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PUBLIC SUMMARY

= Generative BCI decoding reconstructs semantically rich content, including text and images, from brain signals.
= Generative Al boosts BCI decoding through data augmentation and sensor optimization.

= Key challenges include BCI decoding reliability, cross-subject generalizability, and fairness.
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Brain-computer interfaces (BCls) establish direct communication path-
ways between the human brain and external devices, enabling novel modes
of human-machine interaction and providing essential technological foun-
dations for innovative clinical therapies. BCI decoding can be divided into
discriminative and generative approaches. Discriminative decoding models
are primarily used for predefined tasks such as emotion recognition, limited
performance in reconstructing high-dimensional semantic content such as
natural language or visual images. Recent advances in generative artificial
intelligence (Al), including diffusion models and autoregressive Transform-
ers, have brought generative decoding to the forefront of BCI research by
enabling the reconstruction of semantically rich content from neural activ-
ity. Current studies further demonstrate that decoding visually evoked
neural activity into images can achieve structural similarity index measure
(SSIM) scores ranging approximately from 0.26 to 0.43. Furthermore,
generative Al enhances BCl decoding through data augmentation and
sensor optimization, thereby improving both performance and generaliz-
ability. Here, we review recent progress in generative Al-enabled BCI
decoding, focusing on methodological advances in language and visual
decoding. We also summarize its roles in data augmentation and sensor
optimization, outline key challenges in decoding accuracy, cross-subject
generalization and fairness, and suggest future directions such as multi-
modal integration and fairness-aware frameworks.

INTRODUCTION

BCI technology, conceptualized in the 1970s, has long aimed to establish a
direct communication channel between the human brain and external
devices.'™" It has been applied across diverse domains, including clinical
rehabilitation,””""  human-computer interaction,'”” and biometric identi-
fication,'"™"* among others. Decoding refers to the process of translating
neural activity into interpretable outputs, and is the central component of BCI
systems. To provide a clear conceptual framework, we categorize BCI decod-
ing into two fundamental paradigms: discriminative decoding, which maps
brain signals to predefined categories, and generative decoding, which recon-
structs semantically rich and open-ended content directly from neural activ-
ity. Whereas discriminative decoding is mainly limited to classification tasks
such as visual category recognition'®™'? and emotion identification,””** its
closed task structures and limited semantic expressivity confine it to recog-
nizing only predefined, discrete intentions.”** As a result, it fails to capture
the continuous cognitive content naturally emerging in the brain, including
language, complex visual scenes, and emotional states. In contrast, genera-
tive models aim to produce higher-level semantic content-including text,”
speech,”” and images,”®” that better reflects the richness of brain activity.
This transition represents not only a technological advance but also a
conceptual shift in BCI decoding, moving systems from simple command
recognition toward authentic semantic reconstruction and cognitive restora-
tion, thereby opening the way for more natural and efficient human-computer

interaction.”

Generative Al models, such as autoregressive transformers,®" Variational
Autoencoders (VAEs),” and diffusion models,™ provide the foundational
capabilities for generative BCI decoding and are reshaping the technological
landscape of BCI. By leveraging these models, generative decoding has
expanded the scope of BCI tasks, enabling the reconstruction of complex
content such as natural language,” ™ speech,””* and images *~*' from brain
signals, and even supporting reverse generation for bidirectional BCI.*” More-
over, generative Al enhances decoding performance via data augmen-
tation, ™ facilitating cross-modal generation” ™ and data synthesis™ ™ to
provide abundant training resources for high-performance BCI decoding
models. Concurrently, it is increasingly used to assist BCI sensor optimiza-
tion, improving electrode design and enabling the discovery of novel flexible
materials to enhance signal acquisition quality,* "’ thereby strengthening the
overall decoding capabilities of BCI systems.

In BCI language decoding,” generative Al models have been used to
restore sentences that individuals hear,” speak,'' or think,“" breaking
through the limitations of traditional BCI in terms of vocabulary scale and
expressive freedom. Application scenarios include assisting communication™
for people with language disorders and building silent communication
systems. Research cases include neural translation from microelectrode
arrays (MEA) signals to text,”" as well as speech synthesis driven by electro-
corticography (ECoG)*™ or electroencephalogram (EEG)'"™ recordings.
These studies not only demonstrate the strong capabilities of Generative Al in
BCI language decoding but also provide new ideas for the rehabilitation of
language disorder patients and the optimization of human-computer interac-
tion in the future.** Through Generative Al, BCI systems can directly convert
brain signals into natural language, enabling users to express their thoughts
more naturally.

