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Abstract001

Brain Computer Interface (BCI) is one of the002
active areas of research with translation of003
brain activity to natural language as one of it’s004
main challenge. Existing EEG-to-text meth-005
ods either rely on word-level EEG features006
segmented by eye-tracking fixations or face007
difficulty in converting continuous brain ac-008
tivity into discrete text tokens due to modal-009
ity gap. In this paper, we introduce Mind-010
Scribe, a light-weight end-to-end multimodal011
sequence-to-sequence architecture that trans-012
lates raw, continuous EEG signals recorded013
during different reading tasks, directly into014
open-vocabulary text. Our model combines015
a hierarchical EEG encoder along with dual-016
objective training framework to align the EEG017
latent space and the pre-trained text embed-018
ding space. Evaluated on the combined dataset019
of ZuCo 1.0 and 2.0 benchmarks, our model020
achieves 28.20 BLEU-1 and 33.10 ROUGE-1021
F1 on the Task-Specific Reading (TSR), and022
Normal Reading (NR) tasks, establishing com-023
petitive performance against existing baselines.024

1 Introduction025

The ability to decode natural language directly026

from brain activity can prove to be highly bene-027

ficial for people who have lost the ability to speak028

due to neurological injury or disease. BCIs (Mud-029

gal et al., 2020) that translate neural signals into030

text have the ability to restore communication for031

patients with conditions such as locked-in syn-032

drome, Amyotrophic Lateral Sclerosis (ALS), and033

severe stroke. While invasive and semi-invasive034

approaches like electrocorticography (ECoG) (Liu,035

2023) and stereoelectroencephalography (sEEG)036

(Herff et al., 2020) have shown impressive results037

in speech neuroprostheses, they require surgical038

implantation of electrode arrays, which limits their039

scalability and accessibility. Non-invasive meth-040

ods based on electroencephalography (EEG) offer041

a safer, portable, and more affordable alternative, 042

making them common for clinical use. 043

Despite these advantages, decoding continuous 044

natural language from EEG signals remains a chal- 045

lenging problem. EEG signals inherently have a 046

low signal-to-noise ratio, high-dimension, and low 047

spatial resolution compared to invasive recordings 048

(Yun, 2024). Early work in EEG-based language 049

decoding (Robinson et al., 2019) focused on clas- 050

sifying brain states into small, closed vocabularies 051

for tasks such as motor imagery and emotion recog- 052

nition. Moreover, the emergence of pre-trained lan- 053

guage models has enabled open-vocabulary EEG- 054

to-text translation. This was first used by (Wang 055

and Ji, 2022) to decode EEG features into text us- 056

ing pre-trained BART model. Subsequent work by 057

(Duan et al., 2023) introduced discrete codex repre- 058

sentations using a quantized variational encoder to 059

remove the dependency on eye-tracking markers. 060

However, apart from architectural optimization 061

and performance improvement, there are numerous 062

other challenges that still needs to be addressed. 063

First, most existing methods rely heavily on event 064

markers for processing word-level EEG features 065

which limit their application in the real-world. Sec- 066

ond, the modality gap between continuous neural 067

time-series and discrete text tokens is huge: the 068

EEG signal is a fixed-channel time series sampled 069

at high frequency, while the target output is a se- 070

quence of discrete word tokens. Without explicit 071

mechanisms to bridge this gap, the decoder can 072

learn to ignore the EEG input altogether and in- 073

stead rely on the learned language model. Third, 074

the limited size of available EEG-to-Text datasets 075

(e.g., the ZuCo 1.0 (Hollenstein et al., 2018) and 076

ZuCo 2.0 (Hollenstein et al., 2020) corpus) con- 077

tains only hundreds of sentences from a handful of 078

subjects making overfitting a serious concern. 079

In this work, we introduce MindScribe, an ar- 080

chitecture designed to address the above mentioned 081

challenges. Our paper is arranged as follows: 082
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Section 2 reviews existing approaches in EEG-to-083

