
plifying the activity of neurons within these025
networks can enhance either the model’s over-026
all performance or its performance on specific027
tasks. This suggests that these functional net-028
works are strongly associated with either spe-029
cific tasks or the overall performance of the030
LLM. Our study provides novel insights into031
the interpretation of LLMs.032

1 Introduction033

In recent years, large language models (LLMs)034

have become a focal point of research in the field of035

artificial intelligence (AI) due to their remarkable036

capabilities in natural language processing (Zhao037

et al., 2024a, 2023; Liu et al., 2023b; Wang et al.,038

2024; Liu et al., 2025). However, these models039

are often considered "black boxes", with insuffi-040

cient understanding of their internal mechanisms.041

Establishing methods to explain and understand042

LLMs is essential both for improving model trans- 043

parency and trustworthiness and for establishing a 044

foundation to develop more efficient and reliable 045

AI systems. 046

One research direction on the mechanistic inter- 047

pretability of LLMs focuses on the functional role 048

of individual neurons (Yu and Ananiadou, 2024a; 049

Dai et al., 2022; Yu and Ananiadou, 2024b; Niu 050

et al., 2024; Chen et al., 2024). Prior studies have 051

shown the specific functional roles of LLM neu- 052

rons (AlKhamissi et al., 2024; Wang et al., 2022). 053

For example, some neurons may specialize in pro- 054

cessing linguistic structures, while others might be 055

responsible for reasoning tasks (Huo et al., 2024; 056

Zhao et al., 2024b). Removal of certain neurons 057

leads to a significant degradation in model perfor- 058

mance. In addition, by manipulating certain neu- 059

rons (for example, amplifying their output signals 060

(Song et al., 2024; Duan et al., 2025)), it is possi- 061

ble to enhance an LLM’s performance on specific 062

tasks. This suggests that some neurons are strongly 063

associated with particular tasks. 064

Methods for identifying key neurons within 065

LLM can be categorized into several categories. 066

These include analyzing the gradients of neurons 067

to evaluate their impact on model predictions (Sun- 068

dararajan et al., 2017; Lundstrom et al., 2022), em- 069

ploying causal tracing techniques to uncover the 070

causal relationships that influence model behavior 071

(Nikankin et al., 2024), and conducting statistical 072

analyzes of activated neurons to measure their infor- 073

mation content and variability (AlKhamissi et al., 074

2024; Song et al., 2024; Tang et al., 2024). These 075

approaches provide valuable tools for understand- 076

ing and explaining LLMs, offering deeper insight 077

into their inner mechanisms. 078

However, the function of an individual neuron in 079

human brain is much more complex than it might 080

initially seem. Neurons in human brain often form 081

functional networks through their interactions and 082

connectivity, collaboratively working to perform 083

1



higher-level cognitive tasks (Smith et al., 2009;084

Bullmore and Sporns, 2009). The role of a neu-085

ron therefore extends beyond its individual activa-086

tion patterns and is shaped by its cooperation with087

other neurons within these networks (Bullmore and088

Sporns, 2009; Liu et al., 2024b,a). In this context,089

current key neuron identification studies largely090

overlook the functional network perspective and091

fail to consider the coordinated roles of neurons.092

As a result, these limitations have hindered a deeper093

understanding of neuronal function, neglecting the094

insights offered by neuroscience research on func-095

tional brain networks (FBNs) (Hassabis et al., 2017;096

Vilas et al.).097

In this study, we draw inspiration from neuro-098

science to investigate whether LLMs contain func-099

tional networks similar to those found in the hu-100

man brain. By recognizing the similarities between101

functional magnetic resonance imaging (fMRI)102

(Matthews and Jezzard, 2004; Logothetis, 2008)103

signals and the output signals of neurons in LLM,104

we hypothesize that the techniques used in fMRI105

analysis could be adapted to analyze LLM neurons.106

Specifically, we treat the neuron outputs from the107

multilayer perception (MLP) layers of LLMs as108

analogous to fMRI signals and applied Indepen-109

dent Component Analysis (ICA) (Hyvärinen and110

Oja, 2000; Beckmann et al., 2005; Varoquaux et al.,111

2010b) to decompose these neuron outputs into112

multiple functional networks.113

Our experiments on extensive datasets confirmed114

the existence of functional networks within LLMs,115

conceptually mimicking deriving FBNs from fMRI116

data (Mensch et al., 2016; Varoquaux et al., 2010a;117

Liu et al., 2023a; He et al., 2023; Ge et al., 2020;118

Lv et al., 2015). Some functional networks ex-119

hibit highly consistent spatial organization across120

diverse inputs and play a critical role in model121

functionality. Inhibition of specific key networks122

(typically comprising fewer than 2% of the model’s123

neurons) significantly degrades performance, while124

amplifying these critical networks can improve the125

performance of the model in a specific task or over-126

all.127

Our contributions are summarized as follows:128

1. Inspired by functional brain network analysis129

in neuroscience, we have introduced an analytical130

framework based on Independent Component Anal-131

ysis (ICA) to explore "functional networks" within132

LLMs. This approach moves beyond treating ac-133

tivations as undifferentiated representations and134

instead reveals structured, distributed subnetworks135

that consistently co-activate across inputs. 136

2. We have demonstrated that LLMs exhibit 137

functional networks, which share a notable similar- 138

ity with the human brain in that both demonstrate 139

stable functional patterns. 140

3. We have demonstrated that neurons within 141

these functional networks are strongly associated 142

with specific tasks and are essential to maintain the 143

functionality of LLMs. 144

2 Preliminaries 145

Transformer, MLP layer: LLMs utilized in this 146

study are based on the transformer architecture 147

(Vaswani, 2017), specifically employing a decoder- 148

only configuration (Radford et al., 2018, 2019; 149

Brown et al., 2020; Yang et al., 2024b; GLM et al., 150

2024). In this configuration, each transformer de- 151

coder consists of two primary components: a multi- 152

head self-attention module and an MLP module. 153

Typically, an MLP module consists of two fully 154

connected layers. The first layer increases the di- 155

mensionality, often to four times the original dimen- 156

sion, followed by a non-linear activation function. 157

The second layer then reduces the dimensionality 158

back to its original size. In our study, we focus 159

on the neurons located in the final MLP layer of 160

each decoder module within the model. Given an 161

input vector x ∈ Rdmodel , the MLP module can be 162

represented as follows: 163

MLP(x) = W2 · σ(W1 · x+ b1) + b2 (1) 164

W is the weight matrix of the linear transfor- 165

mation, b is the bias vector of the linear transfor- 166

mation, σ is a non-linear activation function. The 167

neuron outputs used in this paper are the outputs 168

of the MLP(x). The output of neurons in the MLP 169

layer is also the output of the last component of 170

the Transformer block, which can better reflect the 171

information processing results of the entire module, 172

possessing stronger integrity and representative- 173

ness. 174

Functional Brain Networks, FBNs: FBNs 175

refer to collections of brain regions that are co- 176

activated during specific tasks or while at rest 177

(Dong et al., 2020). FMRI is a non-invasive tech- 178

nique used to measure Blood-Oxygen Level De- 179

pendent (BOLD) signals, which reflect neuronal 180

activity indirectly (Matthews and Jezzard, 2004; 181

Logothetis, 2008). The intensity of voxel values in 182

fMRI signals indirectly reflects neuronal activity 183
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Figure 1: The framework of brain inspired exploration of functional networks within LLMs. (a) Identifying
functional brain networks from whole-brain fMRI signals via ICA. (b) Identifying functional networks from
responses of artificial neurons within LLMs.