In BCI visual decoding, brain signals (such as fMRI,* EEG***" and MEG'?)
are modeled and combined with generative Al models to decode visual stim-
uli into images®®® and videos,”” which in most studies are based on exter-
nally presented visual inputs.”' In addition, generative Al has also been used
to decode dreams’” or visual imagination,” which reflect visual content
generated within the brain. Related research has shown that generative Al
models can effectively improve the spatial resolution and semantic consis-
tency of decoded images, providing important technical support for cognitive
neuroscience’* and visual prosthetics.”*"

Beyond decoding algorithms, Generative Al also plays an important role in
enhancing BCI decoding through two key dimensions: data augmentation
and sensor optimization. On the data side, generative models enable cross-
modal generation,” virtual neural signal synthesis,”” and super-resolution
reconstruction,*"’" effectively enriching training samples and improving data
efficiency under limited-data regimes.”®” On the hardware side, generative
models are increasingly used to support the design and optimization of
neural sensors. By accelerating the discovery of candidate materials and
electrode architectures, they contribute to the development of sensors with
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improved biocompatibility, conductivity, and signal fidelity.”"*®

This review first examines recent methodological advances in generative Al-
enabled BCI decoding, with dedicated sections on language and visual recon-
struction. It then explores the indirect yet important roles of generative Al in
enhancing decoding performance through data augmentation and sensor
optimization. Subsequently, it discusses three major challenges-decoding
accuracy, cross-subject generalization, and fairness-together with emerging
strategies to address them. The review concludes by summarizing key trends
and outlining future research directions toward the practical deployment of
generative Al-enabled BCls.

THEORETICAL FOUNDATIONS OF GENERATIVE Al FOR BCI DECODING

Generative Al fundamentally differs from traditional discriminative model-
ing in its approach to modeling neural activity for BCI decoding. In discrimi-
native modeling, neural signals are mapped into predefined categories,
whereas generative Al learns a conditional distribution over a continuous
output space and directly produces semantically meaningful content from
neural activity. This modeling shift moves beyond selecting from fixed cate-
gories and instead supports the generation of rich, structured outputs driven
by learned conditional distributions.**%*'

More formally, let X denote neural activity and € a discrete label space. A
discriminative model predicts the most likely category through

€ =argmax Py, (C| X),

cee

()

where 8, denotes the model parameter set. This formulation reflects a deci-
sion process defined over a finite label set.
In contrast, generative Al models a conditional distribution over a continu-
ous output space Y and produces an output by
¥ = argmax P, (Y|2), Z=f,(X),
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where g, parameterizes the generative model and f,, maps neural activity X
into a latent representation Z. This formulation demonstrates how generative
Al can produce semantically rich content based on neural activity.

This perspective highlights a shift from classification-style decisions
toward open-ended generation. Neural activity is embedded into a latent
space that provides a compact and abstract representation of neural dynam-
ics, where embeddings with related semantic content lie in close proximity.
Generative Al builds on these latent representations to synthesize language,
speech, and visual content at higher semantic levels. The sections that follow
build on this theoretical foundation to examine algorithmic advances, appli-
cation domains and enabling technologies,” *****>*” as well as the challenges
that remain for generative Al-enabled BCI systems.

GENERATIVE Al FOR BCI DECODING METHODS
From discriminative decoding to generative decoding for BCI

Most early BCI decoding studies focused on discriminative models that
classify neural signals into predefined categories, for example in motor
imagery or emotion recognition tasks.” " While such methods achieve good
accuracy in restricted settings, their reliance on closed output spaces
prevents them from addressing richer forms of cognition.®

Recent work has therefore explored generative decoding, which directly
reconstructs open-ended content such as text, speech, or images from brain
activity.™**" Enabled by advances in generative artificial intelligence, these
models can generate high-dimensional outputs that align more closely with
natural cognitive processes.””" Demonstrations in natural language, "’
continuous speech,” and visual imagery® illustrate the potential of this direc-
tion, motivating the following sections on language and visual decoding.

Overall, the shift from discriminative to generative decoding not only
enhances the expressive range of BCI systems, but also moves the field
toward authentic semantic reconstruction and cognitive restoration (Figure
1).7"% Table 1 summarizes representative generative decoding tasks together
with their reported performance metrics.

BCI language decoding with generative Al
Language decoding in BCI refers to the process of translating neural activ-
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ity into interpretable linguistic outputs, typically in the form of natural
language text or synthesized speech (Figure 2). This capability is fundamen-
tal for restoring communication in individuals with severe paralysis or speech
impairments. Traditional approaches have been constrained by predefined
vocabularies or fixed linguistic categories, which limit the expressive capacity
and generalizability of BCI systems. Recent advances in generative Al, partic-
ularly the development of large language models (LLMSs), have fundamentally
transformed the field by enabling the direct mapping of complex brain signals
to open-ended linguistic outputs, including continuous text generation and
speech synthesis.

BCI text decoding. Text decoding has emerged as a fundamental research
direction in BCI language decoding, aiming to reconstruct text directly from
neural activity. Current studies span both invasive and non-invasive signal
acquisition modalities.

