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Abstract

Loss of speech after paralysis is devastating, but circumventing motor-pathway injury by directly
decoding speech from intact cortical activity has the potential to restore natural communication
and self-expression. Recent discoveries have defined how key features of speech production

are facilitated by the coordinated activity of vocal-tract articulatory and motor-planning cortical
representations. In this Review, we highlight such progress and how it has led to successful
speech decoding, first in individuals implanted with intracranial electrodes for clinical epilepsy
monitoring and subsequently in individuals with paralysis as part of early feasibility clinical trials
to restore speech. We discuss high-spatiotemporal-resolution neural interfaces and the adaptation
of state-of-the-art speech computational algorithms that have driven rapid and substantial progress
in decoding neural activity into text, audible speech, and facial movements. Although restoring
natural speech is a long-term goal, speech neuroprostheses already have performance levels that
surpass communication rates offered by current assistive-communication technology. Given this
accelerated rate of progress in the field, we propose key evaluation metrics for speed and accuracy,
among others, to help standardize across studies. We finish by highlighting several directions

to more fully explore the multidimensional feature space of speech and language, which will
continue to accelerate progress towards a clinically viable speech neuroprosthesis.
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Introduction

Losing the ability to speak drastically hinders communication and, as a result, substantially
reduces quality of lifel. Diseases that cause injury to descending motor-neuron tracts in the
brainstem, such as amyotrophic lateral sclerosis and brainstem stroke, can leave individuals
paralysed, with little-to-no voluntary muscle control?=4. In some cases, this can result in
incomplete or total locked-in syndrome, in which almost all forms of natural communication
are precluded.

Augmentative and alternative communication (AAC) devices leverage residual voluntary
motor function, such as eye or head movements, to allow individuals with paralysis to
spell out intended messages, albeit through slow and effortful interfaces®. Communication
neuroprostheses that decode cortical activity into attempted cursor movements®8 or
handwriting® have made strides in achieving faster spelling in individuals with paralysis.
However, communication rates for neuroprostheses controlled by attempted hand
movements remain slower and less expressive than natural speech9.

A speech neuroprosthesis is a device that uses algorithms to translate brain activity during
intended speech into communication signals, for example, text (such as words or sentences
on a screen), acoustics (such as vocalized sounds or phrases) or facial movements that
accompany speech. Speech neuroprostheses have the potential to not only enable more
natural communication of words and sentences but also restore other expressive components
of communication that convey meaning, such as intonation, loudness and facial gestures!?.
Advancements in speech neuroscience, neural-interface technology and machine learning
have accelerated progress towards the goal of a clinically viable speech neuroprosthesis (Fig.
1). Studies furthering our basic understanding of the cortical encoding of speech features,
notably motor control of the vocal-tract articulators during speech, laid the groundwork for
a speech neuroprosthesis that decoded text in the form of words and sentences from the
cortical activity of an individual with incomplete locked-in syndrome who relied on AAC
methods to communicate!2. Subsequent work has expanded this initial demonstration by
directly decoding cortical activity into audible speech314 and allowing more generalizable
and rapid text decoding4-16 in individuals with vocal-tract paralysis (Fig. 1).

In this Review, our main goal is to provide readers with an overview of the rapidly
progressing field of speech neuroprosthetics. We first discuss characteristics and features
of speech that set it apart from other modes of communication. Next, we briefly overview
advances in the understanding of the cortical encoding of these speech features, which
have driven much progress in the field. Then, we discuss in depth the leading approaches
used in speech decoding and the corresponding metrics used to quantify their performance.
Finally, we also propose evaluation guidelines and future directions towards a clinically
viable speech neuroprosthesis.

Neurological speech disorders impairing communication

Speech enables efficient and rapid communication at rates of around 150-200 words per
minute (WPM) in conversational settings!C. This is driven by millisecond-level coordination
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of more than 100 vocal-tract muscles that articulate speech sounds to express language.
Speech is distinct from language; speech refers to how vocal-tract muscles — speech
articulators — are used to produce sounds, but it is part of the broader domain of language,
which also includes meaning (semantics) and syntax. Current speech-decoding applications
from brain activity are primarily aimed at restoring communication to individuals with both
limb and vocal-tract paralysis'4-16. For these individuals, their paralysis precludes typical
communication methods, such as speaking, writing and typing, with AAC technology

often being a slow and effortful means of communicating. Conditions that cause these
deficits, including amyotrophic lateral sclerosis (ALS) and brainstem stroke (Box 1), disrupt
descending motor-neuron pathways to cranial nerves that innervate muscles in the vocal tract
(Box 1).

Individuals with these conditions are often diagnosed with dysarthria, a motor-speech
disorder characterized by impaired neuromuscular control over the vocal tract that results
in a limited ability to produce intelligible speech. In severe cases, they may be diagnosed
with anarthria, which is the complete inability to articulate intelligible speech (Box 1).
Importantly, in individuals with dysarthria or anarthria, cerebral cortex neuronal populations,
which contain representations of articulatory movements used to produce sounds, may
remain intact. These persisting neural representations provide a substrate for decoding
intended articulation and vocalization, even if these motor commands no longer reach

their destination in the vocal tract. Disorders of language (aphasias) can also affect the
ability of a person to understand or produce speech and result from stroke in, lesion to

or neurodegeneration of cortical regions, including the superior temporal gyrus (STG),
supramarginal gyrus (SMG) and precentral gyrus, among others (Box 1). However, it is
unclear whether intended articulatory representations can be recovered from the cortex of
individuals with aphasia (see Box 1 for discussion of the challenges posed by differences in
cortical representations in language versus speech-motor disorders).

Overview of speech features

Although a thorough discussion of speech features and the speech-production pathway is
beyond the scope of this Review, we focus on the points that are critical for understanding
current speech-decoding approaches (Fig. 2). Namely, we aim to provide the background
necessary to understand the methodology and principles in decoding cortical articulatory
representations into intended speech as discussed in the subsequent sections.

Neural populations in the ventral sensorimotor cortex (vSMC) and the middle precentral
gyrus (midPrCG) control the millisecond-level movements of the vocal-tract articulators
(lips, tongue, jaw and larynx) that give rise to speech sounds'’18 (Fig. 2a). Axons from the
vSMC and midPrCG descend through the corticobulbar tract to the brainstem, terminating
in cranial nerve nuclei. Cranial nerves then project out of the brainstem to innervate speech
articulator muscles, the final step in translating cortical commands into continuous muscle
movements that give rise to speech (Fig. 2a). These articulator movements are coordinated
with expiration of air to produce the sound waves of speech®. In natural conversation,
meaning is primarily conveyed with speech. What features of speech are important for
producing and conveying that information? We consider three broad categories of speech
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features: articulatory, acoustic and linguistic, emphasizing those that have informed speech-
decoding approaches.

Avrticulatory features relate directly to how the vocal tract is shaped to transform airflow
from the respiratory system into speech sounds2°. During continuous speech, the vocal-tract
muscles move rapidly between different configurations that may be grouped as labial, front
tongue, back tongue and vocalic?! (Fig. 2b) on the basis of where air is constricted in

the vocal tract. For example, a labial configuration involves bringing the lips forward,
together and then back to articulate a ‘/b/’, ‘/p/” or ‘/m/* sound. Similarly, a front-tongue
configuration involves raising the tip of the tongue to the roof of the mouth and bringing it
back to make, for example, a */t/’, ‘/d/’, or ‘/n/” sound (Fig. 2b). These configurations are not
a complete description of vocal-tract dynamics; further distinctions in produced sound occur
based on whether air passes through the nasal cavity (nasals; /n/, /m/) and whether the vocal
tract is partially (‘/s/’, ‘/f/”) or completely (‘/t/’, ‘/p/”) closed. A complementary approach

to defining discrete vocal-tract configurations is to measure the location of individual
vocal-tract articulators continuously over time, using imaging techniques and biosensors22
or inference from the produced sound?3-26 (Fig. 2c). These features can be continuously
measured, defining kinematic trajectories for individual articulators or different points in the
vocal tract.