by capturing variations in local blood oxygen levels184

due to neural metabolism. Neuroscientific research185

hypothesizes that the observed BOLD signals in186

fMRI signals are likely the result of multiple in-187

dependent functional networks working together.188

Essentially, these BOLD signals can be considered189

as linear combinations of several source signals,190

each representing a distinct functional network.191

Independent Component Analysis, ICA: ICA192

is a powerful data-driven technique used to extract193

source signals that are as statistically independent194

as possible from a mixed signal. In the field of195

neuroscience, ICA is widely applied to fMRI data196

to uncover underlying FBNs (Hyvärinen and Oja,197

2000). It disentangles mixed fMRI signals into sev-198

eral independent components, where each compo-199

nent represents a distinct functional network (Varo-200

quaux et al., 2010b). Each extracted independent201

component is associated with a spatial map that202

illustrates which brain regions contribute to that203

component. These regions typically display syn-204

chronized activities, indicating their coordinated205

involvement in specific neural processes.206

The objective of ICA is to recover the source207

signals S from the observed signals X. Suppose208

that we have n observed signals [x1,x2, . . . ,xn], 209

which are linear mixtures of m independent source 210

signals [s1, s2, . . . , sm]. The relationship between 211

the observed signals X and the source signals S 212

can be expressed as: 213

X = AS (2) 214

where A is the mixing matrix that describes how 215

the source signals are combined to produce the 216

observed signals. Each row of the linear mixing 217

matrix represents the spatial pattern of the corre- 218

sponding functional network. In this study, the 219

functional networks derived from LLMs neuron 220

signals refer to the rows of the linear mixing matrix 221

A, which indicate the set of neurons that are con- 222

sistently co-activated under different conditions. 223

3 Method 224

3.1 Datasets and Models 225

Five pre-trained LLM models, including GPT2 226

(Radford et al., 2019), Qwen2.5-3B-Instruct (Yang 227

et al., 2024a), Qwen2.5-7B-Instruct (Yang et al., 228

2024a), ChatGLM3-6B-base (GLM et al., 2024) 229

were used to validate the proposed method. The 230
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consistency and variations of the functional net-231

works within these LLM models when processing232

various external stimuli were assessed by exposing233

them to text samples from each of four datasets, in-234

cluding the AGNEWS dataset (Zhang et al., 2015),235

encyclopedia entries from Wikitext2 (Merity et al.,236

2016), mathematical texts from MathQA (Amini237

et al., 2019), and code snippets from the CodeNet238

dataset (Puri et al., 2021). In addition, some239

benchmark datasets including SQUAD (Rajpurkar240

et al., 2016), GLUE (Wang, 2018), and AGNEWS241

(Zhang et al., 2015) were used to test the perfor-242

mance of the LLM models after editing the key243

functional networks identified in LLMs.244

3.2 Artificial Neurons and Neuron Signals245

within LLMs246

There is a certain similarity between fMRI signals247

and the neuron signals in LLMs. fMRI signals re-248

flect the activity of biological neurons in the brain249

when subjected to external stimuli or under resting250

state, while the neuron signals of artificial neurons251

in LLMs represent the internal state changes of252

the model as it processes input information. Both253

fMRI signals and the neuron signals in LLMs ex-254

hibit temporal characteristics. In fMRI, different255

stimuli trigger activity changes in different regions256

of the brain at different time points. Similarly, in257

LLMs, different inputs causes variations in neu-258

ron output at different time steps. This temporal259

characteristic allows us to analyze these signals dy-260

namically, looking for coordinated activities and261

regularities within them.262

To extract functional networks from LLMs, the263

first step is to define artificial neurons (ANs) in264

LLMs, analogous to voxels in fMRI data. In this265

study, we utilize the neurons in the last layer of the266

MLP module in each Transformer blocks (Fig. 1).267

Afterwards, the neuron signal of an AN, analogous268

to the fMRI signal of a voxel, is collected as the269

responses of the AN subjected to text inputs.270

3.3 Identifying Functional Networks within271

LLMs via ICA272

Both fMRI signals and neuron signals in LLMs273

can be viewed as mixtures of multiple indepen-274

dent components. In the brain, different neural275

activity patterns combine to form complex fMRI276

signals. In LLMs, interactions among different277

functional modules result in the output signals be-278

ing a superposition of multiple independent compo-279

nents. ICA is specifically designed for such signal-280

mixing scenarios and can effectively separate these 281

independent components. In fMRI analysis, the 282

independent components separated by ICA corre- 283

spond to different functional networks in the brain 284

(Fig. 1(a)), such as the visual network or auditory 285

network. Likewise, in LLMs, the independent com- 286

ponents separated by ICA may correspond to differ- 287

ent functional modules within the model (Fig. 1(b)). 288

Therefore, ICA can help reveal the functional orga- 289

nization inside LLMs. 290

3.4 Validation and Evaluation 291

3.4.1 Consistency of Functional Networks 292

within LLMs 293

Identifying FBNs in fMRI data typically involves 294

performing ICA on individual-level and group- 295

level. In individual level analysis, ICA is ap- 296

plied to single-subject fMRI data. In contrast, in 297

group level analysis, ICA is performed on data 298

from multiple subjects to derive common brain net- 299

works shared by multiple subjects. Individual-level 300

ICA captures subject-specific functional networks 301

that are either spontaneous or task-evoked, offer- 302

ing high individuality but suffering from unstable 303

component number and interpretation across sub- 304

jects. Group-level ICA, in contrast, identifies repro- 305

ducible, shared functional networks across subjects, 306

providing greater stability and comparability. We 307

use group-level ICA to extract stable, interpretable, 308

and comparable functional network templates. 309

Following the similar strategy, we randomly se- 310

lected 100 samples from each dataset, analogous 311

to select 100 subjects in group-level fMRI analysis. 312

We then randomly selected another 100 samples 313

from the same dataset for individual-level analysis. 314

By comparing functional networks derived from 315

individual-level and group-level ICA, we investi- 316

gate whether similarly stable "functional networks" 317

also exist in LLMs. 318

The functional networks derived from the group- 319

level ICA analysis can be considered as templates 320

representing a set of common functional networks. 321

We then assessed the spatial similarity between 322

these templates and the functional networks derived 323

from the individual-level analysis to evaluate the 324

consistency and variations of functional networks 325

in LLMs. Here, we adopted intersection over union 326

(IoU), , which is commonly used in neuroscience 327

studies, as a metric to measure the spatial similarity 328

between two functional networks N (1) and N (2). 329

The IoU is defined as follows: 330
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IoU(N (1), N (2)) =