Invasive BCls typically leverage ECoG or MEA to record cortical neural
activity. Early efforts focused predominantly on discriminative classification
tasks, such as intent-driven spelling devices™* and word-pair
classification.” With the introduction of generative Al models, invasive
approaches have gradually evolved from simple classification to open-
vocabulary text reconstruction. Notably, several studies employing high-
density ECoG arrays have achieved continuous speech-to-text reconstruc-
tion, significantly reducing word error rates and demonstrating real-time
decoding of natural language.”™'" The adoption of representation learning
and transformer-based generative models has further enabled large-vocabu-
lary and sentence-level neural text decoding, substantially advancing the
prospects of neural speech prostheses.'”"'*” Moreover, the transfer of motor-
related decoding paradigms to language applications has yielded important
breakthroughs, including real-time decoding of imagined handwriting and
inner speech signals, highlighting the stability of neural representations and
the adaptive capabilities of current models.*"**

In parallel, non-invasive BCl text decoding has also witnessed rapid
progress, primarily utilizing fMRI, MEG, and EEG. Compared with invasive
recordings, these modalities are safer and more scalable but inherently suffer
from lower signal-to-noise ratios (SNRs), which pose significant challenges
for fine-grained language decoding. Early research in this domain mainly
addressed the discriminative classification of basic semantic categories,
analyzing neural responses to different linguistic stimuli and revealing the
distributed nature of semantic representations in the brain.**'"* Subsequently,
decoding efforts expanded from coarse semantic classes to individual words
and phrases, marking initial steps toward reconstructing continuous natural
language semantics.'**'%

Building on these developments, the emergence of generative Al further
accelerated non-invasive text decoding. Leveraging autoregressive LLMs
such as GPT, non-invasive approaches have achieved unprecedented
progress. Notably, these advances include the first demonstrations of open-
vocabulary and continuous text generation from brain signals.'”"'" To
address challenges posed by the low SNR and substantial inter-subject vari-
ability of EEG data, recent work has explored multimodal fusion, cross-
subject representation alignment, and self-supervised contrastive learning,
yielding notable gains in open-vocabulary EEG text decoding.”®'"""" In paral-
lel, strategies involving cross-modal semantic encoding and joint training
with language models have effectively bridged representation gaps, enhanc-
ing both the semantic consistency and generalizability of decoded text.'"'~'"
For fMRI and MEG, end-to-end natural text generation frameworks have
enabled direct mapping from brain signals to text embedding spaces, result-
ing in marked improvements in decoding accuracy and semantic
relevance.”**''* In particular, the combination of MEG's high temporal and
spatial resolution with transformer models has achieved real-time, sentence-
level continuous decoding, highlighting the considerable practical potential of
non-invasive BCls.'"*'"®

More recently, pioneering studies have explored multilingual decoding
as well as reconstructing semantically relevant textual descriptions of images
from neural responses to visual stimuli,''*""*' further expanding the applica-
tion scenarios and task boundaries of BCI text decoding. At the methodologi-
cal level, end-to-end LLM-based frameworks demonstrate superior perfor-
mance in multimodal representation fusion and generalization tasks, while
the integration of audiovisual semantic fusion® and multi-task joint decoding

117118

SUIDIPa\ UolPAOUU| 3Y |

J—

The Innovation Medicine 4(1): 100193, January 22, 2026 3




www.the-innovation.org/medicine

H{2Y13"8 Biomedical Engineering

gmotion decoding

< .
\\\\\\\{T?Qined text decod\‘fg//

Figure 1. Schematic illustration of discriminative and generative brain decoding Discriminative decoding classifies brain activity into predefined categories. Generative decod-

ing reconstructs open-ended outputs, such as text or images, directly from brain signals.

strategies'”*'* has broadened applicability to a wider range of real-world
scenarios. Advanced neural prosthetic systems now enable multimodal
synchronous control centered on text decoding, while also integrating speech
and virtual avatar facial animations,”"'** underscoring the rapidly expanding
frontiers of BCI text decoding.

BCI audio decoding. In recent years, audio decoding via BCls has become
a key technology for restoring communication in individuals with neurologi-
cal impairments. Unlike text decoding, which can be converted into generic
speech via text-to-speech synthesis, audio decoding directly reconstructs
natural speech signals with speaker-specific characteristics such as timbre

and prosody, thereby enabling more expressive and personalized communi-
cation. Research in this domain spans both invasive and non-invasive
recording modalities, leveraging advanced generative Al techniques to recon-
struct clear and intelligible speech from neural activity.

Invasive approaches have achieved substantial progress in audio decod-
ing. Early studies used ECoG or MEA to record cortical activity and employed
linear regression or classical algorithms to decode and synthesize vowels
and basic speech units.****'”> With the introduction of deep learning, includ-
ing convolutional and recurrent neural networks, speech quality has markedly
improved.'”*~'* The integration of transformer-based encoders with neural
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Table 1. Representative studies of generative BCI decoding with performance metrics.