Acoustic features relate directly to the characteristics of audible speech. Speech sound
waves may be represented over time either as an acoustic waveform (amplitude-based) or a
speech spectrogram (frequency-based). The envelope of the acoustic waveform illustrates
the intensity of speech over time (Fig. 2d), which is an important measurement that
correlates with speech rate, global stress patterns and loudness!!. Often, a mel-frequency
scale — in which frequency is logarithmically transformed — is used to visualize the
speech spectrogram, as this emphasizes power in perceptually salient frequency bands that
better correspond to how the human auditory system processes sound?’ (Fig. 2e). Individual
speech sounds can be defined by their spectrotemporal (time—frequency) features in the mel-
spectrogram (allowing visualization of recurring speech sound patterns). Another important
acoustic feature is the fundamental frequency at which the laryngeal vocal folds resonate
during speech, which forms the basis of pitch and can be estimated from the acoustic
waveform, using algorithms that infer the periodicity of a temporal signal?82° (Fig. 2e).
Pitch can be modulated over the course of a phrase to convey additional meaning to the
produced words (phrasal prosody), such as whether an utterance is a statement or question
(rise in pitch at the end of the phrase)L. In tonal languages, such as Mandarin, the meaning
of individual words depends on their associated pitch contour (lexical tone)30. In addition,
pitch is an important aspect of the uniqueness and expressivity of the voice of a person3L.,

Linguistic features are created by assigning categorical labels to speech sound patterns

and are abstracted from purely articulatory or acoustic features alone (Fig. 2f). Phonemes
are defined as the smallest perceptually distinct units of sound that form a language (39
unstressed phonemes exist in English)32:33, Phonemes can be grouped on the basis of
similarities in their sound patterns, and their articulatory features — the place of articulation
of a phoneme in the vocal tract — provide one important grouping category?l. Sequences
of phonemes form the basis of words (~170,000 exist in English) and sentences, which have
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associated semantic meanings. Phonemes are particularly useful for text decoding, given that
they form a discrete, low-dimensional representation of speech (~39D in English) that can
be scaled to produce the much larger vocabularies of words and sentences?Z.

Cortical encoding of speech features

Cortical and subcortical brain structures, known as the corticobulbar system, are involved
in the neural control of speech, but an exhaustive discussion of these is beyond the scope
of this Review. Thus, in this section, we focus on how cortical representations of the
articulatory, acoustic and linguistic speech features previously described are encoded.

One particularly important region in the corticobulbar system is the speech sensorimotor
cortex (SMC), composed of the precentral and postcentral gyri (separated by the central
sulcus). Years of work focused on mapping premotor and primary motor representations on
the precentral gyrus and central sulcus, revealing a somatotopic organization in which neural
control of muscle groups is represented along the ventral-dorsal axis34-38. Specifically,

the corticobulbar system is involved in controlling the speech articulators and has been
localized to the vSMC and midPrCG. Located directly dorsal to this area is the region of
cortex involved in controlling hand movements'83° (Fig. 2a). The postcentral gyrus, which
is primarily responsible for encoding somatosensory information, is also somatotopically
organized by body area; however, a growing body of work points to additional postcentral
gyrus involvement in motor control40-42,

Bouchard et al.1” first demonstrated the dynamics of somatotopic speech-articulator
representations in the SMC for the jaw, lips, tongue and larynx during speech production of
syllables (Fig. 1; Bouchard et al. 2013). Subsequent work discovered that SMC populations
encode articulatory kinematic trajectories and vocal-tract configurations#® during continuous
speech?4:39.4445 (Fig. 1: Mugler et al. 2018, Chartier et al. 2018 and Dichter et al. 2018).
Chartier et al.2* discovered that the SMC encodes a large variety of low-dimensional
movement trajectories of the vocal tract (also called gestures), which could be directly
related to all consonants and vowels. Dichter et al.#4 defined dorsal and ventral laryngeal
cortical representations, with the dorsal one controlling vocal pitch for prosodic intonation
in English* and, interestingly, lexical tone production in Mandarin4®. Furthermore, the
midPrCG is involved across many speech functions and does not appear strongly tuned

to — that is, consistently and exclusively activated by — a single articulatory group or
movement (Fig. 2a), potentially instead having a critical role in speech-motor planning*’~
50, Interestingly, at the neuronal level, locations on the anterior precentral gyrus in

orofacial or hand areas contain single neurons tuned to movements of the whole body;,
including key speech articulators®51.52, Thus, although the ventral-dorsal axis of the SMC
issomatotopically arranged in brain areas at the level of neural populations, at the single-
neuron level, it may have a more heterogeneous and distributed arrangement.

In addition to articulatory features, acoustic features may be critical for not only speech
perception but also speech production. Neural activity in the STG encodes acoustic features
— for example, recurring speech sound patterns in the mel-spectrogram — during speech
perception®3:54 and may be used to reconstruct perceived speech>5°6. Beyond providing
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auditory feedback to one’s own vocalized speech (which may not be present for silently
attempted speech), the role of the STG during speech production is less clear, although
evidence suggests that acoustic representations may also be used to form and plan targets
for speech production®”:°8, Along these lines, when able speakers are instructed to imagine
speaking or hearing a word, neural activity in the STG can be used to decode those words
with above-chance accuracy®®-83, Furthermore, when an individual with anarthria silently
attempted to speak — that is, was asked to attempt to ‘mime’ with no audible output from
that attempt — select neural populations in the STG contributed to decoding performancel4.
The SMG is another region that may contribute to acoustic representations for speech
production54-66 (Fig. 1: Wandelt et al. 2022).

The cortical encoding of higher-order language features such as semantics and syntax is

less clearly understood. Semantics appear to be encoded in a distributed manner, across
many cortical regions including prefrontal, speech and language association cortices®7:68
(Fig. 1; Tang et al. 2023). Converging evidence suggests that Broca’s area, although
classically posited as critical for speech production, may not have a critical role in speech
articulation®69.70 byt may instead be involved in word retrieval and grammar’1:72, although
this is an active research area’. Thus, speech and language features encoded in the STG,
SMG and Broca’s area could potentially be leveraged for speech decoding in disorders in
which articulatory representations on the SMC are not intact (Box 1).

In summary, early neurosurgical-stimulation studies provided some of the first insights into
the somatotopic layout of the sensorimotor cortex. Recent studies using direct intracranial
recordings have been instrumental to define a functional organization of the SMC and the
precise cortical dynamics for speech movements?:2443:44 (Fig. 1: Bouchard et al. 2013,
Mugler et al. 2018, Chartier et al. 2018 and Dichter et al. 2018). At the cellular level,

the anterior precentral gyrus in hand and orofacial cortex contains single neurons tuned to
multiple vocal-tract articulator movements1®°152, Together, these studies all highlighted a
large region of cortex, primarily on the SMC, that has been subsequently targeted in the first
clinical trials of speech neuroprostheses.

Decoding speech from articulatory features

The core goal of a speech neuroprosthesis is to transform neural activity during intended
speech into communication units, such as text, audible sounds or orofacial movements
(Fig. 3). This necessitates choices regarding the neural-recording interface, targeted speech
features and nature of the final decoded communication units. In this section, we first
discuss neural-recording interfaces that have been used to capture neural activity needed to
decode speech features. Then, we review two commonly used approaches to modelling
speech features from neural activity: decoding words and phrases (text decoding) and
directly decoding the speech waveform (speech synthesis).

Neural-recording interfaces

An ideal neural interface for a speech neuroprosthesis (Fig. 3a) should have three key
characteristics. First, it should be safe to implant (and explant) with minimal damage
to neural tissue and minimal risk to the patient. Second, it should have sufficient
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spatiotemporal resolution to facilitate high-performance speech decoding. Third, it should
enable stable acquisition of neural signals over the course of several years, ideally decades.
Together, neural interfaces with these three characteristics could facilitate speech-decoding
systems moving from academic research environments to widespread clinical use.

Non-invasive technologies, such as scalp electroencephalography (EEG),
magnetoencephalography (MEG) and functional magnetic resonance imaging (MRI), do
not require surgical implantation and therefore are very safe for users. EEG and MEG

use non-invasive sensors to measure electric and magnetic fields, respectively, that are
generated by neural activity in the brain. These techniques have relatively high temporal
resolution but lack spatial specificity, with each sensor recording from a large area of

the brain’3. Functional MRI, by contrast, has higher spatial specificity but lower temporal
resolution than EEG and MEG as it measures changes in cerebral blood flow as a correlate
of neural activity’4. Although these non-invasive techniques have facilitated decoding of
limited vocabularies of imagined words, syllables and speech sounds’>:7 and reconstruction
of semantic content of speech® (Fig. 1; Tang et al. 2023), they are not portable — with the
exception of EEG — and low spatial or temporal resolution has hindered scaling decoding
to larger vocabularies and longer speech segments (sentences). Although efforts to mitigate
these limitations and increase portability are ongoing’ 780, this Review focuses on invasive
recording techniques that have demonstrated spatiotemporal resolution sufficient to enable
high-performance speech decoding.

Invasive recording techniques require implantation surgery and directly record extracellular
electric field potentials from the cortex via electrodes, affording both high spatial and
temporal resolution. However, all invasive recording techniques share risks related to

the anaesthesia, craniotomy and dural opening in the implantation surgery and the
possibility of infection8!. Exact placement of invasive electrodes depends on the technique:
intracortical microelectrode arrays (MEAS) are inserted within cortical tissue whereas
electrocorticography (ECoG) electrode arrays are placed directly on the brain surface,
without penetrating the pial or arachnoid meningeal layers82.