Text and discusses recent advances in cross-modal084

alignment techniques. Section 3 presents our pro-085

posed model architecture, detailing the hierarchical086

EEG encoder, parameter-efficient BART decoder,087

and dual-objective training framework. Section 4088

shows the experimental setup, datasets, baselines,089

and evaluation metrics. Section 5 presents our main090

results and compares performance against existing091

methods. Section 6 provides ablation studies to092

validate design choices followed by conclusion and093

discussion. Our main contributions are:094

• We propose a light-weight hierarchical EEG095

encoder to extract continuous representations096

from raw EEG input signal.097

• We introduce a dual-objective training to098

bridge modality gap between EEG and text.099

• We adopt LoRA-based parameter-efficient100

fine-tuning to adapt a pre-trained BART de-101

coder to continuous EEG inputs.102

2 Related Work103

Research on converting brain signals to text has104

a long history in the BCI community. Early ap-105

proaches focused on closed-vocabulary classifica-106

tion tasks, such as P300 spellers and steady-state107

visually evoked potential (SSVEP) systems, which108

select characters from a fixed alphabet using event-109

related potentials (Lotte et al., 2018). While effec-110

tive for basic communication, these systems are111

slow and do not scale to natural language.112

The shift toward open-vocabulary EEG-to-Text113

decoding began with (Wang and Ji, 2022), who114

proposed a framework that treats the brain as a spe-115

cial text encoder.They were the first to feed word-116

level EEG features into a pre-trained BART model117

(Lewis et al., 2019) for sequence-to-sequence de-118

coding. Although this work expanded the vocabu-119

lary size, its application could not be extended to120

more significant sentence-level EEG signals.121

To deal with the above limitation, (Duan et al.,122

2023) proposed DeWave, which uses a quantized123

variational encoder to produce discrete codex rep-124

resentations from raw EEG waves. DeWave was125

the first method to support translation from raw126

EEG signals without word-level markers. However,127

the translation quality on raw waves remained sub-128

stantially lower than word-level decoding, and the129

model still relied on teacher forcing during evalu-130

ation. It also made no use of spatial information 131

from different brain regions. 132

Recognizing the limitations of flat EEG encoders 133

that ignored spatial information, (Liu et al., 2024) 134

proposed EEG2TEXT, which introduced a multi- 135

view transformer architecture that separately en- 136

codes EEG signals from twelve distinct spatial 137

brain regions before fusing them through a global 138

transformer, coupled with self-supervised EEG 139

pre-training using masked signal reconstruction. 140

This approach showed improved performance over 141

DeWave. However, this method relied solely on 142

reconstruction-based pre-training and did not use 143

existing methods of semantic alignment like con- 144

trastive learning to bridge gap between modalities. 145

Contrastive learning has emerged as a powerful 146

training strategy for aligning representations across 147

different modalities. The CLIP model (Radford 148

et al., 2021) showed that contrastive pre-training 149

on image and text pairs can produce a shared em- 150

bedding space across modalities. This approach 151

has been extended to other modality pairs, includ- 152

ing audio-text, video-text and more recently, brain 153

signal-text alignment. 154

In the context of EEG-to-Text, DeWave was one 155

of the first models to use contrastive learning in 156

its training strategy. Following this, (Wang et al., 157

2024) proposed CET-MAE (Contrastive EEG-Text 158

Masked Autoencoder) where contrastive learning 159

is combined with masked signal modeling enforc- 160

ing cross-modal semantic alignment between EEG 161

and text while also reconstructing masked tokens 162

within each modality individually. This hybrid self- 163

supervised strategy addresses the limitation of De- 164

Wave, which used contrastive learning without any 165

reconstruction objective. 166

However, a key limitation of CET-MAE is that it 167

ignores the possibility of different EEG-Text pairs 168

sharing similar semantic meanings (false negatives) 169

which introduces noise and degrades representa- 170

tion quality. To address this, (Tao et al., 2025) 171

proposed SEE (Semantically Aligned EEG-to-Text 172

Translation), which introduces a Semantic Match- 173

ing module that uses a frozen pre-trained BART 174

encoder to compute semantic similarity labels be- 175

tween all pairs in a batch, giving less importance to 176

false negative pairs in the contrastive loss leading 177

to improved cross-modal alignment and superior 178

EEG-to-Text decoding performance. 179

Even after all the advancements in EEG-to-Text, 180

an underlying problem of the use of teacher-forcing 181

as training strategy persisted throughout. This con- 182
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cern was recently addressed by Jo et al. (2025)183

