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Abstract001

We present a neuromuscular speech interface002
that translates silently voiced articulations di-003
rectly into text. We record surface electromyo-004
graphic (EMG) signals from multiple articula-005
tory sites on the face and neck as participants006
silently articulate speech, enabling direct EMG-007
to-text translation. Such an interface has the008
potential to restore communication for individ-009
uals who have lost the ability to produce intel-010
ligible speech due to laryngectomy, neuromus-011
cular disease, stroke, or trauma-induced dam-012
age (e.g., radiotherapy toxicity) to the speech013
articulators. Prior work has largely focused014
on mapping EMG collected during audible015
articulation to time-aligned audio targets or016
transferring these targets to silent EMG record-017
ings, which inherently requires audio and lim-018
its applicability to patients who can no longer019
speak. In contrast, we propose an efficient rep-020
resentation of high-dimensional EMG signals021
and demonstrate direct sequence-to-sequence022
EMG-to-text conversion at the phonemic level023
without relying on time-aligned audio.024

� PROJECT PAGE. § GITHUB1.025

1 Introduction026

Electromyographic (EMG) signals collected from027

the orofacial neuromuscular system during the028

silent articulation of speech in an alaryngeal man-029

ner can be synthesized into personalized audible030

speech, potentially enabling individuals without vo-031

cal function to communicate naturally. Moreover,032

such systems could seamlessly interface with vir-033

tual environments where audible communication034

may be disruptive (e.g., multiplayer games) or to035

facilitate telephonic conversations in noisy settings.036

A key enabler of these advancements is the rich in-037

formation encoded in EMG signals recorded from038

multiple spatially distributed locations, capturing039

1We will open-source all data and model checkpoints upon
publication of the manuscript. Due to IRB restrictions, we are
unable to release the dataset anonymously.

muscle activation patterns across different muscles. 040

This richness allows for the decoding of subtle and 041

intricate articulatory details, potentially offering 042

higher bandwidth and lower latency compared to 043

exocentric or allocentric modalities, such as video- 044

based lip-to-speech synthesis. By leveraging this 045

information, EMG-based systems offer a promising 046

foundation for natural and efficient communication 047

across a range of applications. 048

The works in Willett et al. (2023) and Met- 049

zger et al. (2023) present invasive speech brain- 050

computer interfaces (BCI). While invasive methods 051

are suitable for individuals with complete anarthria, 052

e.g., due to advanced amyotrophic lateral sclero- 053

sis, our EMG-based non-invasive speech prosthesis 054

is appropriate for individuals with a broad range 055

of speech impairments including dysarthria and 056

dysphonia/aphonia, e.g., in those who have under- 057

gone laryngectomy. Work in Défossez et al. (2023) 058

demonstrates a non-invasive BCI in which listened 059

speech segments are reconstructed from magne- 060

toencephalography (MEG) or electroencephalogra- 061

phy (EEG) signals. However, such systems are not 062

suitable for initiating communication (e.g., through 063

speech). 064

Unlike invasive methods (Willett et al., 2023; 065

Metzger et al., 2023), which can record neural ac- 066

tivity at single-neuron resolution with high signal- 067

to-noise ratios, EMG captures the aggregated ac- 068

tivity of multiple muscle motor units, with sig- 069

nals further distorted as they propagate through 070

the subcutaneous tissue and skin. These distor- 071

tions lead to spatial signal correlations across elec- 072

trodes, where activity at one sensor can influence 073

measurements at others. To model this structure, 074

we introduce symmetric positive definite (SPD) 075

matrix representations that encode second-order 076

inter-channel correlations, providing a compact and 077

discriminative representation of EMG signals. In 078

contrast to prior approaches (Défossez et al., 2023; 079

Gaddy and Klein, 2020, 2021), which learn repre- 080
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sentations by mapping time-aligned MEG, EEG,081