Intracortical MEA recordings are used to measure neural activity at the level of single
neurons or neuron clusters83, MEAs typically record high-fidelity signals from a small (a
few square millimetres) area of cortex. The first efforts towards a speech neuroprosthesis
for an individual with vocal-tract paralysis, developed by Phil Kennedy and Frank Guenther,
used an intracortical neurotrophic microelectrode placed in the precentral gyrus, which
allowed above-chance synthesis of vowel formants8* and decoding of phonemes®® (Fig. 1;
Guenther et al. 2009 and Brumberg et al. 2011).

ECoG electrodes are placed directly on the cortex and record local field potentials from
spatially distinct neural populations. The high-ry band of the local field potential (70-150
Hz) correlates with neuronal firing rates underneath each ECoG electrode86:87 and captures
cortical representations of acoustic and articulatory features relevant to speech17:88:89 (Fig.
1; Crone et al. 1998, 2001). ECoG implantation can cover broad areas of cortex relevant for
speech, such as the vSMC, midPrCG and STG, with a single array.
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ECoG has been used clinically for decades for localizing seizures and for brain mapping
in surgical work-up for epilepsy treatment®. The discovery of the high-y band catalysed
the use of the ECoG for neuro-scientific research in individuals with epilepsy®8, leading
to advances in understanding cortical representations of speech (see ‘Cortical encoding
of speech features) and the first successful demonstrations of speech decoding from
brain activity (see ‘Modelling speech features from neural activity*). Importantly, those
demonstrations in able speakers with epilepsy served as a proof-of-principle for future
applications in individuals with vocal-tract paralysis that led to the first clinical trial

for a speech neuroprosthesis using a chronically implanted 128-electrode ECoG array2.
Previously, data on the long-term safety and stability of ECoG primarily came from its
application in epilepsy82:99-92 including the paddle-style surface strip electrodes with
the Neuropace responsive neurostimulation system, which has demonstrated safety and
signal stability for at least 9 years®2. Although ECoG electrodes do not penetrate the
cortex, they may be associated with subdural fibrosis®® with minimal or no cortical injury.
Despite this, durable stability has enabled ECoG-based neuroprostheses without the need
for daily calibration by the user!2-14.94.95 Fyrthermore, a 253-electrode ECoG array with
increased channel count and density led to substantial gains towards high-performance
speech decoding4. Thus, the stable acquisition, broad coverage and high performance of
ECoG make it a strong candidate for a clinically viable neuroprosthesis.

On the basis of findings from a first proof-of-concept chronic ECoG trial to restore speech
to a person with vocal-tract paralysis'2, intracortical MEA-based approaches have been re-
visited with higher channel counts in speech-motor cortex using the Utah MEA%6:97 Recent
studies have also achieved high-performance speech-decoding results!®16 by measuring
relevant single-unit and multi-unit neuronal activity from multiple small (4 x 4 mm? (ref.
83)) cortical regions on the anterior precentral gyrus1>16:52.98 previous demonstrations

of intracortical insertion of MEASs showed injury and neuronal loss at the implantation
location®, as well as signal instabilities contributing to signal loss and performance
decline over time100:101 Many efforts are ongoing to improve the safety and stability of
MEAs, along with promising work in computational techniques to recalibrate data across
days102-105_ Although more work is needed to validate long-term robustness and signal
stability with MEAs, their potential for high-performance speech decoding in combination
with computational recalibration for stable acquisition offers potential for future use as a
clinically viable neuroprosthesis.

Modelling speech features from neural activity

Text (Fig. 3b) and synthesized speech (Fig. 3c) are two outputs commonly used in speech-
decoding systems. For text decoding, decoders are trained to predict a discrete set of
linguistic features — such as characters, phonemes, words or sentences — that correspond
to the intended speech of the user (Fig. 3b). For speech synthesis, acoustic features, such
as the mel-spectrogram and pitch, are decoded and mapped to a final acoustic waveform
that can be played back to the user (Fig. 3c). In our discussion of text decoding and
speech synthesis mentioned subsequently, we follow the progression highlighted by the
literature in Fig. 1. For text decoding, we first discuss studies in able speakers, undergoing
surgical work-up for epilepsy, that demonstrated approaches to decode phonemes96:107,
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words and sentences'98.109 from cortical activity. We next discuss adaptations of these
approaches to decode text in people with vocal-tract paralysis who cannot speak12.14-

16_ Finally, we highlight three recent studies that have demonstrated high-performance
decoding of sentences with large vocabularies closer to natural speaking rates*4-16. For
speech synthesis, we similarly first discuss approaches developed in able speakers!10-112
before moving to how these approaches have been adapted for individuals with vocal-

tract paralysis!3-14, Given the strong link between vocal-tract articulatory movements and
produced speech, we end the speech-synthesis section by discussing standalone approaches
to decode articulation1452.113.114,

Text decoding.—A first approach to text decoding is to classify neural activity from
isolated, intended speech as a word or sentence in a predefined vocabulary. In able speakers,
single-word classification has been highly successful using predefined and restricted
vocabularies!1116_ To scale to longer segments of speech, pre-defined sentence sets have
been targeted instead of single words. Successful classification of a limited set of produced
sentences in the setting of question-and-answer dialogue has been demonstrated, where
incorporating context from the predicted question improved classification of the answerl1’.
To build on this result and move beyond direct classification of words or sentences,

Makin et al.1%8 applied a recurrent neural network (RNN) encoder-decoder framework to
encode temporal patterns in neural activity during sentence production into an abstract
representation that was then decoded word-by-word into phrases (Fig. 1; Makin et al.
2020). By targeting words within sentences, rather than whole sentences, and leveraging
contemporary machine-learning techniques, this RNN-based approach improved accuracy
and the overall vocabulary size and number of sentences that could be decoded. Despite
their successes, these approaches are all limited by restrictive, predefined vocabulary sizes.
To address this, several studies have drawn inspiration from the field of automatic speech
recognition (ASR) to facilitate generalizability to larger vocabularies.

One such approach to generalize decoding to larger vocabularies is to decode subword
linguistic units, such as phonemes or characters, rather than individual words or sentences.
This is a common ASR approach in which language models — trained to capture the
statistical patterns of subword units and words — are used to convert decoded phoneme

or character sequences into sentences (Fig. 3b). Multiple studies have demonstrated that
isolated phonemes can be decoded from neural activityl7-106.107.118 (Fig_1: Mugler et al.
2014 and Herff et al. 2015). Herff et al.1% further demonstrated that, during continuous
speech, phoneme sequences could be decoded provided that synchronized produced
acoustics were available to aid model training'9¢. A language model applied to the decoded
phoneme sequences could then generate sentences. Subsequent work built on this finding,
applying additional ASR techniques to mitigate the need to synchronize linguistic subunits
directly with the neural data (Fig. 3b). By using the connectionist temporal classification
(CTC) loss19, which scores the loss between predictions from an input sequence (such as
neural activity) and an output sequence (such as linguistic subunits) without requiring their
alignment, Sun et al.19 trained an RNN to decode character sequences from brain activity
during sentence production. Language models similarly converted the decoded character
sequences into sentences (Fig. 1; Sun et al. 2020). Even though precise alignment between
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the input neural activity and output character sequences was not required, aligning acoustic
features to the brain activity during model training increased performance. Here, as in many
text-decoding studies and ASR approaches, performance evaluation used word, character
and/or phoneme error rates (WER, CER and PER, respectively). Error rates are defined as
the edit distance between the ground-truth and decoded sequences.

In able speakers, neural activity could be aligned to their produced speech acoustics to
improve model performance. However, for individuals who cannot speak, there may be

no way to reliably align neural activity with ground-truth produced acoustics. It may be
possible to align neural activity to the onsets or offsets of attempted speech, through audio
(if the individual is able to vocalize) or through video of the face (if the individual retains
some residual motor function), but these methods require separate annotation (and may

not be possible if the individual is fully locked in). As a first approach to counter a lack

of alignment between neural activity and ground-truth targets, Moses et al.12 instructed a
participant with anarthria to attempt to speak sentences word-by-word (with pauses between
words). A speech-detection model used cortical activity, primarily from the SMC, to predict
when the individual was attempting to speak a word and passed the corresponding neural
features to a word-classification model trained to predict probabilities across 50 words

in a predefined vocabulary. A language model combined the neural-based probabilities

of each word with linguistic likelihoods of word sequences, improving WERs of the
decoded sentences!? (Fig. 1; Moses et al. 2021; Supplementary Table 1). Although the
speech-detection model used provided word-level alignment, direct classification from a
50-word vocabulary limited this approach. The development of a spelling system in which
the same participant with anarthria attempted to silently speak 26 NATO code words —
phonetically discriminable words which represent each letter in the alphabet — rather than
the 50 common words previously used facilitated access to a larger vocabulary20, The
individual then had the ability to spell character-by-character and language models could
transform decoded-character sequences into sentences comprised from a vocabulary of more
than 1,000 words (Supplementary Table 1). Although this approach facilitated access to

a large vocabulary, while still using intended speech, decoding speeds were slower and
communication was less natural for the individual.