Biomedical Engineering 3%

Task Type Neural Modality Year  Generative Decoding Method Performance Metrics Reference
Text Decoding ECoG 2023  HuBERT-guided decoding WAcc = 0.74 Metzger et al.*’
. 5 : WAcc = 0.08 31
- T I.
Text Decoding fMRI 2023 LLM-based semantic decoding BERTScore = 081 angeta
Audio Decoding MEA 2025  Autoregressive Transformer WACC_= 0.72 Wairagkar et al."’
MCD = 2.90
. . . . SSIM =0.43 . 90
Image Decoding fMRI 2024  CLIP-aligned diffusion CLIP = 0.93 Scotti et al.
. . . . . " SSIM = 0.26
- W tal.”!
Image Decoding fMRI 2024  Subject-invariant diffusion CLIP = 0.94 angeta
Video Decoding fMRI 2024  Temporal video diffusion el = 0,28 Gong et al.”
CLIP=0.73
—\
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Figure 2. Schematic of BCI language decoding Generative models enable text and audio decoding, while improving non-invasive performance and cross-subject generalization

remains challenging.

vocoders has enabled the accurate reconstruction of natural spoken
sentences directly from ECoG signals,'”~"** and transformer models have
demonstrated potential for transfer from overt to imagined speech decoding
tasks.”

Building on these advances, generative Al frameworks have emerged as
the foundation of state-of-the-art end-to-end audio decoding, excelling in
real-time synthesis, naturalness, and the preservation of speaker-specific
vocal features.”™ Neural prosthetic systems leveraging SEEG, ECoG or MEA
now achieve real-time speech synthesis for communication restoration,*'*
with extensions to prosodic modulation' and even the restoration of singing
in a pioneering study.'" Importantly, these systems have demonstrated clini-
cal feasibility and long-term stability in implant trials.”**"*" Beyond cortical
signals, recent findings indicate that subcortical structures such as the thala-
mus also carry rich language-related information,*'® underscoring the
potential of combining cortical and subcortical signals to further advance
generative audio decoding.'”’

In non-invasive BCls, the low SNR of externally recorded signals poses
inherent challenges for audio decoding. Early work focused on reconstruct-
ing speech envelopes and basic acoustic features, and subsequent deep
nonlinear models improved quality and intelligibility beyond linear

baselines."”'*" To model long, continuous speech, multiscale fusion

networks and state space models have been developed to process extended
EEG sequences and reconstruct mel-spectrograms.'“> More recently, genera-
tive Al has been introduced into non-invasive EEG-based audio decoding,
leveraging pre-trained text-to-speech systems to achieve superior alignment
between EEG and audio representations and to directly generate natural, high-
quality speech.'™*" In parallel, generative Al frameworks that integrate
temporal convolutional feature extraction with language modeling have
enabled the online reconstruction of continuous, natural sentences from EEG
signals.'*” Beyond EEG-based audio decoding, fMRI has also been employed
for non-invasive brain-to-speech reconstruction, where deep auditory
features extracted from brain activity are combined with generative Al models
to reconstruct the sounds actually perceived by the subject."*® Collectively,
these advances highlight the emerging central role of generative Al in bridg-
ing non-invasive neural signals and complex speech generation, laying the
groundwork for practical, portable, and cost-effective BCls.' """

Overall, the rapid development of audio decoding in BCls is driven by deep
learning, and especially by the introduction of generative Al. Both invasive and
non-invasive research lines have demonstrated significant clinical promise,
substantially broadening communication options for patients with neurologi-
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Figure 3. Schematic of visual decoding from brain signals Progress in generative modeling drives improvements in fidelity, semantic consistency, and cross-modal integration.

cal injuries, and advancing BCI technology toward more natural, real-time,
and emotionally expressive human-machine interaction.

BCI visual decoding with generative Al

Recent advances in visual decoding leverage generative Al techniques to
substantially enhance reconstruction fidelity and semantic consistency. This
progress spans multiple domains, including static image decoding and
dynamic video decoding, collectively facilitating richer, more accurate visual
content reconstruction from brain signals (Figure 3). Most existing studies in
this area decode neural responses to externally presented visual stimuli, as
these paradigms provide stable and well-controlled experimental
conditions.”" Research in this area has been driven primarily by non-invasive
modalities such as fMRI and EEG, which offer broader accessibility and the
availability of large-scale datasets. While invasive recordings provide higher
spatial/temporal fidelity, their use is limited by surgical risks and clinical indi-
cations; consequently, non-invasive modalities currently dominate human
studies, with invasive work more common in specific clinical or animal
research contexts.'* Overall, the landscape of BCI visual decoding has thus
far been shaped predominantly by non-invasive approaches.

As illustrated in Figure 4, the transformations along the visual pathway
map closely onto the encoder, embedding, and decoder stages of brain signal
visual decoding. From a representational perspective, the latent features
exploited by generative Al exhibit a strong correspondence with the func-
tional hierarchy of the visual cortex. Structure-sensitive components align
more closely with responses in early visual areas such as V1, whereas
semantic-rich latent dimensions better predict activity in downstream ventral
temporal cortex."**'*” This hierarchical correspondence offers a compact
explanation for how generative models recover both fine spatial structure and
high-level semantics from non-invasive neural signals.