or EMG signals to corresponding audio, we fur-082

ther improve the translation pipeline by directly083

predicting phoneme sequences from EMG with-084

out requiring time-aligned audio. This is achieved085

using connectionist temporal classification (CTC)086

loss (Graves et al., 2006), enabling alignment-free087

sequence prediction akin to standard speech-to-text088

(S2T) translation.089

2 Prior work090

The current benchmark for silent speech interfaces091

is established by Gaddy and Klein (2020, 2021).092

In these works, electromyographic (EMG) signals093

recorded during silently articulated speech (ES)094

and audibly articulated speech (EA), together with095

the corresponding audio (A), are used to train re-096

current neural transduction models. These models097

learn a mapping from time-aligned EMG features098

(EA or ES) to audio (A). In the baseline formula-099

tion, joint representations between EA and A are100

learned during training and subsequently evaluated101

on ES . An improved variant further aligns ES with102

EA and uses the aligned features to strengthen the103

learned EMG-audio representation.104

Despite strong performance, these approaches105

have several fundamental limitations that restrict106

their applicability in real-world clinical settings.107

Specifically, they require: 1⃝ access to high-quality108

EA and audio A, which may be unavailable or un-109

reliable in individuals with impaired articulation,110

such as laryngectomy (absence of laryngeal voic-111

ing) or ALS (degraded acoustic recordings due to112

bulbar impairment); 2⃝ the need for a 2x sized train-113

ing corpus for learning x representations (requir-114

ing both EA and ES); and 3⃝ accurate temporal115

alignment between EMG and audio streams, which116

is computationally expensive and difficult to ob-117

tain robustly, thereby limiting scalability and near118

real-time deployment. In contrast, our approach119

eliminates these dependencies entirely by training120

directly on ES paired only with phonemic transcrip-121

tions, without any EMG-audio alignment, using the122

CTC objective.123

A geometric perspective on EMG representation124

is introduced in Gowda et al. (2024). That work125

shows that, unlike images or audio signals, which126

are functions sampled on Euclidean grids, multi-127

channel EMG signals are more naturally modeled128

through covariance structure, whose intrinsic ge-129

ometry lies on the manifold of symmetric positive-130

definite (SPD) matrices. While Gowda et al. (2024) 131

focus primarily on classification of isolated artic- 132

ulatory gestures or phoneme segments, we extend 133

this framework to sequence-to-sequence EMG-to- 134

phoneme modeling, enabling continuous speech 135

decoding. We present a detailed literature review 136

and broad comparisons with other brain-computer 137

interfaces (BCI) in appendix A. 138

2.1 Our contribution 139

We make two primary contributions. 140

First, we open-source one of the largest high- 141

quality EMG-to-speech datasets collected during 142

silent speech articulation (ES). The dataset com- 143

prises approximately 8 hours of EMG speech 144

data from a healthy participant, covering a large- 145

vocabulary corpus with over 6500 unique words. 146

To the best of our knowledge, it is among the 147

most comprehensive publicly available resources 148

for EMG-to-speech research to date. 149

Second, we demonstrate that symmetric positive 150

definite (SPD) matrices provide a natural and suffi- 151

cient spatial representation of EMG for EMG-to- 152

text decoding. Motivated by the physiological view 153

of EMG as arising from the additive superposition 154

of motor unit action potentials (Farina et al., 2014), 155

we use SPD matrices to model the spatial structure 156

of multichannel muscle activity. Temporal dynam- 157

ics are then captured using a simple vanilla GRU 158

operating on eigenvalue-based representations of 159

the SPD matrices, followed by CTC loss. This 160

straightforward architecture aligns with modern 161

speech-to-text modeling paradigms while remain- 162

ing physiologically interpretable and enabling ro- 163

bust phoneme-by-phoneme decoding. 164

Our system is trained using only silently artic- 165

ulated EMG signals and their corresponding text 166

transcriptions, and performs phoneme-level decod- 167

ing directly from EMG followed by phoneme-to- 168

word transcription. Unlike prior EMG-to-speech 169

systems (Gaddy and Klein, 2020, 2021; Benster 170

et al., 2024), our approach does not assume access 171

to time-aligned EMG-audio pairs at any stage. Cru- 172

cially, these results provide evidence that linguisti- 173

cally meaningful speech structure can be inferred 174

from muscle activity alone and transcribed into 175

words using only EMG. 176

Because our setting targets unaligned EMG- 177

to-text generation without parallel audio supervi- 178

sion, there are no existing benchmarks that en- 179

able direct one-to-one comparisons. Nevertheless, 180

we compare our methods against baselines from 181
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EMG2QWERTY (Sivakumar et al., 2024). This com-182

parison is well-motivated because both tasks in-183

volve decoding discrete linguistic sequences from184

EMG using closely related modeling and decod-185

ing pipelines, making EMG2QWERTY a robust and186

widely used benchmark for contextualizing our187

methods.188

3 Methods189

EMG signals are collected by a set of sensors V190

and are functions of time t. A sequence of EMG191

signals ES corresponding to silently articulated192

speech, associated with audio A and phonemic con-193

tent L, is represented as ES = {fv(t)}∀ v ∈V . Here,194

fv(t) denotes the EMG signal captured at a sensor195

node v as a function of time t. The audio signal196

A encodes both phonemic (lexical) content and ex-197

pressive aspects of speech, such as volume, pitch,198

prosody, and intonation, while L represents purely199

the phonemic content—a sequence of phonemes.200

For instance, the phonemic content L of the word201

<FRIDAY> is denoted by the phoneme sequence202

<F-R-IY-D-AY>.203

To model the mapping from ES to L, we employ204

a sequence-to-sequence model trained using CTC205

loss. This approach allows us to train the model206

with unaligned pairs of ES and L, eliminating the207

need for precise alignment between the input sig-208

nals and their corresponding phoneme sequences.209

During testing, a sample of ES not in the training210

set outputs probabilities over all possible phonemes211

(40 of them in our case) at every time step, and we212

construct L using beam search. L is then converted213

to words using a language model.214

3.1 EMG data representation215

Gowda et al. (2024) demonstrate that the mani-216

fold of SPD matrices serves as an effective em-217

bedding space for EMG signals, enabling the nat-218

ural distinction of different orofacial movements219

associated with speech articulation and all English220

phonemes using raw signals. We make signifi-221

cant improvements on their methods to perform222

phoneme-by-phoneme decoding as opposed to clas-223

sification paradigms and demonstrate our methods224

on continuously articulated speech in the English225

language as opposed to discrete word or phoneme226

articulations.227

We construct a complete graph G = (V, E(τ))228

to represent the functional connectivity of EMG229

signals, where E(τ) denotes the set of edges over a230

time window τ = [tSTART, tEND]. The edge weight 231

between two nodes v1 and v2 ∈ V within this time 232

window is defined as e12 = e21 = 1
τ fTv1fv2 , which 233

corresponds to the covariance of the signals at those 234

nodes during the interval. Consequently, the edge 235

(adjacency) matrix E(τ) is symmetric and posi- 236

tive semi-definite. To ensure positive definiteness, 237

we convert the semi-definite adjacency matrices 238

to definite matrices by applying the transforma- 239

tion E ← (1− η)E + η trace(E) I , where I is the 240

identity matrix of the same dimension as E . We em- 241

pirically found that η = 0.1 suffices for all our data. 242

We then model these symmetric positive definite 243

(SPD) matrices using a Riemannian geometry ap- 244

proach via Cholesky decomposition, as described 245

by Lin (2019). 246

For any adjacency matrix E , we can express it as 247

E = UΣUT , where U is the matrix of eigenvectors, 248

and Σ is a diagonal matrix containing the corre- 249

sponding eigenvalues. However, instead of calcu- 250

lating U for each E at every time-step τ , we fix an 251

approximate common eigenbasis Q derived from 252

the Fréchet mean F (Lin, 2019) of all adjacency 253

matrices (at different time points) in the training 254

set. Specifically, we compute F as the geometric 255

mean of all E , and decompose it as F = QΛQT , 256

where Q contains the eigenvectors of F , and Λ is a 257

diagonal matrix of its eigenvalues. 258

Using this fixed eigenbasis Q, any adjacency 259

matrix E can be approximately diagonalized as 260

QTEQ, yielding a sparse matrix σ (see figure 7). 261

This formulation allows us to work in an approx- 262

imate graph spectral domain with a consistent or- 263

thogonal basis across all time windows τ . For our 264

task, we compute the graph spectral sequences σ 265

for all time windows τ and use these as inputs for 266

EMG-to-language translation. We illustrate these 267

concepts in figure 1. 268

Fréchet mean: Given a set of SPD edge ma- 269

trices E(τ) over different time windows τ , we 270

first calculate their corresponding Cholesky decom- 271

positions L(τ) = CHOLESKY(E(τ)), such that 272

E(τ) = L(τ)L(τ)T . Then, the Fréchet mean of 273

the Cholesky decomposed matrices L(τ) is given 274

by 275

FCHOLESKY =
1

n

n∑
i=1

⌊L(τi)⌋

+ exp

(
1

n

n∑
i=1

log
(
D(L(τi))

))
.