∑n
i=1 |N

(1)
i ∩N

(2)
i |∑n

i=1 |N
(1)
i ∪N

(2)
i |

(3)331

where n represents the number of neurons in the332

corresponding functional network. It is worth not-333

ing that, similar to comparing functional networks334

in neuroscience, calculating spatial similarities be-335

tween functional networks in LLMs also requires336

applying a threshold to the mixing matrix A to fil-337

ter out neurons with lower activation values. We338

set the threshold as 3.6, a value commonly used in339

functional brain network analysis.340

According to our experimental findings and ex-341

perience in functional brain network analysis, two342

networks appear reasonably similar when the IoU343

between them exceeds 0.2. Consequently, such net-344

works are usually classified into the same category345

of functional networks. In this study, a template of346

LLM functional network extracted in group level347

analysis is considered consistent if its counterpart348

(IoU greater than 0.2) in individual level analysis349

can be reliably identified, representing a consistent350

functional network within an LLM.351

3.4.2 Functional Networks Editing352

We conducted functional network editing experi-353

ments to investigate how targeted manipulation of354

neurons influences model behavior. Specifically,355

we first identified functional networks using ICA,356

then directly edited the corresponding neurons dur-357

ing inference, either by inhibiting them (setting358

their activations to zero) or amplifying them (scal-359

ing up their outputs). First, we edit these functional360

networks and applied on the same task and dataset361

to assess their task-specific role. Second, we ap-362

plied the same neuron edits across different tasks363

and datasets to evaluate whether these functional364

networks support general, cross-task capabilities.365

4 Results366

4.1 Consistent Functional Networks within367

LLMs368

In the experiment, we derived 10 functional net-369

work templates in group-level analysis and 64 func-370

tional networks in each of the 100 individual-level371

analysis. For each group level template, we counted372

the number of its counterparts (see 3.4 for details)373

in all 100 individual-level analysis, as summarized374

in Tables 1, 6, 7, 8 for GPT-2, Qwen2.5-3B-375

Instruct, Qwen2.5-7B-Instruct and ChatGLM3-6B-376

Table 1: The number of the counterparts in 100
individual-level analysis for the functional network tem-
plates in group-level analysis in GPT-2.

TEMPLATES NEWS WIKI MATH CODE

1 139 1848 219 1151
2 236 1830 165 1198
3 243 47 5 59
4 316 1722 116 1230
5 307 1301 74 1209
6 416 120 54 1352
7 16 1080 88 1473
8 107 529 114 959
9 92 37 125 915

10 330 450 190 975

base, respectively (We include the Qwen and GLM 377

results in the appendix.). 378

We observed that, across all tested LLMs, most 379

group-level functional network templates have cor- 380

responding counterparts in individual-level anal- 381

ysis. Given that 100 individual models were an- 382

alyzed, each with 64 functional networks (total- 383

ing 6,400 per dataset), the widespread presence of 384

group-level templates in individual analyses indi- 385

cates strong reproducibility. In GPT-2 (Table 1), 386

match counts are exceptionally high—some tem- 387

plates appear thousands of times (e.g., Template 388

7 in Code: 1,473 matches). This reflects both the 389

robustness of the group-level templates and the 390

relative functional simplicity of smaller models, 391

where fewer, more dominant networks emerge con- 392

sistently across individuals. 393

In contrast, for larger models like Qwen2.5-3B- 394

Instruct (Table 6), Qwen2.5-7B-Instruct (Table 7), 395

and GLM (Tables 8), the number of matches per 396

template is generally lower, but this is not due to in- 397

stability. Instead, as model scale increases, the total 398

number of distinct functional networks grows, lead- 399

ing to greater functional diversity and specializa- 400

tion. Consequently, individual networks are more 401

distributed across a larger repertoire, diluting the 402

frequency of any single template. Nevertheless, 403

key templates still emerge consistently across indi- 404

viduals, such as Template 7 in Qwen2.5-3B (Wiki: 405

89; Code: 62) and Template 10 in Qwen2.5-7B 406

(Code: 119; Math: 191), demonstrating that sta- 407

ble, shared functional organizations persist even in 408

larger models. 409

We next evaluate whether the same functional 410

networks emerge across different tasks in LLMs, 411

aiming to identify shared, task-invariant functional 412
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Table 2: Spatial similarity between functional net-
work templates in group-level analysis in Qwen2.5-7B-
Instruct.

TEMPLATE 1 TEMPLATE 2 IOU

NEWS COMPONENT 3 CODE COMPONENT 2 0.8605
NEWS COMPONENT 6 CODE COMPONENT 3 0.7018
NEWS COMPONENT 7 CODE COMPONENT 2 0.7959
CODE COMPONENT 9 WIKI COMPONENT 7 0.8837
CODE COMPONENT 2 MATH COMPONENT 1 0.8723
CODE COMPONENT 2 MATH COMPONENT 2 0.9091
CODE COMPONENT 2 MATH COMPONENT 3 0.8043
CODE COMPONENT 2 MATH COMPONENT 5 0.9070
CODE COMPONENT 9 MATH COMPONENT 10 0.9091
NEWS COMPONENT 6 WIKI COMPONENT 7 0.7255
NEWS COMPONENT 3 MATH COMPONENT 1 0.7872
NEWS COMPONENT 3 MATH COMPONENT 2 0.8605
NEWS COMPONENT 3 MATH COMPONENT 3 0.8372
NEWS COMPONENT 3 MATH COMPONENT 5 0.9024
NEWS COMPONENT 6 MATH COMPONENT 10 0.6852
WIKI COMPONENT 7 MATH COMPONENT 10 0.9302

structures. Table 2 shows the spatial similarity413

between group-level functional network templates414

in Qwen2.5-7B-Instruct across News, Wiki, Math415

and Code tasks.416

The results reveal strong cross-task consistency417

in specific functional networks. These high IoU418

values indicate that certain functional networks are419

not task-specific but instead reappear across diverse420

domains. This parallels findings in human neuro-421

science, where core brain networks like the default422

mode network (Raichle and Snyder, 2007; Raichle,423

2015) activate across a wide range of cognitive424

tasks.425

4.2 Functional Networks Editing Experiments426

4.2.1 Inhibiting Functional Networks427

We first adopt the neuron-lesion experiment, we se-428

lectively deactivate functional networks within the429

LLMs to assess the effects of functional network430

removal on overall performance and functional be-431

havior.432

For Qwen2.5 and ChatGLM, we used lm eval433

framework and carefully crafted prompts to evalu-434

ate their performance in a zero-shot setting. In435

our assessments, we used accuracy, F1-score,436

Matthews Correlation Coefficient (MCC) and word437

perplexity as the performance metric.438

Table 3 presents the performance results of the439

Qwen2.5-7B-Instruct model on the SST-2 dataset440

after selectively inhibiting specific functional net-441

works derived in group-level analysis. The results442

indicate that inhibiting these functional networks443

leads to varying degrees of performance degrada-444

tion. Notably, inhibiting just a few dozens of key445

Table 3: Performance of Qwen2.5-7B-Instruct with in-
hibited functional networks on the SST-2 Dataset. The
first column represents each functional network and
the number of neurons associated with it. The second
column to forth column shows the accuracy in SST-2,
CoLA and MRPC. These functional networks derived
from the SST-2 dataset. The model’s accuracy under
normal conditions (without lesion) is 0.9358 (SST-2),
0.6913 (CoLA), 0.6765 (MRPC) and 0.8448 (RTE).