where they demonstrated that teacher-forced eval-184

uation can inflate performance metrics by some185

factor compared to autoregressive generation. Ac-186

knowledging the validity of this concern, we evalu-187

ate our model with and without teacher forcing to188

demonstrate true performance.189

3 Methods190

In this section, we describe the MindScribe’s ar-191

chitecture in detail. We discuss the task definition192

followed by data preprocessing and model com-193

ponents. Figure 1 provides an overview of the194

complete architecture.195

3.1 Task Definition196

Given an input sequence of continuous EEG sig-197

nals X ∈ RC×T , where C is the number of EEG198

channels and T is the number of time steps, our199

goal is to generate the corresponding text sequence200

Y = (y1, y2, . . . , yN ). We aim to learn a mapping201

function f : X → Y that maximizes the condi-202

tional probability P (Y |X).203

3.2 Data Preprocessing204

We evaluate our model using the ZuCo v1.0 (Hol-205

lenstein et al., 2018) and ZuCo v2.0 (Hollenstein206

et al., 2020) datasets, on the Normal Reading (NR)207

and Task-Specific Reading (TSR) tasks. Taking De-208

Wave (Duan et al., 2023) as our base, we perform209

the following preprocessing on the dataset:210

• Signal Filtering and Normalization: We ap-211

ply a 4th-order Butterworth bandpass filter (0.1212

Hz to 100.0 Hz) at a sampling rate of 500 Hz213

to remove noise and artifacts. Each EEG se-214

quence is then Min-Max normalized to scale215

features within a [0, 1] range.216

• Temporal Chunking: To process variable-217

length EEG recordings effectively, we fix the218

maximum sequence length to 5500 time steps219

(padding as necessary). We then apply an220

overlapping windowing strategy (window size221

W=200, stride S=100) to chunk the continu-222

ous signal into discrete sequential tokens.223

• Leak-Free Data Splitting: To avoid data224

leakage where overlapping sentences appear225

in both training and test sets, we enforce a226

strict, unique-sentence-level split of 80% train-227

ing, 10% validation, and 10% testing. All228

EEG samples corresponding to a specific text229

string are kept within the same subset. The 230

overview of splits are discussed in Table 7. 231

3.3 Hierarchical EEG Encoder 232

The encoder is designed to extract spatial, temporal, 233

and contextual features from C-channel raw EEG 234

sequences through the following 4 stages. 235

Spatial Filtering: This purpose of this block is 236

to learn a linear combination of channels that best 237

capture specific brain activity patterns. The raw 238

EEG signals are first projected through a 1D convo- 239

lutional layer with kernel size 1 acting as a trainable 240

spatial filter. This is followed by batch normaliza- 241

tion and GELU activation function. The output 242

Hspatial is of shape (4, T ′) where 4 is the number of 243

output filters and T ′ is the reduced time dimension. 244

Hspatial = GELU(BN(Conv1Dk=1(X))) (1) 245

Temporal Downsampling: This block maps 246

high-frequency EEG signals to dense continuous 247

embeddings suitable for the language model. It 248

consists of four convolutional block, where each 249

block consists of a 1D convolutional layer with 250

kernel size 3 and stride 2, followed by batch nor- 251

malization, GELU activation, and dropout. The 252

output Htemporal is of shape B × dmodel × T/16. 253

Hbn = BN(Conv1D(4)
k=3,s=2(Hspatial)) (2) 254

255
Htemporal = Dropout(GELU(Hbn)) (3) 256

Bidirectional LSTM Contextualization: To 257

capture long-range contextual dependencies, we 258

apply a bidirectional LSTM (BiLSTM) with a hid- 259

den dimension of 384 in each direction, yielding a 260

768-dimensional output at each time step: 261