276
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Figure 1: LEFT: EMG-to-phoneme translation pipeline. Bandpass-filtered and z-normalized EMG signals are
converted into SPD edge matrices E(τ), which are approximately diagonalized to σ(τ) and passed through a BiGRU.
The model outputs phoneme probabilities P (τ) every 20 ms. The most probable phoneme sequence is decoded
using beam search. RIGHT: Illustration of the geometry of SPD matrices in 3D. Edge matrices from individuals
A (blue) and B (green) are shown on a convex cone manifold, with their corresponding Fréchet means in purple
and yellow, respectively. The tangent spaces at A and B differ (because the surface is curved), and the induced
transformations in R|V| reflect a change of basis. Inset: eigenvectors of individual A.

The Fréchet mean F on the manifold of SPD277

matrices is calculated as278

F = FCHOLESKYFT
CHOLESKY.279

In the above equation, ⌊L(τ)⌋ is the strictly lower280

triangular part of the matrix L(τ), and D(L(τ)) is281

the diagonal part of the matrix L(τ).282

3.2 EMG-to-phoneme sequence translation283

We implement a gated recurrent unit (GRU)284

architecture for EMG-to-phoneme sequence-to-285

sequence modeling. The input to the GRU con-286

sists of a sequence of approximately diagonalized287

matrices, denoted as σ, derived over different time288

windows τ . At each time step, the GRU model out-289

puts probability distributions over 40 phonemes290

in the English language. The model is trained291

using CTC loss, and during inference, the most292

probable phoneme sequence is reconstructed using293

beam search decoding. The end-to-end EMG-to-294

language translation model is depicted in figure 1.295

3.3 Geometric perspective aligns well with296

biology297

We model multivariate EMG signals recorded at298

|V| sensor nodes over different time windows τ299

using symmetric edge matrices E(τ) ∈ R|V|×|V|,300

which capture pairwise relationships between sen- 301

sor channels. Each matrix E(τ) can be interpreted 302

as defining a linear transformation of the sensor 303

space R|V|, reflecting the spatial structure of EMG 304

activity at time τ . This transformation admits a 305

spectral interpretation: when E(τ) is symmetric, it 306

can be diagonalized as 307

E(τ) = UΣ(τ)U⊤, 308

where U is an orthonormal matrix whose columns 309

are the eigenvectors of E(τ), and Σ(τ) is a diagonal 310

matrix of eigenvalues. In this eigenbasis coordinate 311

system, the transformation of space is expressed as 312

a weighted combination of the eigenvectors, with 313

the eigenvalues in Σ(τ) serving as scaling coef- 314

ficients. To reduce variability across time and to 315

enable sequential modeling, we fix an approximate 316

eigenbasis Q ∈ R|V|×|V|, and project each edge 317

matrix into this basis: 318

σ(τ) = Q⊤E(τ)Q, 319

yielding an approximately diagonal matrix σ(τ). 320

The diagonals of σ(τ) approximate the eigenvalues 321

of E(τ) in the shared basis Q, providing a compact 322

summary of the EMG activity at each time window. 323

These sequences of approximate eigenvalues can 324
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then be directly modeled using a recurrent neural325