NETWORKS ACCURACY
(100352) SST-2 COLA MRPC RTE

1 → 41 0.0963 0.1074 0.0221 0.0072
2 → 336 0.8085 0.6913 0.3799 0.5271
3 → 356 0.8131 0.6913 0.5907 0.5271
4 → 43 0.8417 0.6913 0.5294 0.5271

5 → 239 0.8016 0.6913 0.5196 0.4982
6 → 40 0.0401 0.0662 0.1838 0.0036
7 → 41 0.1456 0.0518 0.2672 0.0361
8 → 41 0.1892 0.1850 0.2059 0.0144
9 → 53 0.8360 0.6913 0.3922 0.5271

10 → 45 0.8314 0.6913 0.3333 0.5271

neurons can significantly impair the model’s per- 446

formance. In contrast, random neuron inhibiting 447

has a negligible impact on model performance, as 448

shown in Table 10 (see in the appendix). It is seen 449

that even when up to 15% neurons are randomly 450

inhibiting, the performance drop remains minimal. 451

This finding is consistent with previous studies that 452

have also observed that random neuron inhibiting 453

does not substantially affect model performance 454

(AlKhamissi et al., 2024; Song et al., 2024). Taken 455

together, our experimental results emphasize the 456

critical role of specific functional networks identi- 457

fied through ICA. These networks appear to encode 458

essential information that is vital for the model’s 459

capability. 460

We also observed that some functional networks 461

identified on the SST-2 dataset are not only cru- 462

cial for SST-2 but also play an important role in 463

other tasks. Inhibiting these networks not only de- 464

grades the model’s performance on SST-2 but also 465

leads to a decline in performance on other tasks. 466

In contrast, networks that are less important for 467

SST-2 may still be critical for other tasks. This 468

observation suggests that the model may contain 469

shared underlying structures or patterns that are not 470

task-specific but instead capture general linguistic 471

features or principles. 472

Table 10 and Table 11 (see in the appendix) 473

present the performance results of Qwen2.5-7B- 474

Instruct and ChatGLM3-6B-base by inhibiting neu- 475

rons within specific functional networks. These 476

6



Figure 2: Perplexity results for Qwen2.5-7B-Instruct
after inhibiting the neurons corresponding to each of
10 functional networks obtained from SST-2 dataset,
respectively.

models rely on well-designed prompts to zero-shot477

generate appropriate text for various tasks. When478

functional networks are inhibited, the models’ abil-479

ity to generate coherent and task-relevant text is480

severely compromised.481

In addition to evaluating zero-shot classification482

performance, we also assessed the language mod-483

eling capability of LLMs with inhibited functional484

networks using the Wikitext dataset, measured by485

word-level perplexity.486

We conducted experiments on the Qwen2.5-7B-487

Instruct model, using the same 10 functional net-488

work templates previously derived from the SST-2489

dataset. The results are shown in the Figure 2.490

After inhibiting different functional networks, the491

model’s language modeling performance degraded492

to varying degrees, with functional network tem-493

plates 2 and 5 causing the largest increases in per-494

plexity.495

4.2.2 Amplifying Functional Networks496

To further investigate the functional roles of key497

neurons within these functional networks, we per-498

formed functional networks editing experiments by499

amplifying their activations. Specifically, we tested500

both additive and multiplicative editing strategies501

and found that multiplicative editing yielded the502

most stable and consistent effects. Our experiments503

show that scaling neuron activations by a factor of504

1.02 yields the best results. Therefore, all exper-505

iments presented in this section use 1.02 as the506

multiplicative editing factor. Results of ablation507

studies on additive editing and other multiplicative508

factors can be found in the appendix.509

We first verify whether the neurons identified510

by our method are indeed more critical. The re-511

sults of amplifying the top 5% of functional net-512

Table 4: Performance of ChatGLM3-6B-base after am-
plifying top 5% Neurons.

Task / Metric Normal ICA LLM Localization

CoLA (MCC) 0.1497 0.1580 0.1577
MNLI 0.5636 0.5638 0.5633

MRPC (F1) 0.8415 0.8436 0.8436
QNLI 0.8223 0.8223 0.8217

QQP (F1) 0.8065 0.8062 0.8064
RTE 0.7581 0.7617 0.7581

SST-2 0.9553 0.9553 0.9553
WNLI 0.6479 0.6338 0.6338

Average 0.6931 0.6931 0.6925

Wikitext (PPL) 10.1177 10.1168 10.1181

Figure 3: Zero-shot results for ChatGLM3-6B-base after
amplifying the neurons corresponding to a functional
network obtained from SST-2 dataset.

work neurons in ChatGLM3-6B-base are shown 513

in the Table 4. Our method selects the top 5% of 514

neurons with the highest weights across 10 func- 515

tional networks and amplifies their activations. As 516

shown in Table 4, this leads to performance im- 517

provements on several tasks, and the degree of en- 518

hancement achieved by our method exceeds that of 519

other approaches (LLM Localization (AlKhamissi 520

et al., 2024)). Moreover, it can be observed that our 521

method improves performance on the majority of 522

tasks. Figure 3 shows the results of applying mul- 523

tiplicative editing to the neurons of one functional 524

network. The evaluation metrics used are accuracy 525

and F1-score. After editing, the average score is 526

0.7457, compared to 0.7451 for the unedited (nor- 527

mal) model. 528

Notably, editing this functional network leads to 529

improved performance on SST-2. Among our 10 530

functional networks, only two enhance SST-2 per- 531

formance, and these two exhibit relatively higher 532

spatial similarity (reaching 0.1514) compared to all 533

other pairs, whose maximum spatial similarity is 534

only 0.0851. 535

We reasonably hypothesize that the neurons 536
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shared by these two functional networks are di-537

rectly involved in the sentiment analysis task on538

SST-2. To verify this, we took the union of the two539

networks and amplified their activations, which540

successfully improved SST-2 performance. Fur-541

thermore, even when we amplified only the non-542

overlapping (network-specific) neurons (those not543

shared between the two networks) performance on544

SST-2 still increased. And amplifying neurons in545

the other functional networks does not improve546

SST-2 performance. This demonstrates that the547

neurons in both decomposed functional networks548

are meaningfully associated with sentiment analy-549

sis, rather than being redundant or irrelevant.550

4.3 Do Different Methods Find the Same551

Important Neurons?552

We further evaluated the consistency of important553

neurons identified by different methods by comput-554

ing the spatial similarity (IoU) between the neuron555

sets derived by our ICA-based approach and those556

from other methods. For each method, we extracted557

the top 5% of neurons ranked by importance and558

calculated the IoU between these binary neuron559

masks.560

Table 5: Spatial similarity between the important neu-
rons derived by our ICA-base approach and LLM Lo-
calization (AlKhamissi et al., 2024).