Hcontext = BiLSTM(Htemporal) (4) 262

Multi-Head Self-Attention: Finally, a multi- 263

head self-attention mechanism with 8 attention 264

heads is applied to the contextualized representa- 265

tion enabling the model to attend to the important 266

temporal segments of the EEG signal: 267

HEEG = MultiHead(Hcontext,Hcontext,Hcontext)
(5) 268

The output HEEG ∈ RL×768 represents the fi- 269

nal continuous EEG representation, where L is 270

the reduced sequence length after temporal down- 271

sampling, and dmodel = 768 matches the hidden 272

dimension of BART-base. 273
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Figure 1: MindScribe Architecture Overview. The proposed framework consists of three main components: (a)
The hierarchical EEG encoder combining spatial filtering, temporal downsampling via sequential CNN, bidirectional
LSTM contextualization, and multi-head self-attention. (b) This is followed by a 2-layer projection MLP and
LoRA-adapted BART-base decoder. (c) Dual-objective loss with CLIP-style contrastive alignment loss to align
EEG signals and discrete text tokens.

3.4 Cross-Modal Projection Layer274

To bridge the modality gap between the continuous275

EEG representations and the discrete text embed-276

ding space of the language model, we pass the277

encoder output through a 2-layer Multi-Layer Per-278

ceptron (MLP) mapping network with a GELU279

activation and a dropout rate of 0.2.280

3.5 Parameter-Efficient Language Decoding281

For the decoding component, we use the pre-282

trained BART-base model (Lewis et al., 2019). To283

preserve the linguistic priors embedded in BART284

while adapting it to accept continuous EEG embed-285

dings as input, we employ Low-Rank Adaptation286

(LoRA) (Hu et al., 2022). Through LoRA, we in-287

ject low-rank matrices into the query and value288

projections of both the self-attention and cross-289

attention layers. For a pre-trained weight matrix290

W0 ∈ Rd×d, the adapted weight is:291

W = W0 +∆W = W0 +BA (6)292

where A ∈ Rr×d and B ∈ Rd×r are the low-293

rank matrices with rank r = 32, and a scaling294

factor α = 64. All other parameters of BART295

remain frozen during training.296

When EEG recordings are different lengths, we297

pad shorter ones with zeros. But these artificial298

zeros can confuse the model. We solve this by299

marking which parts are real data (attention mask)300

and only using those real parts when computing301

losses. This way, padding doesn’t interfere with 302

learning. 303

3.6 Dual-Objective Training with Contrastive 304

Alignment 305

The model is optimized using a dual-loss formula- 306

tion that combines auto-regressive language mod- 307

eling loss with contrastive alignment loss. 308

Language Modeling Loss The primary training 309

objective is the standard cross-entropy loss over the 310

target text tokens, conditioned on the EEG repre- 311

sentation HEEG obtained from the encoder: 312

LLM = −
N∑
t=1

logP (yt|y<t,HEEG) (7) 313

where yt is the t-th target token and N is the se- 314

quence length. 315

Contrastive Alignment Loss To bridge the 316

modality gap between EEG and text, we introduce 317

a contrastive alignment loss that forces the EEG 318

latent space to the pre-trained semantic space of 319

BART. We first compute a sentence-level EEG rep- 320

resentation by mean-pooling the encoder output 321

HEEG over the time dimension. This pooled rep- 322

resentation is then projected through a non-linear 323

projection head (a two-layer MLP with ReLU acti- 324

vation) into a shared latent space denoted as gproj: 325

zEEG = gproj(MeanPool(HEEG)) (8) 326
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Similarly, we obtain text embeddings by passing327