network to capture temporal dynamics. This formu-326

lation aligns with the physiological origin of EMG327

signals: the surface EMG measurement arises from328

an additive superposition of motor unit action po-329

tentials, resulting in a structure that is naturally330

well-represented in an eigenbasis. This contrasts331

with modalities like speech audio, which are better332

modeled as time-varying filters applied to time-333

varying sources (Sivakumar et al., 2024). Impor-334

tantly, the eigenbasis Q is subject-specific. EMG335

signals from different individuals induce different336

transformations E(τ) and therefore have different337

eigenvectors, reflecting anatomical and physiologi-338

cal variability such as subcutaneous fat thickness,339

muscle fiber composition, conduction velocities,340

and neural drive. Consequently, distribution shifts341

across individuals can be interpreted as a change342

of basis in the sensor space R|V|.343

4 Data344

We curate a large-vocabulary silent-speech EMG345

dataset with the number of articulated sentences346

comparable to those used in Willett et al. (2023);347

Metzger et al. (2023). We adapt the language cor-348

pora from Willett et al. (2023), which was orig-349

inally developed for a speech brain-computer in-350

terface that translates motor-cortex neural activ-351

ity into text. Our corpus contains approximately352

6500 unique words and 11000 sentences. Unlike353

Gaddy and Klein (2020, 2021), we collect only354

silent-speech EMG (ES), and do not collect audi-355

bly articulated EMG (EA) or audio (A). As a result,356

our task is to translate ES to language without re-357

lying on any time-aligned EA or A supervision.358

For phoneme-to-word decoding, we use a small359

weighted finite-state transducer (WFST) language360

model trained on transcripts from LibriSpeech-100361

(Panayotov et al., 2015), which contain roughly362

38000 sentences and 35000 unique words. See363

appendix C for additional experiments.364

4.1 Experimental details365

We record EMG signals from 31 sites distributed366

across the neck, chin, jaw, cheek, and lips using367

monopolar electrodes. Data are acquired using an368

ACTICHAMP PLUS amplifier with active electrodes369

from BRAIN VISION (Brain Vision), sampled at370

5000 Hz. To ensure low-impedance contact be-371

tween the electrodes and the skin surface, we apply372

SUPERVISC, a high-viscosity electrolyte gel from373

EASYCAP (Easycap). We develop a custom soft- 374

ware suite in a PYTHON environment to present 375

visual cues to participants and to collate and store 376

timestamped EMG data. Time synchronization 377

across data streams is handled using Lab Streaming 378

Layer (LSL: LSL). Figure 2 illustrates the electrode 379

placement. In addition to the 31 data electrodes, a 380

GROUND electrode (marked GND) is placed on the 381

left earlobe, and a REFERENCE electrode (marked 382

as electrode 32) is placed on the right earlobe. 383

Before signal acquisition, participants are 384

briefed on the experimental protocol and seated 385

comfortably. For silent speech data (ES), par- 386

ticipants are instructed to articulate naturally but 387

without producing audible speech. Sentence onset 388

and offset are manually timestamped using mouse 389

clicks by the participant. When ready to articulate a 390

sentence, the participant clicks the mouse, causing 391

the sentence to appear on the screen. After com- 392

pleting the articulation, the participant clicks again 393

to mark the end of the sentence, at which point the 394

sentence disappears from the display. This protocol 395

allows participants to articulate each sentence at 396

their own comfortable pace. 397

The data collection environment is carefully 398

controlled to minimize AC electrical interfer- 399

ence. EMG signals undergo minimal preprocessing. 400

Specifically, the signal from the REFERENCE chan- 401

nel (electrode 32) is subtracted from all other chan- 402

nels. The resulting signals are bandpass filtered 403

using a third-order Butterworth filter with cutoff 404

frequencies of 80 and 1000 Hz, and segmented into 405

individual sentences using synchronized start and 406

end timestamps. Each segmented sentence is sub- 407

sequently z-normalized along the time dimension 408

on a per-channel basis. The preprocessed EMG 409

signals are then used to construct a fully connected 410

sensor graph, E(τ), along with its approximately 411

diagonalized representation, σ(τ). 412

The electrodes are positioned over anatomical re- 413

gions that directly overlie muscle groups involved 414

in speech articulation, providing coverage of key 415

articulators such as the tongue, jaw, lips, and lar- 416

ynx. Electrode locations 19, 21, 3, and 1 approxi- 417

mately overlie the hyoglossus, palatoglossus, and 418

styloglossus muscles. These muscles, located pri- 419

marily in the lower cheek and tongue regions, play 420

a central role in tongue shaping and movement 421

and are consistently recruited across a wide range 422

of articulatory gestures. Muscles in the upper 423

and posterior cheek regions—such as the masseter 424

and temporalis, which control jaw motion, and 425
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Figure 2: LEFT: Electrode placement on the left side of the neck. MIDDLE: Electrode placement on the right side
of the neck. RIGHT: Electrode placement on the left cheek.

the zygomaticus, which contributes to upper lip426

elevation—correspond approximately to electrode427

regions around nodes 22, 18, 17, and 15 in fig-428

ure 2. Electrodes located beneath the jaw capture429

activity from muscles involved in tongue protru-430

sion and jaw-tongue coordination, including the431

genioglossus (near electrodes 8, 9, 23, and 25) and432

the digastric. Finally, electrodes near the laryngeal433

region (nodes 6, 7, 10, 11, 26, and 27) reflect activ-434

ity from muscles that modulate laryngeal and hyoid435

position—such as the sternohyoid, stylohyoid, and436

digastric—which contribute to pitch modulation,437

vowel shaping, and coordinated jaw movement.438

5 Results439

We use a timestep τ of 20 ms, implemented as a440

sliding window with 50 ms of overlapping context441

and a 20 ms step size, to compute E(τ) and σ(τ),442

both of which are SPD matrices of size 31×31. The443

matrices σ(τ) are then input to a GRU for EMG-to-444

phoneme sequence translation. The dataset is split445

into training, validation, and test sets consisting of446

8000, 1000, and 1970 sentences, respectively. Sen-447

tences in the test set are not present in the training448

and validation sets. The model depicted in figure 1449

is trained using 3 GRU layers for 100 epochs, and450

the weights corresponding to the lowest validation451

loss are selected.452

In table 1, we report phoneme error rate (PER)453

and word error rate (WER), computed as the nor-454

malized Levenshtein distance between the refer-455

ence and predicted sequences at the phoneme456

and word levels, respectively. To compute WER,457

we convert predicted phoneme sequences into458

word sequences using weighted finite-state trans-459

ducer (WFST) decoding. We use transcripts from 460

LibriSpeech-100 (Panayotov et al., 2015) (approxi- 461

mately 38000 sentences and 35000 unique words) 462

to build the lexicon and language model. Follow- 463

ing Mohri et al. (2008)2, we compose the CTC 464

topology FST H, lexicon FST L, and an n-gram lan- 465

guage model FST G into a single decoding graph, 466

HLG = H ◦ L ◦ G. Specifically, H encodes the al- 467

lowable label sequences under the CTC criterion, L 468

maps phoneme sequences to word sequences, and 469

G is constructed from a 4-gram language model 470

trained with KenLM (Heafield, 2011). At inference 471

time, we perform beam search over HLG with a 472

beam width of 50 to obtain the best-scoring word 473

sequence. 474

For comparison with prior work, we derive EMG 475

spectrograms, in which we match the temporal res- 476

olution to that of the SPD features (50 ms window 477

and 20 ms hop). We compute STFT (short-time 478

Fourier transform) with nFFT = 256 (129 linear- 479

frequency bins) and then average-pool the fre- 480

quency axis down to 31 bins per channel. This 481

produces per-frame tensors of shape 31 channels 482

× 31 frequency bins, paralleling the 31 × 31 shape 483

of σ(τ). 484

Unlike SPD matrices σ(τ), which encode cross- 485

channel articulatory structure and allow a vanilla 486

GRU to learn meaningful temporal dependencies, 487

raw spectrograms do not provide an equivalent in- 488

ductive bias. When we use spectrograms as GRU 489

inputs, the model collapses to predicting a small set 490

of phoneme sequences largely independent of the 491

2We use the WFST decoding implementation provided by

ICEFALL

(
github.com/k2-fsa/icefall

)
.
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Table 1: Mean PER and WER. Lower values indicate
better performance.