Methods ICA vs LLM Localization

Spatial Similarity (IoU) 0.0220

Table 5 shows the spatial similarity between the561

sets of important neurons identified by our method562

and those from LLM Localization. It can be ob-563

served that the two methods yield neuron sets with564

almost no spatial overlap, indicating that the im-565

portant neurons they identify are largely distinct566

in location. Combined with the results in Table 4567

and Table 9 (see in the appendix), our method iden-568

tifies neurons that have a significantly greater im-569

pact on model performance than LLM Localization.570

This strongly supports the neuroscientific insight571

that functionally relevant computation in neural572

systems arises not from isolated neurons but from573

co-activated ensembles–that is, groups of neurons574

working together in coordinated patterns.575

5 Discussion and Conclusion576

This study introduces a framework for analyzing577

LLMs by adapting analytical methods originally578

developed in cognitive neuroscience to identify 579

functional brain networks from neuroimaging data. 580

Specifically, we apply group-level ICA to neu- 581

ron activations in LLMs, treating them as high- 582

dimensional signals analogous to fMRI time series. 583

Our data-driven approach reveals reproducible 584

ensembles of co-activating neurons within the 585

model’s MLP layers. These ensembles form sta- 586

ble, task-general functional units: their collective 587

activity persists across diverse inputs, and targeted 588

perturbation of these groups leads to measurable 589

degradation in representation quality. This sug- 590

gests that LLMs rely on structured, coordinated 591

functional networks for encoding semantic infor- 592

mation, offering a system-level perspective that 593

goes beyond isolated neuron interpretations. 594

Our work demonstrates that methods from cog- 595

nitive neuroscience can be effectively repurposed 596

to locate structured, task-relevant neuron ensem- 597

bles in LLMs. These functional networks are not 598

arbitrary collections of units; rather, they behave as 599

integrated circuits, with constituent neurons jointly 600

encoding specific semantic or computational func- 601

tions. This coordinated activity persists across 602

tasks and examples, suggesting that information 603

processing in LLMs relies on the collective behav- 604

ior of these ensembles. Recognizing this collabora- 605

tive structure provides a more meaningful lens for 606

interpreting model internals than isolated neuron 607

analyses or heuristic importance metrics. 608

Although our study focuses on analysis rather 609

than engineering applications, the clear functional 610

role of these neuron ensembles opens a plausible 611

avenue for future work, such as using functional 612

networks as a guide for model compression and 613

model fingerprint. For instance, preserving neu- 614

rons within critical functional groups while sim- 615

plifying or removing others could offer a more 616

principled basis for pruning than current heuristics. 617

The unique functional activity of neurons within 618

functional networks, along with the functional con- 619

nectivity between these networks, holds promise 620

as a model fingerprint (similar to the conception 621

"brain fingerprints" in neuroscience (Finn et al., 622

2015)) and can serve as an effective mechanism 623

for protecting the intellectual property of large lan- 624

guage models. Ultimately, this work underscores 625

how cross-disciplinary frameworks, borrowing rig- 626

orously from neuroscience, can yield actionable 627

insights into the inner mechanisms of LLMs. 628
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Limitations629

Our investigation focused solely on the MLP layers.630

Future work could extend this approach to other631

components within these models, such as attention632

mechanisms or embedding layers. By broadening633

the scope of analysis to include these additional634

modules, we can gain a more comprehensive un-635

derstanding of how functional networks manifest636

in different components of LLMs.637

The algorithm used in this research is ICA,638

which has various derivatives. These variants can639

improve model’s performance based on the unique640

characteristics of the dataset. In addition to ICA,641

other approaches such as dictionary learning and642

deep learning–based autoencoders can also be em-643

ployed to decompose the internal representations644

of LLMs into functional networks. Consequently,645

there is potential for the development of novel al-646

gorithms tailored specifically to the properties of647

LLMs.648
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A Appendix 917

A.1 ICA 918

FastICA (Hyvärinen and Oja, 2000) is an efficient 919

algorithm for implementing ICA and is the method 920

used in this paper to derive FBNs from LLMs. The 921

FastICA algorithm can be described as follows: 922

Pre-whitening: The signals are first centered 923

(zero mean) and whitened to remove any linear 924

correlations between the variables and have unit 925

variance. 926

The whitened signals Z can be represented as: 927

Z = E−1/2V−1(X− E[X]) (4) 928

where V and E are the eigenvectors and eigenval- 929

ues of the covariance matrix Σ of X. 930

Finding Independent Components: For each in- 931

dependent component wi, we maximize the follow- 932

ing objective function: 933

J(w) = [E{G(wT z)}]− 1

2
E{(wT z)2} (5) 934

where G is a non-linear function used to ap- 935

proximate negentropy, a1 is a constant usually 936

a1 ∈ [1, 2], Common choices for G include: 937

G(u) = log cosh(a1u) (6) 938
939

G(u) = − exp(−u2/2) (7) 940

To find the optimal w, FastICA uses fixed-point 941

iteration: 942

wnew = E{zg(wT z)} − E{g′(wT z)}w (8) 943
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where g is the derivative of G. After each itera-944

tion, normalize w:945

w← w

∥w∥
(9)946

If multiple independent components need to be947

extracted, perform orthogonalization to ensure that948

the weight vectors remain orthogonal:949

W← (WWT )−1/2W (10)950

where W is the matrix that contains all weight951

vectors as columns. Repeat the iteration until the952

change in the weight vectors falls below a prede-953

fined threshold, indicating convergence. Once the954

demixing matrix W is obtained, the source signals955

S can be estimated from the whitened data Z:956

Ŝ = WZ (11)957

Finally, the mixing matrix A, which represents958

the spatial patterns of the functional networks, can959

be obtained as the inverse of the matrix W. Con-960

sidering the whitening transformation applied to961

the signals, the mixing matrix can be computed as:962

A = VE1/2W−1 (12)963

In visualizations and experimental comparisons,964

the mixing matrix A, representing the final derived965

functional networks, typically undergoes threshold-966

ing. This process involves setting a threshold to967

filter out lower values, ensuring that only the re-968

gions with significant activation are retained. This969

approach helps in focusing on the most relevant970

activations and improving the clarity of the results.971

The CanICA (Canonical Independent Compo-972

nent Analysis) (Varoquaux et al., 2010b,a) algo-973

rithm is a spatial independent component analysis974

(sICA) method used for brain imaging data. The975

subsequent section presents a detailed mathemati-976

cal description, concentrating on PCA preprocess-977

ing and the application of FastICA for spatial com-978

ponent extraction.979

Assume we have an observation data matrix980

X ∈ Rn×t, where n is the number of sensors or981

voxels (spatial dimension), and t is the number of982

time points. Each column represents the observa-983

tion at one time point, and each row represents the984

observations of one sensor or voxel across all time985

points.986

In CanICA, Principal Component Analysis
(PCA) is first applied to reduce the dimensionality

of the data. PCA can be implemented via Singular
Value Decomposition (SVD):

X = UΣV T

where: 987

• U ∈ Rn×n is the left singular vector matrix. 988

• Σ ∈ Rn×t is the singular value matrix, with 989

singular values on its diagonal. 990

• V ∈ Rt×t is the right singular vector matrix. 991

We select the top k singular vectors correspond-
ing to the largest singular values to construct the
reduced data matrix Xreduced:

Xreduced = UkΣk

where Uk and Σk are the first k columns of U and 992

the first k rows of Σ, respectively. 993

FastICA is then applied to the reduced data. Un-
like traditional ICA, the mixing matrix A here does
not represent the functional networks. In spatial
ICA S ∈ Rk×t, which is the source signal matrix
that represents the functional networks that are to
be extracted. The model can be expressed as:

Xreduced = AS

where A ∈ Rn×k is the mixing matrix, indicat- 994

ing how spatial components combine to form the 995

observed data. 996

In practice, the reduced data Xreduced is fed into 997

the FastICA algorithm for further processing. 998

The extracted spatial components are stored in 999

the source signal matrix S, with each row vector 1000

representing an independent spatial pattern. 1001

A.2 Stable Functional Networks within LLM 1002

The experiments in Section 4.1 are shown in Ta- 1003

ble 6, 7 and 8. 1004

A.3 Distribution of Neurons in Functional 1005

Networks 1006

In Figure 4, we present several group-level func- 1007

tional networks derived from different datasets. 1008

These functional networks involve only a small 1009

fraction of total neurons, ranging from less than 1010

0.1% to around 2%, consistent with the well- 1011

established principle in neuroscience that func- 1012

tional brain networks also activate a sparse subset 1013

of regions (Dong et al., 2020; Liu et al., 2023a) (see 1014
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Table 6: The number of the counterparts in 100
individual-level analysis for the functional network tem-
plates in group-level analysis in Qwen2.5-3B-Instruct.

TEMPLATES NEWS WIKI MATH CODE

1 0 57 0 4
2 7 51 0 62
3 0 44 5 80
4 11 53 6 21
5 51 17 0 12
6 19 20 0 26
7 74 89 48 62
8 8 10 9 61
9 14 0 0 54

10 56 88 7 60

Table 7: The number of the counterparts in 100
individual-level analysis for the functional network tem-
plates in group-level analysis in Qwen2.5-7B-Instruct.