BCI image decoding. Image decoding is a core direction within BCI decod-
ing research, aiming to reconstruct static visual content from brain signals
and capture an individual's perceptual experience at a specific moment.'*'~'**
This includes both simple and complex image reconstruction tasks, and
serves as a valuable tool for probing human visual perception and the neural
mechanisms underlying the processing of static visual stimuli.*”'**'* In addi-
tion to its neuroscientific value, image decoding also holds creative potential-
enabling, for example, the translation of imagined visual scenes into tangible
images, thereby augmenting artistic workflows. The development of BCI-
based image decoding can be traced back to early studies that focused on
reconstructing simple visual stimuli from neural activity, such as black-and-
white patterns,'®® handwritten digits,"*” and human faces.'**'** These pioneer-
ing efforts demonstrated that general shapes and spatial information could

be inferred from brain signals, laying the groundwork for subsequent
advances toward decoding richer and more semantically complex visual
content.'®'®!

With the rapid development of deep learning technologies, the field of BCI
image decoding has witnessed remarkable progress.'*”'* Deep learning-
based methods possess a more powerful capacity for feature capturing and
integration.'®'** They can learn to map nerve activities in the visual cortex to
the visual stimuli observed during the perceptual process through joint train-
ing of generation and adversarial learning. By training a deep generative
adversarial network and combining it with a perceptual loss term, the model
is able to reconstruct images that are highly similar to the original stimulus
images. Due to the difficulty in obtaining paired brain signal and visual stimu-
lus image training samples, many methods apply semi-supervised,' **'** self-
supervised' *" and unsupervised'* techniques to the pre-training process of
generative models to enhance the models' visual representation capabilities.

In recent years, generative Al models, particularly GANs and diffusion
models, have emerged as key technologies for decoding brain activity and
reconstructing perceived images. GANs have demonstrated their ability to
generate corresponding images from brain signals (e.g., thoughts of
numbers, characters, or objects), providing strong evidence that brain signals
encode visual cognitive content.'*®'" For EEG signals, researchers have
developed more advanced GAN frameworks. For instance, combining
stacked LSTM to learn compact and noise-free representations of EEG data
has been used to generate specific visual stimuli.'"'"* Specialized architec-
tures, such as the Dual-Condition and Lateralization-Supported GAN (DCLS-
GAN), have further enhanced the ability to visualize image-evoked thoughts
from EEG signals.'” In the fMRI domain, GANs have been successfully
applied to address inter-subject heterogeneity by reconstructing visual
images from fMRI data acquired while participants perceive images, signifi-
cantly improving accuracy.”®'** By integrating techniques such as VAEs,
GANs have achieved robust decoding from fMRI data and even accom-
plished tasks like gender classification.'” GANs that incorporate semantic
feature similarity as a conditioning signal, such as the Similarity-Conditioned
GAN (SC-GAN), have significantly improved the similarity between recon-
structed images and the original stimuli.' Collectively, these works highlight
the substantial potential of GANs in enhancing the precision and inter-
pretability of brain decoding.

Diffusion models, with their powerful generative capabilities and flexibility,
have shown remarkable performance in brain decoding, especially in fMRI
image reconstruction. Some methods have designed multi-stage processes,
such as first aligning semantics and then generating details,'®'" or combin-
ing multiple generative models, such as masked autoencoders in combina-
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Figure 4. Visual information flow and its correspondence to brain signal visual decoding (A) Visual information progresses from phototransduction in the retina to contrast
coding in the lateral geniculate nucleus, then to feature extraction in visual areas V1 to V4 and inferotemporal cortex, and ultimately to semantic perception in higher cortical
regions. (B) corresponding visual decoding pipeline, in which neural activity is transformed through an encoder, an intermediate visual embedding, and a generative decoder to
reconstruct perceptual content, reflecting a hierarchical organization analogous to biological visual processing.

tion with latent diffusion models,” or VDVAE coupled with BLIP and a univer-
sal diffusion model,”'"" to hierarchically recover visual and semantic details.
Other approaches have employed data-driven methods to synthesize images
that activate specific brain regions;'” improved classification and retrieval
performance by linearly mapping to semantic features;' " and achieved state-
of-the-art performance in image retrieval and reconstruction tasks by inte-
grating contrastive learning and diffusion priors.*** In addition, to alleviate
the problem of insufficient training data, some methods have adopted self-
supervised learning (especially masked modeling) to learn robust and infor-
mation-rich fMRI representations.”'® Diffusion models have also been
applied to EEG signal decoding. By leveraging the strong transferability of pre-
trained text-to-image diffusion models and combining techniques such as
temporal masked signal modeling to address signal noise and individual vari-
ability, high-quality image generation from EEG has been achieved.'”' Other
diffusion-based frameworks have further improved reconstruction quality by
optimizing internal mechanisms and introducing edge estimation
strategies.”"'®