MODEL PER(% ↓) WER(% ↓)

BASELINE

(SPECTROGRAM)
89.25 100

MATRICES σ(τ)
(OURS)

48.47 73.53

input, which made phoneme-to-word decoding un-492

reliable and resulted in a WER of 100% (table 1).3493

In figure 3, we study how model capacity affects494

phoneme error rate (PER). We vary the number of495

GRU layers and the hidden-state dimensionality,496

which changes the total number of trainable param-497

eters N . Across the range of models explored, PER498

decreases as N increases and is approximately con-499

sistent with a power-law-like trend, PER ∝ N−β500

for β > 0, similar in spirit to empirical scaling501

behaviors reported for neural language models (Ka-502

plan et al., 2020). The observed trend suggests a503

predictable relationship between model capacity504

and decoding accuracy in this setting. Notably,505

even a single-layer GRU attains a PER of 56%,506

with deeper and wider models yielding further im-507

provements.508

In figure 4, we examine how the amount of train-509

ing data affects PER. We vary the number of train-510

ing sentences M while keeping the validation and511

test sets fixed. PER again decreases with more data512

and is approximately consistent with a power-law-513

like trend over the range explored, PER ∝ M−β514

for β > 0 (Kaplan et al., 2020). The result indicates515

a regular relationship between data availability and516

decoding accuracy in our EMG-to-phoneme set-517

ting. Together, these trends suggest that scaling518

both model capacity and data can improve perfor-519

mance, with diminishing returns at larger sizes.520

3One might argue that spectrogram inputs could be made
more amenable to recurrent modeling through careful normal-
ization. To enable a fair comparison with SPD matrices, we
keep the decoding pipeline identical across representations:
we feed either SPD matrices σ(τ) or raw spectrogram features
into the same GRU decoder. However, on the EMG2QWERTY
benchmark (Sivakumar et al., 2024), we still find that σ(τ)
outperforms normalized spectrogram features. Our primary
motivation for this comparison is to highlight that, with an
SPD-matrix representation, EMG-to-text translation is feasi-
ble even with an architecture that mainly models temporal
dependencies and performs no explicit spatial modeling (i.e.,
a vanilla GRU), because cross-channel structure is already
captured by second-order (covariance) features. In contrast,
spectrogram features do not appear to confer the same induc-
tive bias under an otherwise identical recurrent decoder. This
result should be interpreted in that context.
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Figure 3: Model size versus PER for EMG-to-phoneme
translation.
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Figure 4: Training data size versus PER for EMG-to-
phoneme translation.

5.1 Comparison with prior work 521

To the best of our knowledge, there is no prior work 522

that performs ES-to-language conversion without 523

using EA or A on large English language cor- 524

pora with CTC loss. Therefore, we compare our 525

methods on the EMG2QWERTY dataset introduced 526

by Sivakumar et al. (2024). In this dataset, sub- 527

jects wear EMG wristbands on both hands and 528

touch-type on a QWERTY keyboard. The goal 529

is to decode the resulting EMG signals into a se- 530

quence of characters using CTC loss. Although the 531

physical actions involved in EMG-to-text decoding 532

and EMG2QWERTY differ, the underlying machine 533

learning principles remain similar. 534

To enable a fair comparison, we conduct con- 535

trolled experiments in which we replace the origi- 536

nal log-spectrogram features from Sivakumar et al. 537

(2024) with SPD matrices σ(τ). Apart from sub- 538

stituting the features, we omit their SPECAUG- 539

MENT data augmentation strategy—this should not 540

compromise the fairness of the comparison, as 541

SPECAUGMENT was shown to improve their per- 542

formance. Additionally, we train our models for 543

250 epochs (compared to 150 in their setup, where 544

their model converged early), and apply a weight 545

decay of 10−3 to the Adam optimizer to ensure 546

stable training. 547

We focus on a specific case from Sivakumar 548

et al. (2024), in which personalized models are 549

7



Table 2: Comparison between our proposed methods and those presented by (Sivakumar et al., 2024), with all
results averaged over 8 subjects. Parameter size and FLOPs are identical across all the models. Lower CER is better.
The CER improvement arising from our method is statistically significant (p < 0.015). LM: language model.

NO LM 6-GRAM CHAR-LM
VAL CER (% ↓) TEST CER (% ↓) VAL CER (% ↓) TEST CER (% ↓)

BASELINE (SPECTROGRAM)
(Sivakumar et al., 2024) 15.65± 5.95 15.38± 5.88 11.03± 4.45 9.55± 5.16

MATRICES σ(τ) (OURS) 14.33± 5.27 14.03± 5.27 9.61± 3.84 7.95± 4.54

Sivakumar et al. Ours

7.5

10.0

12.5

15.0

17.5

20.0

22.5

25.0

27.5

CE
R 

(%
)

Test CER

Sivakumar et al. Ours
2.5

5.0

7.5

10.0

12.5

15.0

17.5

20.0

CE
R 

(%
)

Test CER (6-gram char-LM)

Figure 5: Results for individual subjects in EMG2QWERTY dataset. Each dot represents an individual test subject,
with connecting lines indicating within-subject performance across different models. The boxplots summarize the
median and interquartile range of the results. Our method improves performance for all subjects except USER6.

trained independently for each individual, starting550

from random weight initialization. The zero-shot551

paradigm, in which a model is trained on data from552

100 subjects and evaluated on 8 unseen individuals,553

as well as the personalized fine-tuning paradigm,554

in which individual models are initialized with555

generic weights pretrained on 100 subjects, are556

beyond the scope of this work. In this paper, we557

restrict our investigation to personalized models558

trained from scratch.559

The results are presented in table 2. As shown,560

our proposed methods outperform the baseline ap-561

proaches reported by Sivakumar et al. (2024), with562

just one simple modification. These findings sup-563

port the effectiveness of our approach, which is564

specifically designed to reflect the underlying bio-565

logical structure of EMG signals.566

In figure 5, we present subject-wise character567

error rates (CER). Our method improves perfor-568

mance for all users except USER6. When decoding569

is performed without a language model, we ob-570

serve an 8.8% relative improvement in CER. With571

a 6-gram character level language model (6-gram572

char-LM), the relative improvement is 16.8%4.573

4For reference, in a personalized finetuning paradigm,
Sivakumar et al. (2024) first trained a generic model on data