Recent works have achieved large-vocabulary decoding while maintaining decoding speeds
closer to natural speech, by using CTC loss. Three studies (each in a different individual
with vocal-tract paralysis: two with MEAs!:16 and one with ECoG1#) leveraged RNN
models trained to map an input sequence of neural activity to an output sequence of
phonemes without the need for alignment between the neural activity and ground-truth
sequence of phonemes (Fig. 1; Metzger et al. 2023, Willett et al. 2023 and Card et al. 2023).
Language models then mapped decoded phoneme sequences into words and sentences (Fig.
3b and Supplementary Table 1). A key advantage of using CTC loss is that the individual
can more naturally produce a phrase in this approach, without having to associate isolated
speech attempts with individual words. Furthermore, decoders can generalize to larger
vocabularies by targeting low-dimensional subword units (such as phonemes) that can be
built into a much higher-dimensional space of words and sentences. Overall, this has led to
state-of-the-art decoding performance for individuals with paralysis.
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MEA-based decoders, including text decoders®1, have traditionally required day-to-day
recalibration owing to signal instabilities and drift, requiring additional dedicated time
from the user. However, computational techniques are actively being developed to counter
this challenge. One line of work involves developing models that learn an underlying
manifold (low-dimensional spaces that capture neural population dynamics) structure for
a given behaviourt03:104.121 \which can then be used to stabilize MEA activity over time.
This approach has primarily been applied in the context of upper limb decoders!®3 but
may scale to speech neuroprostheses in the future. A second approach, specific to text
decoding, involves leveraging large language models to automatically recalibrate MEA-
based text neuroprostheses. In this approach, MEA activity is decoded into subword units
and converted into sentences using language models; this language model output is used
as a ‘pseudo-label’ to update the RNN decoding model®16:105_ This allows the RNN to be
automatically recalibrated without additional training labels or dedicated time on the part
of an individual with paralysis. Thus, promising avenues exist to create MEA-based text
neuroprostheses that do not require daily recalibration time from the user.

Speech synthesis.—An alternative to decoding text is to synthesize audible speech
from brain activity (Fig. 3c). As spoken language is a more fundamental form of human
communication than written language (text), this approach can enable more fine-grained
and natural control over decoded outputs. Furthermore, self-perception of speech is

an important component to speech-motor control22123 |t is possible that low-latency
restoration of audible speech could have analogous benefits to rapid closed-loop feedback
for neuroprosthetic control in other motor domains24. Finally, an individual may feel
greater embodiment when using a speech neuroprosthesis with a personalized voice that
reflects their likeness!4. However, these potential benefits come with increased difficulty;
speech synthesis has generally proven more challenging than text decoding, as it does not
leverage language models and predefined vocabularies.

Initial work to synthesize speech from neural activity in able speakers has leveraged a few
approaches!10-112.125 Herff et al.112 developed a concatenative synthesizer to transform
neural activity recorded from SEEG into audible speech (Fig. 1; Herff et al. 2019). They
first built a brain-to-speech lookup library during training by associating 150 ms neural
activity segments with the synchronized 150 ms of audible speech. During evaluation,
consecutive 150 ms windows of neural activity were correlated with each neural entry in the
lookup library and the speech segments corresponding to the highest correlated neural entry
were concatenated together to form a decoded speech waveform112, An advantage of this
concatenative-synthesis approach is its feasibility with smaller dataset sizes; however, it does
not fully leverage advances in machine learning, relying on time window correlations.

Another approach, pursued by Angrick et al.111 and Anumanchipalli et al.119, involved a
two-stage decoding process. In the first stage, a deep-learning model is trained to regress
neural activity (recorded from SEEG1!! or ECoG19) to a time series of acoustic features,
such as the mel-spectrogram (Fig. 3b). In the second stage, a speech synthesizer — a
vocoder — is used to convert the acoustic representation into an audible speech waveform
(Fig. 3b). This acoustic regression approach achieved higher-performance speech synthesis,
probably owing to the ability of a deep-neural network to learn complex nonlinear mappings

Nat Rev Neurosci. Author manuscript; available in PMC 2025 February 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Silva et al.

Page 12

between inputs and outputs. Anumanchipalli et al. added a first step of decoding an
articulatory representation from neural activity, which was then mapped to the intermediate
acoustic representation and vocoded into speech119, Their approach further improved
speech-synthesis performance by leveraging the underlying articulatory organization of

the SMC. In both implementations, computing correlation or distortion between the mel-
spectrogram of decoded and ground-truth speech assessed performance. Anumanchipalli et
al. also computed a human-transcribed WER by asking volunteers to transcribe decoded
speech to text, which can then be compared with the ground truth19,

The previously described speech-synthesis approaches required precise alignment between
neural activity and ground-truth acoustics. However, as described earlier, a major challenge
of creating speech neuroprostheses for individuals with vocal-tract paralysis is the lack

of intelligible ground-truth acoustic signals to align with the neural data during training.
Individuals with dysarthria may retain some intelligible vocalization over single, isolated
words, allowing the acoustic regression approach to prove successful in synthesizing single
words!3 (Fig. 1; Angrick et al. 2023; and Supplementary Table 1). However, individuals
with severe cases of dysarthria or anarthria may lack the ability to make any intelligible
vocalizations, especially for longer sentences. Similar to text decoding, a way to circumvent
the need for alignment is to use CTC loss to train models that map input sequences of
neural activity to output sequences of acoustic signals that may then be vocoded into
speech. Metzger et al. used this approach to decode neural activity during silent speech
attempts from a participant with anarthria into synthesized speech; however, rather than
regressing the mel-spectrogram, they decoded input sequences of neural activity into output
sequences of discrete acoustic-speech units!4. During training, a large self-supervised audio
model converted target waveforms (generated from a text-to-speech (TTS) model) into
sequences of discrete acoustic-speech units. During online inference, the decoded discrete
acoustic-speech unit sequences were vocoded into sentence-level speech that was intelligible
to untrained human listeners (Supplementary Table 1). Although this approach facilitated
alignment-free speech synthesis, suited to scale to fully locked in individuals, it is not

yet ideal for low-latency streaming. Future approaches may explore integrating word-level
alignment into speech-synthesis models, using either speech detection or microphone and/or
video annotation. Word-level alignment may allow regression-based approaches, tailored for
low-latency streaming®3, to scale to individuals with vocal-tract paralysis.

Because speech is variable across people and expressive, neuroprostheses that synthesize
speech are well suited for personalization (Fig. 3c). A voice-conversion model can be
applied to convert decoded speech waveforms into personalized waveforms that resemble
the likeness of the user. Voice-conversion models require as little as 3 s of recorded
speechl26; however, larger personalized training datasets can be leveraged if the individual
has additional pre-injury audio recordings. Metzger et al.14 first used this voice-conversion
approach to personalize synthesized speech for an individual with vocal-tract paralysis using
speech samples recorded before the injury. Card et al.18 trained a personalized TTS model
on a small corpus of pre-injury speech, which is an alternative to using a voice-conversion
model. In certain cases, individuals could create voice banks of themselves speaking

defined lists of natural sentences, which might be particularly relevant for neurodegenerative
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diseases, such as ALS, in which people anticipate losing the ability to speak in the near
futurel??,

Given the strong link between speech acoustics and underlying vocal-tract movements,
articulation constitutes another relevant feature space (Fig. 3d) for speech decoding and
speech synthesis128.129, Previous work has demonstrated that first decoding articulatory
features and transforming them to acoustic features improved the quality of synthesized
speech (compared with decoding acoustics directly from neural data)119. In addition,
articulatory features may be useful as a standalone output space for both speech and
non-speech orofacial gestures4:52.113.114 (Fig. 3d). Non-verbal facial expressions that
accompany virtual or face-to-face communication provide numerous benefits compared with
audio-only communication, including improved conveyance of emotion and attitudel30.131,
that provides increased clarity32. Studies with both ECoG4 and MEAs!516.52 jn
individuals with paralysis have demonstrated the feasibility of decoding articulatory
features, and Metzger et al. demonstrated that it is possible to use these decoded articulatory
features to animate a digital avatar face, which was personalized to resemble the likeness of
the individual* (Fig. 3d).