the ground truth text through BART’s text encoder328

and applying the same mean-pooling operation:329

ztext = MeanPool(BARTenc(y)) (9)330

The contrastive loss is a symmetric cross-entropy331

loss over cosine similarities within each mini-batch,332

following the formulation used in CLIP:333

E = log
esim(ziEEG,z

i
text)/τ∑b

j=1 e
sim(ziEEG,z

j
text)/τ

(10)334

335

T = log
esim(zitext,z

i
EEG)/τ∑b

j=1 e
sim(zitext,z

j
EEG)/τ

(11)336

337

LCL = − 1

2b

b∑
i=1

[E + T ] (12)338

where b is the batch size, sim() is cosine similarity,339

and τ is a learnable temperature parameter.340

Combined Loss. The total training loss is a341

weighted sum of the two objectives:342

L = LLM + λ · LCL (13)343

where λ = 1.0 controls the relative weight of the344

contrastive loss.345

3.7 Noise Augmentation and Control346

Baselines347

Given that deep neural models trained on small348

datasets are prone to memorizing sensor artifacts349

and exploiting statistical shortcuts, we employ two350

complementary noise strategies.351

Gaussian Noise Augmentation. During training352

with real EEG data, we add small Gaussian noise353

(σ = 0.05) to the input signals. This prevents the354

model from memorizing specific signal patterns355

and reduces its sensitivity to sensor artifacts:356

Xaug = X+ ϵ, ϵ ∼ N (0, 0.052) (14)357

4 Experimental Setup358

We compare MindScribe with following baselines:359

• Baseline (Wang and Ji, 2022): The open-360

vocabulary EEG-to-Text model, which uses361

a Transformer encoder to process word-level362

EEG features and decodes with BART.363

• DeWave (Duan et al., 2023): Uses a quan-364

tized variational encoder to produce discrete365

codex representations from raw EEG, along366

with a pre-trained language model via con-367

trastive learning.368

4.1 Evaluation Metrics 369

BLEU Score BLEU (Bilingual Evaluation Un- 370

derstudy) measures how well generated text 371

matches reference translations by counting match- 372

ing word sequences. Higher BLEU-N values indi- 373

cate improved alignment with ground truth. 374

ROUGE Score ROUGE (Recall-Oriented Under- 375

study for Gisting Evaluation) measures how much 376

of the target text is recovered by the model’s output. 377

Higher scores suggest the model captures more 378

content words and phrases from the reference. 379

4.2 Implementation Details 380

Model training uses SGD optimization with a learn- 381

ing rate of 5× 10−5 and warmup over the first 10% 382

of training iterations, followed by cosine decay. We 383

set batch size to 16 and train for 30 epochs. CNN 384

layers use dropout of 0.2, while other components 385

use 0.1. Gaussian noise (σ = 0.05) augments the 386

EEG input during training. All experiments run on 387

a single NVIDIA A100 GPU (40GB). Full model 388

training completes in approximately 4 hours. Ad- 389

ditional hyperparameters are listed in Table 6 (Ap- 390

pendix). 391

5 Results 392

Table 1 compares our model with the baselines us- 393

ing BLEU-N and ROUGE-1 metrics. All models 394

are evaluated with teacher-forced decoding. To 395

assess real-world performance, we additionally re- 396

port results for our model without teacher forcing, 397

keeping all other settings identical. 398

Our proposed model outperforms both baselines 399

across all evaluation metrics. It achieves the highest 400

BLEU-N scores at all n-gram with notable gains 401

at N=3 and N=4, showing better text generation 402

capabilities. The model also shows consistent im- 403

provement on all three ROUGE-1 variants (R, P, F), 404

indicating stronger overlap with reference transla- 405

tions in terms of both recall and precision. 406

6 Ablation Studies 407

To show the importance of our choice to incorpo- 408

rate contrastive learning and LoRA, we conduct an 409

ablation study focusing on two critical components: 410

model’s parametric distribution and fine-tuning per- 411

formance with and without LoRA and model’s per- 412

formance on different contrastive learning weights. 413

To show our model’s true capabilities, we discuss 414

the ablations on without teacher-forcing setting. 415
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Table 1: Performance comparison of EEG-to-Text models on BLEU-N (in %) and ROUGE-1 (in %) where N=[1, 2,
3, 4]. Evaluation on NR and TSR tasks of ZuCo 1.0 and 2.0. MindScribe shows improved scores in all the metrics.