6 Conclusion 574

We show that continuous speech can be inferred 575

from orofacial EMG by decoding articulations 576

phoneme-by-phoneme. This formulation is well 577

matched to the physiology of speech production: 578

phonemes are defined by place and manner of artic- 579

ulation, which should be expressed in coordinated 580

patterns of orofacial muscle activity. Our approach 581

is simple and interpretable: SPD matrices capture 582

spatial structure in multichannel EMG, and a GRU 583

models temporal dynamics. In our evaluation, we 584

obtain a phoneme error rate (PER) of 49%, substan- 585

tially below the chance-level PER of approximately 586

98%, providing strong evidence that direct EMG- 587

to-text transcription is feasible. Although word 588

error rate (WER) remains modest and experiments 589

are currently limited to a single subject, these re- 590

sults establish a concrete baseline and motivate 591

future work on improved modeling, stronger de- 592

coding, and broader validation across participants. 593

from 100 subjects (nearly 100× more data) and then finetuned
it on 8 individual subjects, achieving a CER of 11.29% with-
out a language model and 6.95% with a 6-gram character LM.
The 6.95% result reflects a strong performance ceiling enabled
by large-scale pretraining. In comparison, our 7.95% CER is
obtained using only per-subject training (approximately 100×
less data) and is already close to this ceiling, highlighting the
effectiveness of our approach.
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7 Limitations594

This work primarily focuses on demonstrating that595

linguistic content can be decoded from EMG sig-596

nals alone, phoneme-by-phoneme, and then recon-597

structed into words. To our knowledge, this has598

not previously been shown in the context of gen-599

eral English corpora using methodologies widely600

adopted in modern speech-to-text paradigms. We601

view this as a necessary milestone in a longer-term602

research effort on which future advances can build;603

however, several limitations remain.604

First, our current model uses a bidirectional605

GRU, which requires access to the full sentence606

before decoding and therefore does not support607

streaming, low-latency use. In follow-up work608

(� https://myoverse.github.io/), we address609

this limitation by using causal models that rely only610

on local past context and by directly converting611

EMG sequences to speech.612

Second, this study is demonstrated on a sin-613

gle healthy participant, so the results do not614

yet establish robustness across individuals or615

clinical populations. In a follow-up study616

(� https://myoverse.github.io/), we extend617

the same overall approach to an individual with618

amyotrophic lateral sclerosis (ALS).619

Third, we do not evaluate sustained, long-term620

performance of this non-invasive neuroprosthesis621

across days or months, including the effects of elec-622

trode shifts, fatigue, and other sources of day-to-623

day variability. In contrast, prior work on inva-624

sive neuroprostheses has reported stability over ex-625

tended periods in related decoding settings, includ-626

ing brain-to-text (Fan et al., 2023) and cursor-based627

brain-computer interfaces (Wilson et al., 2025).628

Finally, we do not explore whether large-scale629

pretrained EMG models can improve decoding per-630

formance or reduce the amount of subject-specific631

data required. Related work on EMG-based key-632

board typing (EMG2QWERTY) suggests that pre-633

training on data from many individuals can improve634

accuracy after fine-tuning, although zero-shot per-635

formance remains limited (Sivakumar et al., 2024).636

Speech is likely more challenging than discrete key637

typing, and future work should investigate how to638

build and effectively leverage large-scale pretrained639

models for EMG-to-speech translation.640

We are actively addressing these limitations641

through ongoing longitudinal studies and by ex-642

panding data collection to build larger EMG-to-643

speech corpora from individuals with diverse clini-644

cal etiologies, including ALS and laryngectomy. 645

8 Ethical considerations 646

Research was conducted in accordance with the 647

principles embodied in the Declaration of Helsinki 648

and with approval from the home institution’s In- 649

stitutional Review Board (IRB). All participants 650

provided written informed consent. All partici- 651

pants also provided consent for publication of dei- 652

dentified data. Volunteers of any gender and from 653

all racial and ethnic groups were eligible to par- 654

ticipate. Participants were required to be at least 655

18 years old, able to understand spoken and writ- 656

ten English, and able to follow task instructions. 657

Participants had no skin conditions or wounds at 658

electrode placement sites and were excluded if they 659

had uncorrected vision problems. Children, indi- 660

viduals unable to provide informed consent, and 661

prisoners were not included in the experiments. 662
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A Detailed literature review810