Furthermore, the further development of multimodal data fusion technol-
ogy is also an important direction for the future."™'®* By combining more
modalities of data, the precision and robustness of image decoding can be
further improved.'® At the same time, refining cross-subject decoding tech-
nology is also a focus of future research. Developing cross-subject decoding
models with strong generalizability will help promote the widespread applica-
tion of image decoding technology.”"'® For instance, combining fMRI signals
with image data can reconstruct visual content.'®'*"~'®? The combination of
these modalities provides a richer set of information, thereby enhancing the
accuracy and reliability of decoding. By combining brain signals with other
modalities (e.g., text descriptions, clinical information, etc.), richer information
can be provided for visual decoding, which better constrains the generated
visual content and thereby helps the generative models to reconstruct high-
quality images from brain activity. Feature disentanglement and semantic
representation are crucial for interpreting neural responses and have played
an important role in shaping the high-level neural representations underlying
visual perception.*%'%41%

BCI video decoding. Brain-evoked signals encode not only static images
but also temporally continuous dynamic scenes.*”'" Effectively extracting

and decoding these temporal representations promises new insights into the
dynamic mechanisms of the human visual system and will advance the next
generation of brain-computer video interfaces (BCVIs).'”' One of the most
challenging tasks in this domain is video information decoding, whose goal is
to classify perceived dynamic stimuli'®® or to reconstruct individual
frames/short clips from fMRI-measured brain activity."” In recent years,
researchers have made significant progress in this field, proposing a variety
of innovative methods to improve the quality and efficiency of video recon-
struction. For example, NeuralFlix employs spatial and temporal enhance-
ments to learn fTMRI representations and utilizes a diffusion model enhanced
by prior noise to generate videos.'* Additionally, Brain Netflix accurately
generates two seconds and three seconds video clips from brain activities of
different participants and datasets through multi-dataset and multi-subject
training.'” These studies not only demonstrate the potential for reconstruct-
ing dynamic visual experiences from fMRI signals but also provide an impor-
tant technical foundation for the development of future BCVIs.

Recently, three-dimensional convolutional networks (3D-CNNs) and two-
stream spatiotemporal networks'®'?" have been shown to generate hierar-
chical spatiotemporal features that bridge dynamic visual stimuli and brain
signals. To mitigate the scarcity of paired training data, researchers first pre-
train a 3D-CNN on large-scale video datasets such as Kinetics-400 and
Moments-in-Time, and then use the resulting spatiotemporal features as the
decoding target for reconstructing natural video clips.

In recent years, the rapid advancement of generative Al has spurred an
explosive growth in methods that decode brain signals to generate videos.
Diffusion models, owing to their powerful generative capabilities, have been
widely adopted for brain-based video decoding tasks. One line of work'*
employs a cascaded diffusion backbone conditioned on text prompts to
synthesize high-frame-rate, high-fidelity videos from fMRI, adding motion-
consistency regularizers that markedly reduce temporal jitter. NeuroClips™
inserts spatiotemporal Transformer blocks into the diffusion trunk, using local-
global attention for smooth frame transitions and enabling minute-long
sequence reconstruction. Others'”™ couple diffusion priors with adversarial
discriminators and cross-frame contrastive losses to refine dynamic details
and achieve the first faithful recovery of natural motion scenes. To harness
richer multimodal cues, certain methods’ introduce text-image-video tri-
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modal alignment, allowing users to steer reconstruction via language instruc-
tions. To mitigate label scarcity, self-supervised diffusion pipelines have been
proposed that reconstruct long videos from fMRI without paired annotations.
EEG2Video'” pioneers joint training of noisy EEG signals with text-condi-
tioned diffusion, achieving 512 x 512 dynamic-scene decoding through cross-
modal alignment and laying the groundwork for portable brain-video inter-
faces.

Compared to images, videos contain richer information and more complex
scene transitions, which pose significant challenges for decoding extensive
visual stimuli from brain signals. Some studies have attempted to recon-
struct high-quality video content from brain activity by integrating brain
signals with other semantic information.”” Multimodal data joint decoding
offers significant advantages for brain decoding research. First, by integrat-
ing data from different modalities, it provides a more comprehensive view of
brain activity and enables more accurate capture of complex brain activity
patterns.”” Second, multimodal decoding enhances the robustness and accu-
racy of decoding, with the complementary nature of different modality data
compensating for the shortcomings of single-modality data.”® Moreover,
multimodal decoding can reveal the intrinsic connections between different
modality data, helping researchers better understand how the brain
processes and integrates information from different senses.””’ This integra-
tive approach offers new perspectives and tools for in-depth research into
the neural mechanisms of the brain. These studies have further optimized the
performance of multimodal decoding and provided technical support for real-
time applications of video decoding.