Best practices for evaluating and implementing speech neuroprostheses

The past decade has seen rapid progress in speech decoding from the neural activity of both
able speakers and individuals with vocal-tract paralysis. As the field continues to accelerate,
it is important to define best practices for evaluating speech-decoding performance and
implementing practical, user-controlled speech neuroprostheses. In this section, we propose
key metrics for quantifying performance of text-decoding and speech-synthesis systems.
We also discuss considerations for scaling speech-decoding research into practical speech-
neuroprosthetic systems.

Evaluation and standardization

When evaluating speech-decoding performance in individuals with vocal-tract paralysis,
it is important to contextualize findings with the disease aetiology of the individual.

For example, brainstem-stroke survivors*133.134 and individuals with ALS13% can retain
varying degrees of control over orofacial movements and vocalization. Given that most
early studies in individuals with vocal-tract paralysis involve only single participants12-
16,64,95120 great care is needed when comparing results, as the broad spectrum of disease
presentations is not sampled (see Supplementary Table 1 for a high-level overview of
current speech neuroprosthesis studies in individuals with paralysis). By contrast, in
previous multiparticipant studies in able speakers, participants had near-identical speech
capacity106:108.136-138  Ajthough disease aetiologies, research goals and stimulus sets are
likely to remain variable across speech-decoding studies, the metrics and methods used to
quantify performance should be standardized.

Speech instruction type.—In speech-decoding studies, the type of speech instructions
given to participants must be carefully considered and reported. Common types of speech
instructions include imagined speech (in which participants imagine hearing or saying
utterances), silently attempted speech (in which participants attempt to move their orofacial
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muscles but do not vocalize) and attempted speech (in which participants attempt to move
their orofacial muscles and to vocalize; Fig. 4a). Together, imagined, silently attempted
and attempted speech reflect intended speech from the participant, which is distinct from
internal monologues or thoughts!39. When attempting to speak, any audible vocalizations
that an individual with anarthria produces are generally unintelligible49 owing to their
lack of coordinated vocal-tract control (Fig. 4a). In addition to reporting the type of
speech instructions, we propose a few performance metrics to become standard for speech
neuroprostheses.

Text-decoding performance.—For text-decoding systems, these metrics draw heavily
on precedents set in ASR141.142_ One such precedent is to report the WER and any explicitly
decoded subword unit error rates, which are commonly PERs14-16.106 o CERs109.120

(Fig. 4b). Often in ASR, to prevent equal weighing of short and long sentences, error

rates are computed over paragraphs or longer segments of text143:144 rather than across
individual sentences. Correspondingly, in text-decoding speech neuroprostheses, error rates
should be computed over a series of sequential trials®1215120 |n ASR, a 5% WER, over
longer segments of text, is standard for professional-level transcriptions4! and 25% or

less is considered acceptablel42. The field of speech neuroprosthetics should adopt the
aforediscussed precedents for reporting unit error rates, ensuring proper trial weighing and
defined benchmarks.

Speech-decoding systems often use recent advances in artificial intelligence and natural
language processing to improve decoding performance. Most prominently, language models
can be used to rescore sequences of linguistic features (such as phonemes or words) that are
decoded from neural activity. Language models perform this re-scoring by evaluating how
likely decoded sequences are to occur in natural language. Thus, by being trained to capture
statistical patterns in language, language models can prioritize which decoded sequences
from neural activity are most probable. Generative pretrained transformers4® are a class

of language models that are particularly powerful for this application. Although decoding
systems should take advantage of error rate improvements that come from using language
models, it is important to disambiguate pure neural-decoding performance, which could
result from different signal features or decoding models, from improvements that come
from leveraging statistical priors in natural language. To this end, decoding metrics, such as
subword unit error rates such as CERs or PERs, should be computed with and without the
use of language models. A complementary perspective to assess the information content in
the neural activity alone may be to investigate the neural encoding of the speech features
relevant for decoding?41°; however, the specific approach may vary across studies.

In addition to error rates, the decoding speed is a critical text-decoding metric that may be
quantified as the decoded WPM (Fig. 4b). The WPM can be computed for any utterance
decoded by a speech neuroprosthesis, using a simple procedure. The humber of decoded
words can be divided by the elapsed time between the onset of a speech attempt and the
time the decoding model processed the final sample of neural data (Fig. 4b). The onset

of a speech attempt may be measured by a go-cue or an algorithm that detects speech
attempts from neural activity. Able speakers often speak at rates of around 150 WPM during
conversational speechl?; however, for individuals with vocal-tract paralysis, their maximal
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rate of attempted speech can vary considerably and may depend on their residual articulatory
capacities and degree of comfort4133.134, For these reasons, a decoding speed standard is
difficult to define. Instead, a reasonable goal would be to decode at the same rate that the
participant can perform their preferred intended speech type (Fig. 4a). This would likely
provide substantial improvements over AAC, which typically do not exceed 15 WPM (refs.
146-148).

A final important text-decoding metric is the vocabulary size used to define a lexicon
constraint — the list of valid words that may be output by the model — and train a language
model (Fig. 4b). This is distinct from the word set used during text-decoding model training
or evaluation, which would be a subset of the lexicon and language model vocabulary (see
“Vocabulary metrics® for further discussion).

In summary, text-decoding systems should report the WER and PER (or other relevant
subword error rates such as CERs) with and without a language model, the decoded WPM
and the vocabulary size of the lexicon and/or language model.

Speech-synthesis performance.—A strong precedent for evaluating neural speech-
synthesis systems can be found in modern speech-processing algorithms, specifically TTS
systems. The performance of TTS systems is often described using mel-cepstral distortion
(MCD) and open-ended human-transcribed WER49:150. MCD is a measure of distortion
between perceptually salient mel-scaled spectrotemporal features of the ground truth and
decoded waveforms (Fig. 4c). It is preferred to correlation-based metrics, such as computing
a Pearson correlation between ground truth and decoded acoustic waveforms, as MCD
weighs the features in the produced sound that are most perceptually relevant for conveying
information51, Open-ended human-transcribed WER complements MCD by providing a
more interpretable metric derived from the perceptual intelligibility of the synthesized
speech. These industry-standard metrics should also be standard for quantifying neural
speech-synthesis performance.

The use of the MCD metric is, however, complicated by the lack of precisely aligned
ground-truth speech when working with individuals who cannot speak. To resolve this,
proxy waveforms, such as waveforms generated from TTS or recorded by able speakers
and used during model training, can be used as references in MCD computations®?.
Separately, the open-ended human-transcribed WER might not be possible in all situations.
Most previous neural speech-synthesis systems have not been highly intelligible with an
open-ended vocabulary®2 and, thus, have used forced-choice listening tests or word-level
classification accuracies instead of open-ended WER. In cases of unintelligibility, these are
suitable alternatives to using open-ended vocabularies. ASR can also be used to transcribe
synthesized speech into text to compute WERS; however, ASR systems are typically trained
to recognize natural waveforms that are not artificially synthesized!®3. Hence, ASR-based
WERSs should currently be seen as complementary, but not a substitute, to human-transcribed
WERSs. This may change as work to tailor ASR algorithms to synthesized speech is
ongoing1®2,
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Decoding latency is a final metric of particular importance for speech synthesis, which
may be quantified in a few ways. We propose that the system latency be defined as the
elapsed time from the onset of an intended speech attempt (or go cue) to the onset of
synthesized audio. In addition, the rate at which the speech-synthesis system can output
new segments of audio — referred to as ‘buffer size’ in speech processing — should be
quantified. Delayed auditory feedback disrupts speech production, so an ideal streaming
neural-speech synthesizer would output sound with negligible latencies similar to the self-
perception of able speech (within a few milliseconds). Although this is a long-term goal,
current streaming neural-speech synthesizers should aim for latencies below 200 ms to
minimize effects of delayed auditory feedback4. Low-latency feedback may also improve
speech neuroprosthetic control through feedback learning24.

Vocabulary metrics.—Common to both speech-synthesis and text-decoding systems,
vocabulary metrics should also be reported. A language’s vocabulary is characterized by
Zipf’s law, from which it follows that the most common words in a language make up a
disproportionate amount of spoken content in that languagel®°. For example, in English, the
most common 1,000 words can cover more than 85% of the content in spoken sentences!®6.
However, lower frequency words remain an important component of natural language
because they facilitate expressivity1®6. Thus, vocabulary metrics should provide insight into
the frequency and breadth of words and subword sequences used during speech-decoding
model training and evaluation (Fig. 4d). Importantly, three vocabulary sizes should be
reported (even if subword units are first decoded): the number of unique words in the
utterance set used to train the model, to evaluate the model performance and to define

a lexicon or language model (only applicable for text decoders), the latter of which may

be increased without substantially limiting performancel415, For large-vocabulary sizes,

it is not feasible to evaluate performance on every word. However, a strong indicator

that a speech neuroprosthesis would allow the user to produce words beyond the training
vocabulary is high performance on an evaluation set that is reflective of natural language,
containing words not seen by the speech-decoding model during training. Thus, a long-term
goal for both text decoding and speech synthesis is to achieve WERs lower than 5% on
natural sentences, freely chosen by the user, containing words that were not seen during
model training. As part of this long-term goal, performance should be demonstrated over the
course of years and, ideally, decades.