Methods BLEU-1 BLEU-2 BLEU-3 BLEU-4 R-P R-R R-F

Baseline (Wang and Ji, 2022) 13.07 5.78 2.55 1.10 15.22 18.08 16.36
DeWave (Duan et al., 2023) 21.09 10.69 5.88 3.04 22.01 29.95 24.68

MindScribe - wo/tf 20.70 6.70 2.40 0.90 19.70 15.30 16.40
MindScribe - w/tf 28.20 13.70 7.10 3.70 32.00 35.00 33.10

Table 2: Parameter distribution for different LoRA settings. Use of LoRA decreases total trainable parameters.

Architecture Encoder Proj LLM Total % Train.
Params Params Params Trainable

Fine-Tuning without LoRA 12.89M 1.18M 139.42M 153.49M 100.00%
Fine-tuning with LoRA 12.89M 1.18M 1.76M 15.84M 10.21%

6.1 Effect of LoRA Adaptation416

In this study, we examine whether LoRA can main-417

tain good performance while using fewer param-418

eters. We compared our proposed LoRA-based419

approach against a full fine-tuning configuration420

(using pre-trained BART without LoRA). Table 2421

shows the parameter distribution across both con-422

figurations proving that LoRA results in 89.68%423

decrease in total number of trainable parameters.424

On the other hand, Table 3 presents the perfor-425

mance comparison of the model with and without426

LoRA setting. Fine-tuning without LoRA results427

in decrease in model performance across all metric.428

6.2 Effect of Contrastive Learning429

To measure how effectively our contrastive loss430

forces the model to decode the actual EEG signal,431

we ablated the contrastive loss weight (λ) across432

three settings: λ = 0.0 (no contrastive alignment),433

0.1 (weak alignment), and 1.0 (our proposed con-434

figuration). Table 4 shows the result of model per-435

formance on different contrastive loss weights.436

The ablation reveals three distinct behaviors. At437

λ = 0.0, the model achieves a superficially reason-438

able BLEU-1 score of 20.4 but suffers from pos-439

terior collapse: without the contrastive constraint,440

the decoder ignores the EEG latent space and in-441

stead generates generic phrasing based on language442

model priors. This results in suppressed ROUGE-443

F1 (15.6), indicating poor semantic understanding444

of the model.445

At λ = 0.1, the contrastive loss is too weak446

compared to the generation loss. The model starts447

to align EEG and text, but the language model448

still dominates. This causes the model to generate 449

fluent text that sounds correct but doesn’t match 450

the actual EEG content. Performance drops sig- 451

nificantly (BLEU-1 falls to 0.131), even though 452

ROUGE-Recall remains high (0.190). This mis- 453

match indicates that the model produces wordy 454

outputs that share some words with the reference 455

but miss the true meaning. 456

At λ = 1.0, balancing the contrastive loss 457

equally with the generation loss solves the mode 458

collapse problem. This forces the EEG embed- 459

dings to align properly with text embeddings before 460

generating words, achieving the best performance 461

(BLEU-1: 0.207, ROUGE-F1: 0.164). This demon- 462

strates that strong alignment between modalities 463

is essential for successful brain-to-text translation. 464

The equal weighting prevents the model from ig- 465

noring the EEG signal and forces it to extract actual 466

semantic information from the brain activity. 467

7 Conclusions and Key Takeaways 468

We introduced MindScribe, a lightweight archi- 469

tecture for EEG-to-text translation that achieves 470

BLEU-1 of 28.20 (with teacher forcing) and 20.70 471

(without teacher forcing) on the ZuCo benchmark. 472

Our key findings demonstrate that (1) LoRA-based 473

parameter efficiency reduces trainable parameters 474

by 89.68% without performance degradation, and 475

(2) aggressive contrastive alignment (λ = 1.0) is 476

essential for preventing the model from ignoring 477

EEG inputs and relying solely on language priors. 478

The dual-objective training framework effectively 479

bridges the modality gap between continuous neu- 480

ral signals and discrete text tokens. Our work pro- 481
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Table 3: Model performance in different LoRA settings. Performance decreases when fine-tuned without LoRA.