Recent advances in generative decoding also point toward potential clini-
cal relevance for visual rehabilitation. Although current retinal prostheses can
partially restore vision in disorders such as age-related macular degeneration,
their perceptual quality remains constrained by the resolution and signal
capacity of the implant.””” Generative Al may help overcome these limitations
by transforming degraded or low-bandwidth visual input into simplified and
more interpretable representations, as demonstrated by PVGAN for pros-
thetic vision enhancement.”” At the same time, high-channel cortical stimu-
lation has shown that the visual cortex can integrate structured electrical
patterns into coherent shape percepts, supporting the feasibility of combin-
ing prosthetic stimulation with generative Al reconstruction in future rehabili-
tation approaches.”” Building on the ability of generative models to produce
content across modalities, reconstructed visual information can be converted
into auditory signals that assist individuals with severe visual impairment in
interpreting their surroundings. There is also potential for the same informa-
tion to be conveyed as tactile patterns generated through peripheral or corti-
cal electrotactile stimulation, providing an additional non-visual pathway
when auditory or residual visual cues are insufficient. Together, these possi-
bilities suggest that generative decoding could support visual prosthetics,
perceptual training, residual-function assessment and sensory-substitution
approaches in patients with damage to the eyes or early visual cortex.

GENERATIVE Al ENABLES BCI DECODING THROUGH DATA AUGMENTA-
TION AND SENSOR OPTIMIZATION

Beyond its direct use in BCl decoding algorithms, generative Al is also
enhancing BCI decoding by improving upstream components, including data
augmentation and support for sensor optimization (Figure 5). The following
sections detail these two directions.

Generative Al-enabled data augmentation for BCl decoding

As summarised in Table 2, each neural recording modality used in BCI
systems presents specific strengths and limitations that directly influence
decoding performance. Non-invasive techniques such as EEG and fNIRS are
portable and cost-effective, but have limited spatial resolution and are sensi-
tive to artefacts. MEG offers high temporal precision yet requires a magneti-
cally shielded environment and is non-portable, while fMRI provides excellent
spatial detail but has low temporal resolution and limited applicability in real-
time settings. Invasive methods including ECoG, SEEG and MEA achieve high
signal quality and access to deep brain structures, but involve substantial
surgical risks, high procedural costs and restricted data availability. These
trade-offs constrain the scalability, robustness and generalizability of BCI
decoding.

Generative Al is increasingly leveraged to improve the quality of BCI data
and thereby enhance decoding performance. Neural signal super-resolution
reconstructs high-resolution signals from low-resolution recordings in both
the temporal and spatial domains, with recent studies showing that genera-
tive Al can recover finer spatial organization and more stable temporal struc-
ture from low-density or low-quality neural recordings, leading to improved
performance in downstream decoding tasks.”****® Cross-modal generation
transforms data from low-cost acquisition modalities into high-cost modali-
ties while integrating information across multiple sources, typically by
mapping signals into a shared latent space and reconstructing target modali-
ties with richer information content, allowing accessible sensors to approxi-
mate the representational quality of high-cost systems and thereby strength-
ening decoding performance.”*® Data synthesis generates realistic neural
activity patterns under data-scarce scenarios, where generative models learn
the underlying distribution of neural signals and produce additional samples
that enhance model robustness and generalization in low-resource
settings.***>**~?"" Together, these approaches address complementary limi-
tations in data acquisition, ultimately leading to more reliable BCI decoding.

Generative Al-enabled sensor optimization for BCI decoding

Apart from data augmentation, generative models are also being applied to
BCI sensor optimization, where they serve as assistive tools for the discovery
and refinement of electrode materials and architectures. In this setting,
generative Al can learn patterns linking microstructural features to recording
performance and generate synthetic variations that explore alternative mate-
rial compositions as well as different electrode layouts. By accelerating the in
silico evaluation of candidate materials and spatial configurations, generative
Al supports more efficient identification of designs that improve conductivity,
biocompatibility, and signal fidelity in neural interfaces.***® Generative Al-
enabled sensor optimization ultimately aims to enhance the SNR of neural
recordings and thereby improve the overall performance of BCI decoding.

CHALLENGES AND FUTURE DIRECTIONS OF GENERATIVE Al FOR BCI
DECODING

Despite the transformative potential of generative Al in expanding the
capabilities of BCI decoding, several critical challenges remain unresolved in
practice.””” Chief among these are the limited decoding accuracy, poor cross-
subject generalizability of BClI models, and fairness in BCI decoding. This
section examines each of these challenges in turn and outlines potential
directions for future research. Figure 6 conceptually summarizes these core
challenges and the directions driven by generative Al.