Training times.—A final class of metrics that should be reported across speech-decoding
studies are related to the time required to train speech decoders. Specifically, we

propose two metrics. First, the amount of training data required to achieve usable system
performance, which could be defined as the 25% WER threshold for a minimally viable
system and the 5% WER threshold for the performance of an ideal system. Second, the
number of days the decoder can maintain this threshold of usable system performance
without necessitating dedicated re-training time with the user — either by not re-training

or by using automatic recalibration techniques which may be simulated offline. This can
highlight the tradeoff between absolute performance and day-to-day stability (Fig. 4e). Here,
the time at which system evaluation occurred relative to the time of device implantation (for
example, measured in days; Supplementary Table 1) should be reported and may give insight
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into longevity of the system. These two training-time metrics will help the field monitor
progress towards scalable and robust speech-neuroprosthetic solutions in the future, which
ideally would be usable after only a brief initial training period and require very-little-to-no
explicit recalibration periods on a day-to-day basis.

Practical implementation of a speech neuroprosthesis

In this section, we focus on practical speech neuroprosthesis implementations tailored

to work in daily-life settings. Although studying isolated aspects of speech decoding

such as text or synthesis with single words or sentences is appropriate for research, an
ideal speech neuroprosthesis in daily life would have the capacity to leverage numerous
communication modes based on the setting and desire of users. For example, in some
situations, users may prefer to limit their output space of speech to single, high-utility words
and/or phrases (such as ‘no’, ‘yes’, ‘thank you’, ‘not now’ or ‘bring that”) in exchange

for near-perfect decoding performancel®’. A similar tradeoff can be facilitated by having
a spelling framework available on the neuroprosthesis, either using attempted speech20 or
handwriting®, which would allow users to spell out arbitrary sentences with high accuracy
(albeit with substantially lower speeds). Although spelling and classification approaches
may be critical to a practical system for daily use, they do not address users’ desire for
high-speed and natural communication.

Thus, algorithms to directly decode neural activity into sentence-level speech, with a large
vocabulary and at natural conversational speeds, are critical in a speech neuroprosthesis.
Ideally, these algorithms would be designed to capture the multimodal output space of
speech. For example, text outputs may be preferred in web-based or computer-based
browsing applications, whereas speech synthesis may be ideal during interpersonal
interactions. Virtual interactions can further be facilitated by facial animation accompanying
speech synthesis and can be used to express non-verbal gestures such as laughing, smiling
and frowning. Synthesized speech and facial animation should be customized to the likeness
of the participant, using techniques common in speech and avatar processing.

In developing speech-decoding systems for use in daily life, a few additional user concerns
must be considered. As long and recurring training periods for speech neuroprostheses
might discourage long-term use1®8.159 it is essential to develop decoders that are stable

over time or can be quickly recalibrated192:104.105 tg avoid dedicated and high-effort re-
training periods inconveniencing users. Transfer learning, either between individuals'%8 or
different types of speech within the same individual29, may also be used to expedite
decoder training. Another critical concern of neuroprosthesis users is whether thoughts or
ideas not intended to be conveyed might be output by the system (see Box 2 for ethical
considerations). Although current speech neuroprostheses do not decode or target internal
monologue (Fig. 4a), an additional safeguard is to use a speech-detection algorithm to gate
any decoding process, which is highly successful in correctly identifying volitional attempts
of users to overtly and silently speak12120, In the future, speech-detection algorithms can be
trained using neural activity collected during internal monologues or the presence of external
sensory stimuli (such as watching TV, listening to a podcast or reading an article) as negative
examples to further refine specificity for intended speech.
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Importantly, many of the aforementioned user concerns — ease of use, re-training periods
and data privacy — are not unique to neuroprostheses but rather apply to many machine-
learning-based applications. A growing literature aims to define general machine-learning
principles to encourage the development of scalable, reliable and efficient systems0, As
the field of speech neuroprosthetics grows, adopting shared principles with other machine-
learning systems may become increasingly important.

Future directions

In this Review, we have discussed progress towards the development of clinically viable
speech neuroprostheses. We now focus on three overarching future directions that will
accelerate the field towards achieving that goal: understanding the cortical encoding of
speech production, developing better engineering techniques to sample and decode neural
activity in daily-life settings and scaling to different clinical aetiologies of speech loss.

Attempts to better understand the cortical control of speech production can provide insight
into optimal electrode array placements for speech neuroprostheses. Further understanding
of somatotopy and articulatory control on the SMC, both in able speakers37-39.161 gng

in individuals with vocal-tract paralysis}41°, could accelerate progress, which may mirror
previous investigations of somatotopy in upper limb representations®162-164 However, it

is also vital to better understand non-direct articulatory control of speech, such as which
cortical regions are important for speech planning#7165.166 including semantic®8167 and
phonological representations®8:168 that may be important for forming imagined or attempted
speech targets. Such regions and representations may inform the development of speech
neuroprostheses to treat individuals with speech disorders in which the SMC is damaged
but cognition is otherwise intact. The supplementary motor area (SMA) is another important
region in the speech production network65:169 that is involved in speech initiationl70, A
recent non-peer-reviewed preprint found that neural populations in the SMA are among

the earliest predictors of speech onset and may remain strongly activated in imagined and
attempted speech!?0, Thus, the SMA may be a particularly useful target for future speech
detection algorithms. A parallel line of research should investigate the speech features
encoded by single neurons versus neuronal populations, as different sampling scales may
offer complementary information, even in the same general anatomical area. Finally, speech
decoders have yet to fully leverage paradigms of feedback-based learning that have the
potential to entrain new patterns of neural activity for better control171-174,

Numerous engineering advancements are required to enable daily-life use of speech
neuroprostheses. For example, higher-density cortical sampling — via an increased number
of surface or penetrating electrodes — has been shown to increase the performance

of decoding models14-16.175.176 Djfferent approaches to increase the density and lower

the invasiveness of ECoG are currently being developed for use in humans and animal
models176-182_ Similarly, both in academic and industry settings, approaches are being
developed to improve throughput, sampling, biocompatibility and stability of MEAs183-186,
In addition, although not ready for chronic implantation, NeuroPixels, or similar probes
that sample laminar cortex, may offer a method to record high-density single units across
cortical layers in humans!87:188_ Separately, the feasibility of non-invasive methods for
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communication brain computer interfaces is being actively investigated” /89, with the goal
of improving signal-to-noise and spatial resolution. Overall, a positive correlation exists
between decoder performance and electrode density and/or the relevant coverage afforded by
the corresponding neural interface, emphasizing that improvements to these two hardware
aspects can lead to improved speech brain computer interfaces, regardless of the specific
recording modality.

In addition, algorithms for decoding speech from neural activity may be improved. One
potential avenue is to leverage advancements in self-supervised learning!® to learn latent
representations that best capture behaviour-related dynamics, even when noise is present

in the neural activity121:190-194 This may improve the decoding of speech features, such

as phonemes or the mel-spectrogram, and lower the amount of training data required.
Another approach to improve decoding performance is to leverage large language models,
which are currently being developed in industry142:195 to score the likelihood of decoded
sentences from neural activity. Importantly, these large language models have the capacity to
integrate conversational context into their predictions, which has been shown to improve
neural-decoding pipelines!l’. Contemporary machine-learning architectures, tailored for
streaming, may also reduce the latency at which speech-synthesis and text-decoding systems
operate196.197,

System-design advancements are also necessary to scale speech neuroprostheses for daily
use. To this end, one promising research avenue involves developing recording technologies
that can be wireless, portable and fully implanted®-198-203, Complementary work may focus
on integrating the speech neuroprosthesis with the phone of users and computer operating
systems to allow seamless communication via text, e-mail and web services. In developing
these approaches, value-aligned development, in which user feedback is used to guide
advancements, will be essential and will help ethically design speech neuroprostheses for
clinical use (Box 2). This may involve frequently soliciting feedback from users of speech
neuroprostheses, potentially through standardized survey mechanisms. A complementary
approach is to survey18:159 the population of potential users for their desired features in a
speech neuroprosthesis.