TEMPLATES NEWS WIKI MATH CODE

1 12 71 121 60
2 4 10 115 60
3 89 25 139 64
4 0 2 0 131
5 19 2 139 73
6 67 1 0 61
7 131 62 22 75
8 23 7 4 5
9 31 87 7 68

10 74 19 191 119

Fig. 1(a) for an illustration of human functional net-1015

works). This sparsity aligns with our observation1016

that LLMs, like the human brain, rely on highly1017

selective neural activation. Moreover, Figure 41018

visually demonstrates that similar functional net-1019

work structures emerge across diverse input data1020

types, supporting our claim that stable, reusable1021

functional units exist in LLMs.1022

A.4 Functional Networks Editing1023

Experiments1024

The neuron-leison experiments results are shown1025

in Table 10 and 11. Table 9 shows the results of1026

experiments on ChatGLM3-6B-base using the lm-1027

eval framework, comparing our method (where the1028

top 5% most important neurons are inhibited) with1029

the LLM Localization (AlKhamissi et al., 2024)1030

approach. It can be observed that, when inhibiting1031

the same number of neurons, our method causes a1032

greater drop in model performance, indicating that1033

the neurons identified by our approach are more1034

critical to the model’s functionality.1035

The results of additive editing and other multi-1036

Table 8: The number of the counterparts in 100
individual-level analysis for the functional network tem-
plates in group-level analysis in ChatGLM3-6B-base.

TEMPLATES NEWS WIKI MATH CODE

1 0 47 0 50
2 27 5 8 2
3 4 10 0 0
4 8 88 0 38
5 0 33 6 61
6 27 75 13 202
7 3 0 12 11
8 26 0 1 0
9 12 16 0 27

10 0 51 0 171

Table 9: Performance of ChatGLM3-6B-base after in-
hibiting top 5% Neurons.

TASK NORMAL ICA LLM LOCALIZATION

COLA (MCC) 0.1497 -0.0179 0.0702
MNLI 0.5636 0.3533 0.4034

MRPC (F1) 0.8415 0.0676 0.7470
QNLI 0.8223 0.5318 0.5535

QQP (F1) 0.8065 0.5334 0.4244
RTE 0.7581 0.5632 0.6570

SST-2 0.9553 0.5952 0.7787
WNLI 0.6479 0.4648 0.4225

AVERAGE 0.6931 0.3864 0.5071

WIKITEXT (PPL) 10.1177 40.4245 14.6199

plicative factors in ChatGLM3-6B-base are shown 1037

in Figure 5, 6 and 7. If values greater than 1 1038

(e.g., between 1.5 and 3) are added to the neurons 1039

of functional networks in ChatGLM3-6B-base, the 1040

model’s word perplexity can surge to tens of thou- 1041

sands or higher. It can be observed that neither 1042

additive nor multiplicative editing should use ex- 1043

cessively large values, as this severely degrades 1044

model performance. Moreover, multiplicative edit- 1045

ing yields more stable results, making it the pre- 1046

ferred approach for neuron editing. 1047

We present an example where amplifying the 1048

neuronal signals of a functional network improves 1049

the LLM’s performance on the SST-2 dataset. As 1050

shown in Figure 8, this intervention corrects a pre- 1051

diction that would otherwise be incorrect under nor- 1052

mal (unedited) model behavior—turning an origi- 1053

nally wrong output into the correct one. 1054

A.5 Neuron Probing Experiment 1055

We investigate whether inhibiting functional net- 1056

works impairs the LLM’s feature representation 1057

capability, not just its text generation. Specifically, 1058

after inhibiting certain functional networks, we ob- 1059

serve degraded generation quality (e.g., incorrect 1060
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Figure 4: Example functional networks that are consistent across various types of input samples in group level
analysis. Each row represents the neurons in an MLP layer where activated neurons are highlighted.

Figure 5: Results perplexity of additive editing for 10
functional networks in ChatGLM3-6B-base. Adding
value is set as 1.

answers or gibberish). However, this could stem1061

from disruption in the output head or decoding pro-1062

cess rather than damaged internal representations.1063

To isolate the effect on representation, we con-1064

Figure 6: Results perplexity of different multiplicative
factors editing in ChatGLM3-6B-base.

duct a linear probing experiment: we freeze the 1065

LLM (with inhibiting functional networks), extract 1066

features from its last layer, and train a simple linear 1067

classifier (e.g., logistic regression) on these fea- 1068

tures for a downstream task. If classification perfor- 1069

14



Figure 7: Results perplexity of different multiplicative
factors editing in ChatGLM3-6B-base.

Table 10: Performance of Qwen2.5-7B-Instruct after
inhibiting functional networks. First Column: Dataset.
Second Column: Model performance under normal con-
ditions (without inhibiting). Third Column: Model per-
formance after inhibiting 15% of the neurons randomly.
Fourth Column: Model performance after inhibiting the
neurons belonging to 10 specific functional networks.

DATASETS NORMAL MASKED 15% MASKED 10
(15053) (361-2217)

COLA 0.7641 0.7143 0.0000
MRPC 0.6765 0.3873 0.1691
SST-2 0.9358 0.9094 0.0000
MNLI 0.7243 0.6052 0.0000
QNLI 0.8060 0.5629 0.0000
QQP 0.8388 0.7367 0.0000
RTE 0.8448 0.8339 0.0000

WNLI 0.8169 0.7746 0.0000

mance drops significantly compared to the normal1070

model, it indicates that the semantic content of the1071

representations has been compromised, not merely1072

the generation pipeline. This provides evidence1073

that the inhibiting functional networks are essential1074

for maintaining meaningful feature encoding.1075

To assess whether inhibiting functional networks1076

impairs the feature representation capability of1077

LLMs—distinct from mere disruption of text gen-1078

eration—we conduct linear probing experiments1079

on the last-layer activations. As shown in Tables 121080

and 13, we evaluate two models—ChatGLM3-6B-1081

base and Qwen2.5-7B—under three conditions: (1)1082

Normal (no inhibiting), (2) Masked 15% (randomly1083

inhibiting 15% of neurons), and (3) Masked 10 (in-1084

hibiting 10 identified functional networks, corre-1085

sponding to neuron sets ranging from 957 to 3,3541086

units).1087

The results reveal a clear pattern. Random in-1088

hibiting of 15% of neurons has minimal impact1089

on downstream classification performance across1090

all datasets, just like the results in neuron-leision1091

Table 11: Performance of ChatGLM3-6B-base after
inhibiting Functional Networks.

DATASETS NORMAL MASKED 15% MASKED 10
(17203)

COLA 0.6893 0.6913 0.0000
MRPC 0.7843 0.8015 0.0000
SST-2 0.9553 0.9346 0.0000
MNLI 0.5634 0.4832 0.0000
QNLI 0.8223 0.7633 0.0000
QQP 0.8548 0.8392 0.6335

WNLI 0.6479 0.5352 0.5493
RTE 0.7581 0.7040 0.4188

AG NEWS 0.9128 0.8961 0.0000
SQUAD 0.9021 0.8864 0.0000

Figure 8: Correcting an SST-2 prediction by amplifying
a functional network.