Configuration BLEU-1 BLEU-2 BLEU-3 BLEU-4 R-P R-R R-F
Fine-Tuning without LoRA 18.60 5.80 2.20 1.0 17.50 14.70 15.10
Fine-Tuning with LoRA 20.70 6.70 2.40 0.90 19.70 15.30 16.40

Table 4: Impact of different contrastive loss weights (λ) on model performance.

λ BLEU-1 BLEU-2 BLEU-3 BLEU-4 R-P R-R R-F
0.0 20.40 6.70 2.50 1.00 18.40 14.70 15.60
0.1 13.10 3.80 1.40 0.50 9.80 19.0 12.20
1.0 20.70 6.70 2.40 0.90 19.70 15.30 16.40

vides practical insights for developing deployable482

BCI with improved parameter efficiency and ex-483

plicit cross-modal alignment mechanisms.484

8 Limitations485

Our model achieves BLEU-1 of 20.7 without486

teacher forcing, which remains substantially lower487

than traditional language translation systems, high-488

lighting the inherent difficulty of decoding from489

noisy EEG signals. The model is evaluated ex-490

clusively on the ZuCo dataset with limited par-491

ticipants (12-18 subjects), raising concerns about492

generalizability across diverse populations. De-493

spite using noise augmentation and dropout, the494

small dataset size makes overfitting a concern. Fi-495

nally, the model still requires eye-tracking fixation496

markers for sentence-level segmentation, limiting497

applicability to truly marker-free scenarios such as498

inner speech decoding or real-time assistive com-499

munication.500

9 Ethical Considerations501

EEG-based brain-to-text systems have potential to502

restore communication for patients with severe mo-503

tor impairments such as locked-in syndrome and504

ALS. The non-invasive nature of EEG makes this505

technology more accessible and deployable com-506

pared to invasive alternatives. However, several507

ethical concerns must be addressed. The ability to508

decode brain signals raises privacy concerns regard-509

ing unwanted mental surveillance, particularly if510

extended to inner speech decoding. Limited system511

accuracy may lead to miscommunication and harm512

if deployed prematurely in clinical settings with-513

out adequate fail-safe mechanisms. Additionally,514

training data biases could result in disparate perfor-515

mance across demographic groups, exacerbating516

existing healthcare disparities. Clear regulatory517

frameworks, informed consent protocols, and di- 518

verse dataset collection efforts are essential before 519

widespread deployment. 520

Future work should focus on developing truly 521

marker-free architectures that can decode continu- 522

ous EEG streams without eye-tracking fixations, en- 523

abling real-time brain-to-text communication. Scal- 524

ing pre-training through self-supervised learning 525

on large unlabeled EEG datasets could improve 526

generalization and reduce overfitting. Multimodal 527

fusion approaches combining EEG with comple- 528

mentary modalities such as fNIRS or MEG could 529

overcome spatial resolution limitations. Addition- 530

ally, user studies with target patient populations and 531

human evaluation of fluency and semantic accuracy 532

would provide more ecologically valid assessment 533

of system performance in real-world deployment 534

scenarios. 535
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A Architecture Details 624

Table 5 provides a detailed summary of the hier- 625

archical EEG encoder architecture, including the 626

output dimensions at each stage. 627

Table 5: Hierarchical EEG encoder layer details.