A final direction towards an optimized speech neuroprosthesis is to explore decoding in

the context of a number of different speech disorders (Box 1). This may start by further
assessing decoding performance in individuals with anarthria that have varying degrees

of vocal-tract paralysis. Specifically, high-performance speech decoding has yet to be
demonstrated in an individual that is fully locked-in with negligible residual motor function.
Speech-decoding studies might also consider targeting cortical forms of dysarthria (caused
by injury to the vSMC)204.205 by recording from intact speech production regions such as
the posterior STG, SMG or preserved aspects of the precentral gyrus. Apraxia of speech and
aphasias (Box 1) may similarly be targeted in the future by decoding from intact regions,
upstream or parallel in the production process from the lesion. Overall, we believe these
directions will accelerate the field of speech decoding towards its ultimate goal: restoring
natural and expressive communication to all who have lost it.
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Anarthria
Speech-motor disorder referring to an inability to move the vocal-tract muscles to articulate
speech.

Aphasias
A disorder of understanding or expressing language.

Attempted speech
This is an instruction given to individuals with vocal-tract paralysis to attempt to speak the
best they can, despite lack of the attempt being intelligible.

Concatenative synthesizer
A speech-synthesis approach that relies on matching neural activity with discrete units of a
speech waveform that are then concatenated together.

Corticobulbar system

The pathway through which motor commands from the cortex reach the muscles of the vocal
tract. At a high level, cortical motor neurons send axons via the corticobulbar tract which
terminate in cranial nerve nuclei in the brainstem. Second-order motor neurons in the cranial
nerve nuclei then send axons, that bundle and form cranial nerves, to innervate the muscles
of the vocal tract.

Formants
The preferred resonating frequencies of the vocal tract that are critical for forming different
vowel sounds.

Language models
Models that are trained to capture the statistical patterns of word occurrences in natural
language.

Locked-in syndrome

This refers to a clinical condition in which a participant retains cognitive capacity but has
limited voluntary motor function. Locked-in syndrome is a spectrum, ranging from fully

locked in states (no residual voluntary motor function) to partially locked in states (some
residual voluntary motor function such as head movements).
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Mime
An attempt to move vocal-tract muscles without attempting to vocalize.
Sensorimotor cortex
This area of the cortex is composed of the precentral and postcentral gyri, primarily
responsible for motor control and sensation, respectively.
Silently attempted speech
This is an instruction given to individuals with vocal-tract paralysis to attempt to speak the
best they can, but without vocalizing.
Speech articulators
The vocal-tract muscle groups that are important for producing (articulating) speech,
including the lips, jaw, tongue and larynx.
Syntax
The arrangement and structure of words to form coherent sentences.
Vocal-tract paralysis
An inability to contract and move the speech articulators, often caused by injury to
descending motor-neuron tracts in the brainstem.
Zipf’s law
The law that generally proposes that the frequencies of items are inversely proportional to
their ranks.
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Box 1
Disorders of speech and language

In discussing different types of speech and language disorders that may be treated with
a speech neuroprosthesis, it is helpful to simplify the speech-production process to a few
representational levels (although more detailed levels may exist and we do not suggest
that these levels occur in complete isolation from one another). These include accessing
conceptual language representations, generating and coordinating the proper vocal-tract
motor plans to reach intended speech targets, executing these motor plans, transmitting
these signals through the brainstem and peripheral nerves and properly contracting the
corresponding vocal-tract muscles.

Dysarthria is a speech-production disorder in which the ability of an individual to control
their vocal-tract articulators is degraded but their ability to comprehend speech and
language is preserved?10. Anarthria is the most severe form of dysarthria and refers to
the case in which the ability to coordinate articulation is fully lost}40. Dysarthria can
result from an injury that disrupts one of the final three stages of the speech-production
process (executing the motor plan onwards). Injuries that selectively impair the ability of
an individual to contract their vocal-tract muscles, such as a laryngectomy or facial nerve
injury, may cause dysarthria. Another common cause of dysarthria, and often anarthria,
is injury to the descending motor pathways in the brainstem. Past speech-neuroprosthesis
studies have generally focused on individuals with this type of injury, often owing to
amyotrophic lateral sclerosis, a neurodegenerative disease that selectively targets motor
neurons, or to a stroke that causes irreversible injury to the brainstem tissue. In these
cases, speech is rarely the only motor function lost, with descending motor neurons that
innervate the upper and lower limbs also often injured. Individuals who have lost all
motor control, except for certain eye or head movements, are referred to as being ‘locked
in’2. Finally, dysarthria may be caused by injury to the motor cortex itself, referred to as
cortical anarthria or dysarthria294205, In such cases, the motor cortex cannot implement
the proper motor commands and transmit them to the peripheral nerves to contract the
vocal-tract articulators.

Beyond anarthria and dysarthria, apraxia of speech (AOS) and aphasia are disorders of
speech and language, respectively, that may be treated with a speech neuroprosthesis

in the future. AOS is a disorder of speech-motor planning and coordination in

which articulatory muscle strength and language comprehension are preserved?10.211,

In contrast to dysarthria, AOS is characterized by a deficit in generating and
coordinating complex speech-motor sequences rather than a direct deficit in motor
control of vocal-tract movements. Individuals with AOS tend to have inconsistent speech
errors that occur more often as the complexity of an utterance increases, whereas
individuals with dysarthria are consistently unable to finely control their vocal tract

and orofacial movements?19, AOS often occurs with lesions to the language-dominant
left hemisphere?12, and recent studies have localized AOS to damage in the middle
precentral gyrus*8-50.211 | anguage disorders, or aphasias, affect the ability of an
individual to comprehend or express speech, disrupting the conceptual-language system
of the brain, and generally result from injury to cortical regions in the language-dominant
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left hemisphere213, Treatment of AOS or aphasia has not been explicitly explored
with a neuroprosthesis. Future studies should investigate whether intact cortical regions
in individuals with aphasia and AOS contain representations that may be decoded
into intended speech. Although AOS (without coincident aphasia) disrupts the ability
of an individual to implement and plan coordinated speech-articulatory movements,
language representations (lexico-semantics and syntax), and probably representations
corresponding to intended speech targets, remain intact?19, For aphasia, the nature

of preserved representations is less consistent across individuals and may depend on
whether the ability of an individual to comprehend or express speech is impacted.
Approaches to restore speech in individuals with AOS or aphasia is likely to require
electrode arrays to be placed in areas beyond the motor cortex.

Given the broad range of clinical disorders that may be treated with a speech
neuroprosthesis, it is challenging to define the number of individuals who may

benefit from the technology. An estimated 5-10% of people in the USA live with

a communication disorder and approximately 1 million people in the USA live with
aphasia specifically?14. According to the US Centers for Disease Control, each year
there are an estimated 5,000 newly diagnosed cases of amyotrophic lateral sclerosis215.
However, the worldwide proportion of these cases in which a speech neuroprosthesis
may be needed or desired is unclear. Thus, although speech neuroprostheses have the
potential to improve quality of life for many individuals, future work is needed to
precisely define the user population. Beyond measuring the incidence of conditions
resulting in communication disorders, this should involve estimating the proportion of
cases in which intact cortical representations persist that can be decoded into intended
speech. Furthermore, the performance and medical risk at which an individual would be
willing to use the technology, given different severity levels of underlying communication
impairment, should be estimated through survey. These efforts should go hand in hand
with work to better solicit feedback and design considerations from user populations
(Box 2).

Nat Rev Neurosci. Author manuscript; available in PMC 2025 February 01.




1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Silva et al.

Page 35

Box 2
Ethical considerations for the development of speech neuroprostheses

Speech neuroprostheses have progressed rapidly over the past decade, demonstrating
immense potential to restore agency, expression and autonomy to individuals with severe
paralysis. Although these research advances have given hope to individuals with severe
paralysis, they have also raised important ethical concerns for researchers to address
primarily surrounding mental and data privacy.

A contributing factor to ethical concerns held by individuals with severe paralysis is how
advances in speech neuroprostheses are communicated to the public through the media.
Given that neuroprostheses and human—machine interactions are prevalent in popular
culture, the presentation of current scientific work can be misunderstood. Indeed, some
recent speech neuroprostheses advances!41° have been portrayed as mind reading — the
reading out of internal thoughts or inner monologue that one did not intend to make
public (referred to as internal speech in this Review) — when, in reality, they rely on
volitional speech attempts by the user and not internal speech. Thus, researchers have the
responsibility to clearly convey their work to help address mental privacy concerns, and
we hope that standardizing speech instruction reporting will help towards this end.

However, mind reading is still a pervasive ethical concern. In this Review, we distinguish
internal speech from intended speech, as intended speech is either matched by a
behaviour, such as trying to mime (silently attempted speech) or trying to speak aloud
(attempted speech), or the user is imagining that they are saying or hearing their
intended speech output. Confusing these concepts is understandable, given that our
internal thoughts and ideas can be conceptualized through language, and language is
conveyed with speech?16. Current speech neuroprostheses do not target internal speech
representations, as their goal has been to decode volitional and intended speech from
users with paralysis. In addition, current speech-decoding approaches are rooted in
years of work understanding intact speech production, specifically the volitional control
of articulation encoded on the sensorimotor cortex. By contrast, the understanding

of how the brain represents internal monologue and thoughts is relatively limited?17.
However, although the field may not currently be close to decoding internal thoughts
and monologue, it is possible that this could change in the future. A potential safeguard
would be to chain any speech decoding to an initial speech-detection module, trained

to identify volitional speech attempts218. Such a model has been highly successful in
preliminary work and could be augmented to explicitly distinguish types of intended
speech from types of internal monologue and thought.