Here, we review prior work on speech neural and811

neuromuscular interfaces and contextualize our re-812

sults relative to state-of-the-art methods. A substan-813

tial body of research (Jou et al., 2006; Kapur et al.,814

2020; Meltzner et al., 2018; Toth et al., 2009; Janke815

and Diener, 2017; Diener et al., 2018; Littlejohn816

et al., 2025) has laid the groundwork for EMG-817

based speech interfaces. Among the earliest stud-818

ies, Jou et al. (2006) demonstrate EMG-to-speech819

conversion on a small corpus of 50 sentences. Ka-820

pur et al. (2020) use a corpus of 15 sentences and,821

rather than performing phoneme-level decoding,822

formulate the task as a 15-way classification prob-823

lem. Meltzner et al. (2018) study EMG-to-text824

recognition for isolated words, phrases drawn from825

a∼200-word vocabulary, and continuous sentences826

using a custom grammar-based recognition model827

over a set of 1200 scripted phrases. Toth et al.828

(2009) present EMG-to-speech conversion on a829

corpus of 500 sentences. Janke and Diener (2017)830

demonstrate EMG-to-speech conversion using up831

to two hours of data and 2000 utterances.832

Overall, these studies rely on private datasets833

and task-specific pipelines, and they typically eval-834

uate on small, constrained corpora. In addition,835

the works do not release full implementations (e.g.,836

code repositories) or sufficient methodological de-837

tails to enable direct reproducibility. As a result, it838

is difficult to directly compare performance across839

systems, and all the above results do not establish840

generalization to open-vocabulary English settings.841

A reproducible benchmark for open-vocabulary842

EMG-to-speech conversion was introduced by843

Gaddy and Klein (2020, 2021). However, these844

works rely on time-aligned EMG-audio pairs for845

training. Building on Gaddy and Klein (2021), Ben-846

ster et al. (2024) propose an approach that leverages847

an audio-only corpus in addition to paired EMG-848

audio data. While effective in the benchmark set-849

ting, such methods cannot be deployed in clinical850

scenarios where parallel EMG-audio recordings851

may be unavailable or unreliable. On the large-852

vocabulary corpus, Gaddy and Klein (2020) report853

a word error rate (WER) of 68%, and Gaddy and854

Klein (2021) reduce this to 42%. Littlejohn et al.855

(2025) report a WER of 74% on the Gaddy and 856

Klein (2020) dataset using a CNN+RNN transducer 857

model; however, their train-test splits and imple- 858

mentation details are not publicly available, which 859

prevents direct comparison. In our setting, we ad- 860

dress a harder learning problem by not assuming 861

time-aligned EMG-audio pairs during training, and 862

we report a WER of 73% on an open-vocabulary 863

corpus. We emphasize that these WER values 864

should not be compared one-to-one across studies, 865

since the data collection setup, training targets and 866

alignment assumptions, problem formulation, and 867

evaluation methodology differ substantially. We 868

report these results to provide context relative to 869

prior EMG-based speech interfaces. 870

To address these limitations, we build on widely 871

used methods in speech-to-text (S2T) domain by 872

adapting them to the EMG setting through princi- 873

pled, articulatorily motivated design choices. 874

Previous work by Gowda and Miller (2024) 875

demonstrated the effectiveness of SPD matrices 876

in decoding discrete hand gestures from EMG sig- 877

nals collected from the upper limb. Furthermore, 878

SPD matrix representations have been extensively 879

utilized to model electroencephalogram (EEG) sig- 880

nals, although they have never been applied to com- 881

plex tasks such as sequence-to-sequence speech de- 882

coding. For example, Barachant et al. (2011, 2013) 883

employed Riemannian geometry frameworks for 884

classification tasks in EEG-based brain-computer 885

interfaces, while Sabbagh et al. (2019) developed 886

regression models based on Riemannian geometry 887

for biomarker exploration using EEG data. 888

The novelty of our work lies in the algebraic in- 889

terpretation of manifold-valued data through linear 890

transformations, and the development of models 891

for complex sequence-to-sequence tasks. This ap- 892

proach moves beyond the conventional applications 893

of classification and regression. 894

B Additional results 895

In figure 6, we summarize the distribution of WER 896

and PER across all 1970 sentences in the test set. 897

The mean PER is 48.47%, far below the chance- 898

level PER of approximately 1− 1
40 = 97.5% under 899

uniform random guessing over 40 phoneme labels. 900

The mean WER is 73.53%, and the gap between 901

WER and PER suggests that, even when word- 902

level transcriptions are incorrect, the predicted se- 903

quences often remain phonetically plausible. We 904

show qualitative EMG-to-text transcription exam- 905
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Figure 6: Distributions of WER and PER across all
1970 sentences in the test set. Means are shown in red.

ples in table 5.906

σ(τ) are sparse matrices: in figure 7, we show907

that σ(τ) is sparser than E(τ); its off-diagonal en-908

tries are small relative to its diagonal, i.e., σ(τ) is909

closer to a diagonal matrix than E(τ).910
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Figure 7: Blue: dataset average of
max
(
|offdiag(E(τ))|

)
max
(
diag(E(τ))

)
over all τ in the train, validation, and test sets. Red:

dataset average of
max
(
|offdiag(σ(τ))|

)
max
(
diag(σ(τ))

) over all τ in the

train, validation, and test sets. The consistently lower
ratio for σ(τ) indicates that it is closer to diagonal (and
thus sparser) than E(τ). We use the sparse SPD matrices
σ(τ) for EMG-to-text translation.

C Additional experiments 911

Here, we present additional experiments on small- 912

vocabulary data and on recordings from multi- 913

ple subjects. The motivation for using small- 914

vocabulary data is to test whether we can achieve 915

high decoding accuracy in a closed-vocabulary set- 916

ting, supporting a minimum-viable neuroprosthesis. 917

The motivation for evaluating multiple subjects is 918

to assess whether our approach generalizes across 919

individuals. 920

We curate DATA SMALL-VOCAB, a timestamped 921

dataset of isolated and connected words, and 922

DATA NATO-WORDS, a compact codeword dataset 923

based on the NATO phonetic alphabet that enables 924

training a generalizable language-to-spelling model 925

with minimal data. 926

C.1 DATA SMALL-VOCAB 927

We curate a limited-vocabulary dataset consisting 928

of 67 unique words. These words include week- 929

days, ordinal dates, months, and years. Sentences 930

are constructed in the format <WEEKDAY-MONTH- 931

DATE-YEAR>. A single participant silently ar- 932

ticulated 500 such sentences, and the resulting 933

EMG data, denoted as ES , are translated into out- 934

put phoneme sequences. We have timestamps 935

that mark the beginning and end of each word 936

(or grouped words) within a sentence. We record 937

EMG from 31 electrode sites at a sampling rate of 938

5000 Hz. For details about electrode placement and 939

the experimental setup, please refer to section 4.1. 940

The sentences were presented as individual words 941

(or grouped words), demarcated by timestamps, 942

and displayed as follows: 943

<
t=0

WEEKDAY >
t=2 s

− <
t=2 s

MONTH >
t=4 s

944

945
<

t=4 s
DATE >

t=6 s
− <

t=6 s
YEAR >

t=9 s
, 946

where each segment occurs sequentially in time. 947

948

Results: we use a timestep τ of 50 ms, im- 949

plemented as a sliding window with 100 ms of 950

overlapping context and a 50 ms step size, to 951

compute E(τ) and σ(τ), both of which are SPD 952

matrices of size 31 × 31. The matrices σ(τ) 953

are then input to a GRU for EMG-to-phoneme 954

sequence translation. The dataset is split into 955

training, validation, and test sets consisting of 956

370, 30, and 100 sentences, respectively. The 957

model depicted in figure 1 is trained using a 958

single GRU layer for 100 epochs, and the weights 959
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corresponding to the lowest validation loss are960

selected.961

In table 3, we report the phoneme error rate962

(PER) and word error rate (WER), computed using963

the Levenshtein distance between the original and964

reconstructed sequences. Words are reconstructed965

from phoneme sequences by matching them to the966

word sequence with the lowest Levenshtein dis-967

tance in a 67-word corpus.968

Table 3: Mean PER and WER for DATA SMALL-VOCAB.
Lower values indicate better performance.