experiments. In many cases, such as SST-2 for 1092

ChatGLM3-6B-base or MRPC for Qwen2.5-7B, 1093

performance even slightly improves, likely due 1094

to incidental removal of noisy or redundant units. 1095

This suggests that general neuron loss does not 1096

significantly degrade representational quality. 1097

In stark contrast, inhibiting just 10 specific func- 1098

tional networks leads to substantial performance 1099

drops, confirming that these networks carry essen- 1100

tial semantic information. For example, on the 1101

MNLI dataset, Qwen2.5-7B’s accuracy plummets 1102

from 0.87 (Normal) to 0.4425 (inhibiting 10), a 1103

49% relative decline, while ChatGLM3-6B-base 1104

drops from 0.86 to 0.705. Similar trends appear 1105

across QNLI, MRPC, and QQP, with classifica- 1106

tion accuracy under Masked 10 consistently falling 1107

to the 0.63–0.70 range, despite remaining above 1108

chance. This demonstrates that while the model’s 1109

feature extractor is not completely disabled, its 1110

ability to encode task-relevant semantics is signifi- 1111

cantly compromised. 1112

Although, Qwen2.5-7B slightly stronger than 1113

ChatGLM3-6B-base in the Normal condition, ex- 1114

hibits greater sensitivity to functional network in- 1115

hibiting, especially on complex tasks like MNLI 1116
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Table 12: Classification Performance of ChatGLM3-
6B-base Using Logistic Regression on the Last Layer
Features

DATASETS NORMAL MASKED 15% MASKED 10
(17203) (1827-3354)

QNLI 0.885 0.88 0.63
COLA 0.8038 0.7895 0.6938
MRPC 0.8049 0.7683 0.6707
MNLI 0.86 0.865 0.705
QQP 0.825 0.85 0.6825

SST-2 0.9314 0.9314 0.8514

Table 13: Classification Performance of Qwen2.5-7B
Using Logistic Regression on the Last Layer Features

DATASETS NORMAL MASKED 15% MASKED 10
(15052) (957-2035)

QNLI 0.9 0.87 0.635
COLA 0.8038 0.7464 0.6746
MRPC 0.7805 0.8171 0.6463
MNLI 0.87 0.84 0.4425
QQP 0.83 0.8225 0.6975

SST-2 0.9257 0.9486 0.7486

and COLA. This implies that Qwen2.5-7B may1117

depend more heavily on these specific functional1118

networks for high-level reasoning, possibly reflect-1119

ing architectural or training differences between1120

the two model families.1121

Crucially, these probing results contrast sharply1122

with the models’ behavior in zero-shot generation,1123

where inhibiting the same networks often leads to1124

complete failure (e.g., incoherent outputs). The1125

fact that linear probes still extract usable features1126

while autoregressive generation fails. This suggests1127

a dual impact: (1) functional networks are vital for1128

constructing high-quality internal representations,1129

and (2) their disruption disproportionately affects1130

the generative decoding process.1131

These findings provide strong evidence that the1132

identified functional networks are not incidental1133

but core computational units that shape both repre-1134

sentation and generation in LLMs.1135

A.6 Functional Interpretation of ICA1136

Components1137

ICA decomposes the model’s internal activations1138

into a set of statistically independent components,1139

each representing a distinct functional network. By1140

design, each component is expected to capture a1141

coherent and interpretable aspect of model compu-1142

tation, ideally corresponding to a specific linguistic1143

or cognitive function. 1144

To interpret these components, we feed an in- 1145

put sentence through the model, apply ICA to its 1146

hidden activations, and extract the resulting source 1147

signals S. For a given component, the entries in its 1148

source signal are aligned with the input tokens and 1149

used as attribution weights. We then visualize these 1150

weights to highlight which tokens most strongly ac- 1151

tivate that functional network, offering insight into 1152

the component’s potential role (e.g., attending to 1153

sentiment words, entities, or syntactic structures). 1154

Figure 9, Figure 10, Figure 11, Figure 12, Fig- 1155

ure 13, Figure 14, Figure 15, Figure 16, Figure 17 1156

and Figure 18 show the example interpret results. 1157

ICA Component 1

[gMASK] sop  <0x0A>

What  are  the  main  differences  between  Python  and  JavaScript  programming

languages ? <0x0A>

Py thon  和  JavaScript  编程语⾔之间的主要区别是什么？ <0x0A>

Py thonと Java Scriptプログラミング⾔語の主な違いは何ですか？ <0x0A>

Qu elles  sont  les  princip ales  diff é rences  entre  les  lang ages  de

program m ation  Python  et  JavaScript  ? <0x0A>

ICA Component 2

[gMASK] sop  <0x0A>

What  are  the  main  differences  between  Python  and  JavaScript  programming

languages ? <0x0A>

Py thon  和  JavaScript  编程语⾔之间的主要区别是什么？ <0x0A>

Py thonと Java Scriptプログラミング⾔語の主な違いは何ですか？ <0x0A>

Qu elles  sont  les  princip ales  diff é rences  entre  les  lang ages  de

program m ation  Python  et  JavaScript  ? <0x0A>

Figure 9: Interpreting ICA components by projecting
their source signals back onto input tokens as attribu-
tion weights. High-weight tokens are visualized to re-
veal what linguistic features each functional network
responds to.
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ICA Component 3

[gMASK] sop  <0x0A>

What  are  the  main  differences  between  Python  and  JavaScript  programming

languages ? <0x0A>

Py thon  和  JavaScript  编程语⾔之间的主要区别是什么？ <0x0A>

Py thonと Java Scriptプログラミング⾔語の主な違いは何ですか？ <0x0A>

Qu elles  sont  les  princip ales  diff é rences  entre  les  lang ages  de

program m ation  Python  et  JavaScript  ? <0x0A>

ICA Component 4

[gMASK] sop  <0x0A>

What  are  the  main  differences  between  Python  and  JavaScript  programming

languages ? <0x0A>

Py thon  和  JavaScript  编程语⾔之间的主要区别是什么？ <0x0A>

Py thonと Java Scriptプログラミング⾔語の主な違いは何ですか？ <0x0A>

Qu elles  sont  les  princip ales  diff é rences  entre  les  lang ages  de

program m ation  Python  et  JavaScript  ? <0x0A>

Figure 10: Interpreting ICA components by projecting
their source signals back onto input tokens as attribu-
tion weights. High-weight tokens are visualized to re-
veal what linguistic features each functional network
responds to.

ICA Component 5

[gMASK] sop  <0x0A>

What  are  the  main  differences  between  Python  and  JavaScript  programming

languages ? <0x0A>

Py thon  和  JavaScript  编程语⾔之间的主要区别是什么？ <0x0A>

Py thonと Java Scriptプログラミング⾔語の主な違いは何ですか？ <0x0A>

Qu elles  sont  les  princip ales  diff é rences  entre  les  lang ages  de

program m ation  Python  et  JavaScript  ? <0x0A>

ICA Component 6

[gMASK] sop  <0x0A>

What  are  the  main  differences  between  Python  and  JavaScript  programming

languages ? <0x0A>

Py thon  和  JavaScript  编程语⾔之间的主要区别是什么？ <0x0A>

Py thonと Java Scriptプログラミング⾔語の主な違いは何ですか？ <0x0A>

Qu elles  sont  les  princip ales  diff é rences  entre  les  lang ages  de

program m ation  Python  et  JavaScript  ? <0x0A>

Figure 11: Interpreting ICA components by projecting
their source signals back onto input tokens as attribu-
tion weights. High-weight tokens are visualized to re-
veal what linguistic features each functional network
responds to.
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ICA Component 7

[gMASK] sop  <0x0A>

What  are  the  main  differences  between  Python  and  JavaScript  programming

languages ? <0x0A>

Py thon  和  JavaScript  编程语⾔之间的主要区别是什么？ <0x0A>

Py thonと Java Scriptプログラミング⾔語の主な違いは何ですか？ <0x0A>

Qu elles  sont  les  princip ales  diff é rences  entre  les  lang ages  de

program m ation  Python  et  JavaScript  ? <0x0A>

ICA Component 8

[gMASK] sop  <0x0A>

What  are  the  main  differences  between  Python  and  JavaScript  programming

languages ? <0x0A>

Py thon  和  JavaScript  编程语⾔之间的主要区别是什么？ <0x0A>

Py thonと Java Scriptプログラミング⾔語の主な違いは何ですか？ <0x0A>

Qu elles  sont  les  princip ales  diff é rences  entre  les  lang ages  de

program m ation  Python  et  JavaScript  ? <0x0A>

Figure 12: Interpreting ICA components by projecting
their source signals back onto input tokens as attribu-
tion weights. High-weight tokens are visualized to re-
veal what linguistic features each functional network
responds to.