Stage Operation Output

Input — 105× T
Spatial Conv1D (k=1) + BN +

GELU
105× T

Temporal 1 Conv1D (k=3, s=2) 256× T/2
Temporal 2 Conv1D (k=3, s=2) 512× T/4
Temporal 3 Conv1D (k=3, s=2) 768× T/8
Temporal 4 Conv1D (k=3, s=2) 768× T/16
BiLSTM Hidden=384×2 768× T/16
Attention 8 heads 768× T/16

B Training Hyperparameters 628

Table 6 lists the key hyperparameters used in our 629

experiments. 630

Table 6: Training hyperparameters.

Hyperparameter Value

Learning rate 1× 10−4

Optimizer SGD
Batch size 16
Training epochs 30
LoRA rank (r) 32
LoRA alpha (α) 64
CNN dropout 0.2
Other dropout 0.1
Gaussian noise σ 0.05
Contrastive weight (λ) 1.0
Temperature (τ ) init 0.07
Warmup ratio 0.1
LR schedule Cosine decay

C Dataset split information 631

We combined the Natural Reading (NR) and Task 632

Specific Reading (TSR) from ZuCo 1.0 and ZuCo 633

8

https://openreview.net/forum?id=nZeVKeeFYf9
https://openreview.net/forum?id=nZeVKeeFYf9
https://openreview.net/forum?id=nZeVKeeFYf9
https://arxiv.org/abs/1910.13461
https://arxiv.org/abs/1910.13461
https://arxiv.org/abs/1910.13461
https://arxiv.org/abs/1910.13461
https://arxiv.org/abs/1910.13461
https://doi.org/10.54254/2753-8818/3/20220290
https://doi.org/10.54254/2753-8818/3/20220290
https://doi.org/10.54254/2753-8818/3/20220290
https://doi.org/10.1109/BigData62323.2024.10825980
https://doi.org/10.1109/BigData62323.2024.10825980
https://doi.org/10.1109/BigData62323.2024.10825980
https://doi.org/10.1109/BigData62323.2024.10825980
https://doi.org/10.1109/BigData62323.2024.10825980
https://doi.org/10.1088/1741-2552/aab2f2
https://doi.org/10.1088/1741-2552/aab2f2
https://doi.org/10.1088/1741-2552/aab2f2
https://doi.org/10.1088/1741-2552/aab2f2
https://doi.org/10.1088/1741-2552/aab2f2
https://doi.org/10.1016/j.inat.2020.100694
https://doi.org/10.1016/j.inat.2020.100694
https://doi.org/10.1016/j.inat.2020.100694
https://doi.org/10.1016/j.inat.2020.100694
https://doi.org/10.1016/j.inat.2020.100694
https://doi.org/10.1109/SMC.2019.8914184
https://doi.org/10.1109/SMC.2019.8914184
https://doi.org/10.1109/SMC.2019.8914184
https://doi.org/10.1609/aaai.v36i5.20475
https://doi.org/10.1609/aaai.v36i5.20475
https://doi.org/10.1609/aaai.v36i5.20475
https://doi.org/10.1609/aaai.v36i5.20475
https://doi.org/10.1609/aaai.v36i5.20475
https://doi.org/10.12701/jyms.2024.00668
https://doi.org/10.12701/jyms.2024.00668
https://doi.org/10.12701/jyms.2024.00668
https://doi.org/10.12701/jyms.2024.00668
https://doi.org/10.12701/jyms.2024.00668


Figure 2: Graph showing Fine-tuning results of our model with and without the use of LoRA adapter

Figure 3: Bar plot showing results on different constrative weight setting.

2.0. We used the ’Matlab’ files from the dataset’s634

repository which contained sentence-level pro-635

cessed (bad channels removed) raw EEG signals.636

It is to be noted that this data split is different from637

the split showed in the DeWave (Duan et al., 2023)638

paper which did not provide much details on how639

they arrived at such split.640

Table 7: Dataset Configuration Profile

Split Total Seq. Unique Sent.
Training 16,280 917
Validation 1,988 114
Testing 2,168 116
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