PER(% ↓) WER(% ↓)

13 14

In figure 8, we analyze the impact of model size969

on phoneme error rate (PER) across different GRU970

configurations by varying the dimensionality of the971

GRU’s hidden units. We observe that the relation-972

ship between PER and model size approximately973

follows a power-law-like trend similar to figure 3.
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N0.45

Figure 8: Model size versus PER for EMG-to-phoneme
translation for DATA SMALL-VOCAB.

974

C.2 DATA NATO-WORDS975

In this dataset, 4 individuals silently articu-976

lated English sentences in a spelled-out for-977

mat using NATO phonetic codewords. For ex-978

ample, the word <RAINBOW> was articulated979

as <ROMEO-ALFA-INDIA-NOVEMBER-BRAVO-980

OSCAR-WHISKEY>, with phonemic transcription981

<R-OW-M-IY-OW SPACE AE-L-F-AH SPACE IH-N-D-IY-982

AH SPACE N-OW-V-EH-M-B-ER SPACE B-R-AA-V-OW983

SPACE AO-S-K-ER SPACE W-IH-S-K-IY>. Subjects ar-984

ticulated the phonetically balanced RAINBOW and985

GRANDFATHER passages in this spelled-out for-986

mat. In total, 1968 NATO codeword articulations987

were recorded across both passages, along with an988

additional 520 isolated codeword recordings used989

for training. EMG was recorded from 22 sites on990

the neck and cheek at a sampling rate of 5000 Hz991

(electrodes were not placed on the right side of the 992

neck; middle image in figure 2). 993

Results: we use a timestep τ of 30 ms, imple- 994

mented as a sliding window with 150 ms of over- 995

lapping context and a 30 ms step size, to compute 996

E(τ) and σ(τ), both of which are SPD matrices 997

of size 22× 22. The matrices σ(τ) are then input 998

to a GRU for EMG-to-phoneme sequence transla- 999

tion. The dataset is split into training, validation, 1000

and test sets consisting of 416, 104, and 1968 ar- 1001

ticulations, respectively. The model depicted in 1002

figure 1 is trained using a single GRU layer for 1003

100 epochs, and the weights corresponding to the 1004

lowest validation loss are selected. 1005

In table 4, we report the character error rate 1006

(CER). For a given character articulation—for ex- 1007

ample, <R>, which corresponds to the spoken 1008

form <ROMEO: R-OW-M-IY-OW>—we consider 1009

the decoded character to be <R> if the predicted 1010

phoneme sequence most closely matches that of 1011

<R> among the 26 alphabet characters. It is worth 1012

noting that the test set is nearly five times larger 1013

than the training set. This experimental paradigm 1014

is designed to evaluate whether a model can be 1015

trained effectively using very limited data—an 1016

important consideration for clinical applications, 1017

where collecting large amounts of data can be too 1018

strenuous for patients. In our case, the model is 1019

trained on just 10 minutes of data and evaluated on 1020

50 minutes of data. 1021

Table 4: Mean character error rate (CER) on
DATA NATO-WORDS. Lower CER indicates better perfor-
mance. The chance-level CER is 96%, and all subjects
achieve substantially lower error rates.

SUBJECT CER (% ↓)

1 55.7
2 55.0
3 70.4
4 56.4

In figure 9, we examine how model size across 1022

various GRU configurations affects the PER. To 1023

do this, we vary the dimensionality of the GRU’s 1024

hidden units. We observe similar trends as noted in 1025

figure 3 across all subjects. 1026

C.3 Discussion 1027

These results indicate that accurate decoding is 1028

achievable in a small-vocabulary setting, suggest- 1029

ing that a minimum-viable neuromuscular speech 1030
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(b) Subject 2
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(c) Subject 3
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(d) Subject 4

Figure 9: Model size versus PER for EMG-to-phoneme translation for DATA NATO-WORDS.

prosthesis may be feasible even with limited train-1031

ing data.1032
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Table 5: Examples of EMG-to-phoneme sequence translations. We do translations using EMG collected during
silent articulations (ES) with CTC loss without making use of corresponding time aligned audio (A) and EMG
collected during audible articulation (EA). Ground truth sentences with corresponding timestamps. Ground truth
phonemic transcriptions. Decoded phonemic transcriptions. Decoded sentences.

Top-3 (best) transcribed sentences
T-START <IT WAS PAID FOR>T-END

IH-T SPACE W-AA-Z SPACE P-EY-D SPACE F-AO-R

IH-T SPACE W-AA-Z SPACE P-EY-T SPACE F-AO-R

IT WAS PAY FOR

T-START <IT’S A COMMUNITY CENTER>T-END

IH-T-S SPACE AH SPACE K-AH-M-Y-UW-N-AH-T-IY SPACE S-EH-N-T-ER

IH-T-S SPACE AH SPACE K-AH-M-Y-UW-N-IH-T-IY SPACE S-EH-N-T-ER-N

IT’S A COMMUNITY CENTER

T-START <JUST ALL DIFFERENT COLORS>T-END

J-AH-S-T SPACE AO-L SPACE D-IH-F-ER-AH-N-T SPACE K-AH-L-ER-Z

J-AH-S-T SPACE AO-L SPACE D-IH-F-ER-AH-N SPACE SPACE K-IH-L-ER-Z

JUST ALL DIFFERENT COLORS

Bottom-3 (worst) transcribed sentences.
T-START <THE DEATH PENALTY>T-END

DH-AH SPACE D-EH-TH SPACE P-EH-N-AH-L-T-IY

IH SPACE DH-IH-T SPACE IH-K SPACE P-AY SPACE AE-K

THAT THICK MY BACK

T-START <HE DOES THE YARD>T-END

HH-IY SPACE D-AH-Z SPACE DH-AH SPACE Y-AA-R-D

IH-IH-T SPACE IH-S SPACE N-IH-N-T SPACE AY-T

IT ITS KNIT MIGHT

T-START <THAT’S AWFUL>T-END

TH-AE-T-S SPACE AA-F-AH-L

DH-EH-R SPACE AH SPACE T-OY-T

THERE A POINT
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