ICA Component 9

[gMASK] sop  <0x0A>

What  are  the  main  differences  between  Python  and  JavaScript  programming

languages ? <0x0A>

Py thon  和  JavaScript  编程语⾔之间的主要区别是什么？ <0x0A>

Py thonと Java Scriptプログラミング⾔語の主な違いは何ですか？ <0x0A>

Qu elles  sont  les  princip ales  diff é rences  entre  les  lang ages  de

program m ation  Python  et  JavaScript  ? <0x0A>

ICA Component 10

[gMASK] sop  <0x0A>

What  are  the  main  differences  between  Python  and  JavaScript  programming

languages ? <0x0A>

Py thon  和  JavaScript  编程语⾔之间的主要区别是什么？ <0x0A>

Py thonと Java Scriptプログラミング⾔語の主な違いは何ですか？ <0x0A>

Qu elles  sont  les  princip ales  diff é rences  entre  les  lang ages  de

program m ation  Python  et  JavaScript  ? <0x0A>

Figure 13: Interpreting ICA components by projecting
their source signals back onto input tokens as attribu-
tion weights. High-weight tokens are visualized to re-
veal what linguistic features each functional network
responds to.
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ICA Component 11

[gMASK] sop  <0x0A>

What  are  the  main  differences  between  Python  and  JavaScript  programming

languages ? <0x0A>

Py thon  和  JavaScript  编程语⾔之间的主要区别是什么？ <0x0A>

Py thonと Java Scriptプログラミング⾔語の主な違いは何ですか？ <0x0A>

Qu elles  sont  les  princip ales  diff é rences  entre  les  lang ages  de

program m ation  Python  et  JavaScript  ? <0x0A>

ICA Component 12

[gMASK] sop  <0x0A>

What  are  the  main  differences  between  Python  and  JavaScript  programming

languages ? <0x0A>

Py thon  和  JavaScript  编程语⾔之间的主要区别是什么？ <0x0A>

Py thonと Java Scriptプログラミング⾔語の主な違いは何ですか？ <0x0A>

Qu elles  sont  les  princip ales  diff é rences  entre  les  lang ages  de

program m ation  Python  et  JavaScript  ? <0x0A>

Figure 14: Interpreting ICA components by projecting
their source signals back onto input tokens as attribu-
tion weights. High-weight tokens are visualized to re-
veal what linguistic features each functional network
responds to.

ICA Component 13

[gMASK] sop  <0x0A>

What  are  the  main  differences  between  Python  and  JavaScript  programming

languages ? <0x0A>

Py thon  和  JavaScript  编程语⾔之间的主要区别是什么？ <0x0A>

Py thonと Java Scriptプログラミング⾔語の主な違いは何ですか？ <0x0A>

Qu elles  sont  les  princip ales  diff é rences  entre  les  lang ages  de

program m ation  Python  et  JavaScript  ? <0x0A>

ICA Component 14

[gMASK] sop  <0x0A>

What  are  the  main  differences  between  Python  and  JavaScript  programming

languages ? <0x0A>

Py thon  和  JavaScript  编程语⾔之间的主要区别是什么？ <0x0A>

Py thonと Java Scriptプログラミング⾔語の主な違いは何ですか？ <0x0A>

Qu elles  sont  les  princip ales  diff é rences  entre  les  lang ages  de

program m ation  Python  et  JavaScript  ? <0x0A>

Figure 15: Interpreting ICA components by projecting
their source signals back onto input tokens as attribu-
tion weights. High-weight tokens are visualized to re-
veal what linguistic features each functional network
responds to.
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ICA Component 15

[gMASK] sop  <0x0A>

What  are  the  main  differences  between  Python  and  JavaScript  programming

languages ? <0x0A>

Py thon  和  JavaScript  编程语⾔之间的主要区别是什么？ <0x0A>

Py thonと Java Scriptプログラミング⾔語の主な違いは何ですか？ <0x0A>

Qu elles  sont  les  princip ales  diff é rences  entre  les  lang ages  de

program m ation  Python  et  JavaScript  ? <0x0A>

ICA Component 16

[gMASK] sop  <0x0A>

What  are  the  main  differences  between  Python  and  JavaScript  programming

languages ? <0x0A>

Py thon  和  JavaScript  编程语⾔之间的主要区别是什么？ <0x0A>

Py thonと Java Scriptプログラミング⾔語の主な違いは何ですか？ <0x0A>

Qu elles  sont  les  princip ales  diff é rences  entre  les  lang ages  de

program m ation  Python  et  JavaScript  ? <0x0A>

Figure 16: Interpreting ICA components by projecting
their source signals back onto input tokens as attribu-
tion weights. High-weight tokens are visualized to re-
veal what linguistic features each functional network
responds to.

ICA Component 17

[gMASK] sop  <0x0A>

What  are  the  main  differences  between  Python  and  JavaScript  programming

languages ? <0x0A>

Py thon  和  JavaScript  编程语⾔之间的主要区别是什么？ <0x0A>

Py thonと Java Scriptプログラミング⾔語の主な違いは何ですか？ <0x0A>

Qu elles  sont  les  princip ales  diff é rences  entre  les  lang ages  de

program m ation  Python  et  JavaScript  ? <0x0A>

ICA Component 18

[gMASK] sop  <0x0A>

What  are  the  main  differences  between  Python  and  JavaScript  programming

languages ? <0x0A>

Py thon  和  JavaScript  编程语⾔之间的主要区别是什么？ <0x0A>

Py thonと Java Scriptプログラミング⾔語の主な違いは何ですか？ <0x0A>

Qu elles  sont  les  princip ales  diff é rences  entre  les  lang ages  de

program m ation  Python  et  JavaScript  ? <0x0A>

Figure 17: Interpreting ICA components by projecting
their source signals back onto input tokens as attribu-
tion weights. High-weight tokens are visualized to re-
veal what linguistic features each functional network
responds to.
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ICA Component 19

[gMASK] sop  <0x0A>

What  are  the  main  differences  between  Python  and  JavaScript  programming

languages ? <0x0A>

Py thon  和  JavaScript  编程语⾔之间的主要区别是什么？ <0x0A>

Py thonと Java Scriptプログラミング⾔語の主な違いは何ですか？ <0x0A>

Qu elles  sont  les  princip ales  diff é rences  entre  les  lang ages  de

program m ation  Python  et  JavaScript  ? <0x0A>

ICA Component 20

[gMASK] sop  <0x0A>

What  are  the  main  differences  between  Python  and  JavaScript  programming

languages ? <0x0A>

Py thon  和  JavaScript  编程语⾔之间的主要区别是什么？ <0x0A>

Py thonと Java Scriptプログラミング⾔語の主な違いは何ですか？ <0x0A>

Qu elles  sont  les  princip ales  diff é rences  entre  les  lang ages  de

program m ation  Python  et  JavaScript  ? <0x0A>

Figure 18: Interpreting ICA components by projecting
their source signals back onto input tokens as attribu-
tion weights. High-weight tokens are visualized to re-
veal what linguistic features each functional network
responds to.
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