In addition to mind reading, the rapid expansion of speech neuroprostheses has

raised data-related ethical concerns over ownership?19, leaks?20 and privacy??! of

one’s neural activity. For example, it is not currently clear what rights speech-
neuroprosthesis users will have over their neural activity data. It is critical that the
future of speech neuroprostheses is driven by constant communication and collaboration
between engineers, physicians, neuroscientists, neuroethicists, regulators, legislators
and, importantly, current and potential users and their advocacy groups. Value-aligned

Nat Rev Neurosci. Author manuscript; available in PMC 2025 February 01.




1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Silva et al.

Page 36

development, in which innovation is guided by user input, has proven successful

in many health-care fields by creating more sustainable and efficient co-designed
systems?22-224_ Soliciting consistent feedback from users may optimize the development
of desired speech neuroprostheses features and encourage long-term and widespread
system adoption.
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Fig. 1 |. Key milestones in speech decoding.
Timeline of key advancements that have ultimately led to proof-of-concept

speech neuroprostheses for individuals with paralysis. Advancements are labelled

based on their study population, neural-recording technology and research goalt2-
17,24,43,44,64,68,84,85,88,89,95,106-112.
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Fig. 2 |. Articulatory control of speech.
Speech articulation relies on the corticobulbar system. At a broad level, this system is

composed of cortical neuronal populations that project axons to the brainstem, where
activations are relayed through cranial nerves to the speech articulators (muscles). a, Neural
populations, arranged somatotopically on the ventral sensorimotor cortex (vSMC) and
middle precentral gyrus (midPrCG), control the movements of key vocal-tract articulators,
such as the larynx, tongue, jaw and lips. These neural populations may receive input from
other regions involved in speech, a few of which are highlighted (superior temporal gyrus
(STG) and the supramarginal gyrus (SMG)). The vSMC and midPrCG send motor-control
signals through their axons, which bundle and form the corticobulbar white matter tract,
that terminate in cranial nerve nuclei in the brainstem. Neurons in cranial nerve nuclei then
send axons, which bundle and form cranial nerves, that innervate the speech articulators
(larynx, tongue, jaw and lips). b, Cortical-activity patterns, ultimately transmitted by the
cranial nerves, lead to contraction of the vocal-tract articulators and defined vocal-tract
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configurations that can broadly be grouped based on the place of air constriction into

four classes: vocalic, back tongue, front tongue and labial. ¢, Continuous movements of

the vocal-tract articulators between these configurations, along with air from respiratory
structures, turn neural activity related to intended speech into vocalized sound waves.
Continuous articulatory features can be measured for different landmarks in the vocal

tract over time. Here, the visualized articulatory features are inferred from the produced
acoustic waveform2%, d, The produced speech can be represented as an acoustic waveform
(amplitude over time). The envelope can be estimated from the acoustic waveform27 and
represents the intensity of speech over time, an important measurement that correlates

with speech rate, stress patterns and loudness e, Speech can also be represented as a
mel-spectrogram, in which the power of different perceptually salient frequency bands is
shown over time. Pitch can be computed by computational algorithms that estimate the
fundamental frequency of a signal?%8. f, Defined patterns in the produced sound, visible on
a mel-spectrogram, form the basis of meaning. Phonemes are a type of linguistic feature
and refer to the smallest perceptually distinct units of sound (epochs denoted by dotted lines
in panels d and e) that form a language. Phonemes, along with words, can be annotated

and inferred based on the produced sound during continuous speech2%. In addition, the
vocal-tract configuration that gives rise to a distinct unit of sound can be used to group
phonemes. Visualization of articulatory control of speech in panels c—f from produced sound
was created using algorithms from refs. 206-209.
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Fig. 3 |. Decoding speech from neural activity.
Speech-decoding systems follow a similar heuristic; neural activity during intended speech

is captured with an interface of choice and relevant features are extracted and processed

by a decoding model. This decoding model can be trained to transform neural activity into
text, audible speech or orofacial movements. a, Recording of neural activity can be achieved
using different neural interfaces such as electrocorticography (ECoG), microelectrode array
(MEA) and stereoelectroencephalography (SEEG). Recorded neural activity is processed
into neural features, which are then passed to a speech feature decoder, which might have
been trained to output linguistic, acoustic or articulatory features as intermediate speech
representations. b, For text decoding, models can be trained to decode neural features

into sequences of linguistic features, such as phonemes (colours indicate their vocal-tract
configuration), and then a defined vocabulary (via a lexicon constraint) and natural language
modelling can be used to transform phoneme sequences into text sequences of plausible

Nat Rev Neurosci. Author manuscript; available in PMC 2025 February 01.




1duosnue Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Silva et al.

Page 41

words and sentences. ¢, For speech synthesis, models can be trained to decode neural
features into sequences of acoustic features, such as the mel-spectrogram, which can then

be vocoded into an audible speech waveform, often using pretrained models from the field
of speech processing. Importantly, the vocoder can be personalized in a way that captures
the previous intact voice of the individual. d, Models may also be trained to decode neural
features into sequences of articulatory features, such as the relative displacement of different
locations in the vocal tract over time (gesture activation). A gesture-animation system may
be applied to the gesture activation sequences to animate a digital avatar. Similar to speech
synthesis, the avatar may be personalized to reflect the likeness of the users, using digital-
face capture software. Optional conversion between text, speech and facial-avatar animation
outputs is feasible using pretrained speech-processing models (dashed arrows). Visualization
of acoustic and articulatory features in panels b—d was created using data and algorithms
from ref. 14. The personalized avatar mesh animations in panel d were generated using
Unreal Engine animation software (Speech Graphics, Edinburgh, UK). Panel d adapted from
ref. 14, Springer Nature Limited.
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Fig. 4 |. Evaluating and standardizing speech neuroprostheses.
As the field of speech neuroprosthetics continues to accelerate, it is important to define

standardized methods of reporting and evaluating speech-decoding results. Here, we propose
several metrics to become standardized, specifically relating to speech instructions, decoded
outputs, utterance sets used to train and evaluate models and finally user training times.

a, Common types of speech instructions given to individuals in speech-decoding studies
include imagined, silently attempted and attempted speech (right). These intended speech
types are distinct from internal thoughts or monologue of an individual (left). b, For text
decoding, metrics related to the accuracy, speed and lexicon and language model of the
system should be reported and standardized. To measure accuracy, the WER and PER
(alternatively, the character error rate can be reported if the model is trained to decode
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sequences of characters) should be used and are defined as the edit distance between

ground truth and decoded word and phoneme sequences. To measure speed, the WPM can
be reported as the time between the onset of the speech attempt and the final processed
sample of neural activity. Finally, the vocabulary size used to define a language model

and lexicon should be reported. ¢, For speech synthesis, metrics related to accuracy and
latency of the system should be reported and standardized. To measure accuracy, the MCD
should be computed between ground truth and synthesized speech, capturing distortion in
perceptually salient frequency bands. For a more interpretable measure of performance, the
human-transcribed WER should be reported by having volunteers transcribe synthesized
speech into text, which can then be compared with ground truth. Finally, the latency of the
speech-synthesis system should be reported and can be defined as the time between the onset
of a speech attempt and the first sample of synthesized audio that is played back to the
participant. Visualization of acoustic waveforms and mel-spectrograms were created using
data and algorithms from ref. 14. d, Utterance-set metrics, common to text-decoding and
speech-synthesis systems, should also be reported. First, qualities of the training-utterance
set, such as number of unique words (vocabulary size) and sentences, should be reported.
Next, the lexicon and language model vocabulary size (as in panel b) should be reported.
Finally, key characteristics of the evaluation-utterance set should also be reported. This
includes the vocabulary size of, the number of sentences in and the length of sentences in the
evaluation-utterance set. Importantly, the overlap between the training and evaluation sets
should also be quantified and reported as the number of overlapping words and sentences
between the two sets. e, Training-time metrics, also common to text-decoding and speech-
synthesis systems, should be reported. The total amount of training data quantified as
number of hours to reach usable and/or goal performance should be reported. The number
of days the system can maintain usable performance, without supervised re-training (either
by not re-training or using self-supervised recalibration techniques), should also be reported.
Panel e adapted from ref. 14, Springer Nature Limited.
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