BCI decoding reliability constraints

BCl decoding reliability remains limited, with performance largely deter-
mined by the neural signal acquisition modality.”” Invasive BCls can deliver
high-fidelity recordings and enable more precise decoding, but their clinical
use is restricted by ethical concerns and the risks of surgical implantation.”””
Non-invasive BCls are safer and more scalable, yet their decoding reliability
suffers from low SNRs and reduced spatial resolution in external recordings.
For example, in BCI text decoding, invasive ECoG systems can achieve char-
acter-level accuracies corresponding to a word accuracy (WAcc) of about
0.79,'"” whereas non-invasive fMRI decoding yields much lower performance,
with  WAcc around 0.08.”" Improving reliability under these constraints
remains a central challenge, particularly for non-invasive systems where poor
signal quality continues to be a major factor limiting stable decoding perfor-
mance.

To improve the reliability of BCI decoding, generative Al leverages data
augmentation techniques to enhance neural data quality.”*° For instance, it
could be explored for the online replacement of bad or missing EEG channels,
a problem that frequently occurs in high-density EEG recordings and whose
mitigation could help stabilize signal quality.”'’® Enhancing data quality is
particularly critical for applications where decoding robustness directly
affects system performance. This capability would be especially valuable for
scenarios such as biometric identification, where high reliability is essential
and generative augmentation offers a promising way to strengthen the
robustness of EEG-based identifiers.'* "

Beyond issues related to BCI data quality, model hallucination and seman-
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Figure 5. Schematic of generative Al-enabled enhancements in BCI decoding Generative artificial intelligence drives multidimensional improvements in neural decoding,
including neural signal super-resolution, cross-modal data generation, data synthesis, and sensor optimization, collectively addressing key challenges in the reliability and scala-

bility of BCI decoding.

Table 2. Summary of key strengths and limitations of representative BCI data modalities, and the potential of generative Al to mitigate these limitations.

Modalities Invasive SNR Portable Cost Temporal Resolution Spatial Resolution
EEG Non-invasive Low Portable Low High Low

MEG Non-invasive Moderate Non-portable High High Moderate
fNIRS Non-invasive Moderate Portable Moderate Low Low

fMRI Non-invasive Moderate Non-portable High Low High

ECoG Invasive High Non-portable High High High

SEEG Invasive High Non-portable High High High

MEA Invasive High Non-portable High High High

tic gaps also affect the reliability of generative BCI decoding. Hallucination
occurs when the model generates outputs that appear coherent but are not
genuinely supported by the underlying neural activity, reflecting an overre-
liance on learned priors. One potential direction for reducing this risk is to
incorporate generative constraints that restrict model behavior to more prin-
cipled representation manifolds.”'' The semantic gap refers to the difficulty of
ensuring that the latent features learned during decoding correspond to the
true cognitive states they are intended to capture, which similarly under-
mines decoding reliability. Reducing this gap requires representation strate-
gies that preserve behaviorally meaningful information rather than relying
solely on statistical compression.”

Achieving greater decoding reliability will require generative architectures

that can model the complex and dynamic patterns of brain activity, enabling
more stable performance in challenging tasks. Yet the same advances that
improve reliability may also increase the risk of re-identification, as models
capable of enhancing individual-specific signal features could inadvertently
turn neural recordings into biometric data. Under General Data Protection
Regulation (GDPR), such data are strictly regulated as special category infor-
mation, making it essential that progress towards higher reliability goes hand
in hand with safeguards for privacy and security, ultimately paving the way
for reliable and safe BCls.

BCI cross-subject generalization challenges
Limited generalizability across individuals remains another major bottle-
neck for the widespread deployment of BCI decoding. Inter-subject differ-
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Figure 6. Schematic of key limitations in BCI decoding, encompassing decoding reliability, cross-subject generalization, and BCI decoding fairness.

ences in neural characteristics often cause decoding models to perform
poorly on new users or under different conditions.*”'” In clinical populations,
these differences are further amplified by heterogeneous and progressive
pathology, where neural responses can evolve over time under the influence
of disease progression, treatment, and rehabilitation. Ensuring that decoding
model remain stable under such longitudinal changes is essential for their
use in real-world healthcare settings. This sensitivity to user-specific charac-
teristics means that models trained on one group or session may not trans-
fer well to others, undermining the scalability of BCI technology. Generative Al
offers a promising strategy to mitigate this challenge by learning the latent
structure of neural data and extracting representations that are invariant
across different subjects.

In practical terms, generative Al can be trained to learn abstract features of
neural signals that emphasize patterns shared among individuals while de-
emphasizing idiosyncratic, subject-specific details. By capturing the underly-
ing structure of brain activity, a generative model can help filter out irrelevant
variations-such as signal drift, electrode placement differences, or individual
physiological noise-and retain the information that is most relevant for the
decoding task. This approach has been increasingly recognized as a promis-
ing direction for improving cross-subject generalization in  BCI
systems.®*'%?157211 |n essence, generative BCI decoding methods aim to build
akind of universal latent representation of neural data that remains consis-
tent across users, thereby enabling models to transfer more effectively to
new individuals without extensive retraining.

Despite the progress made with generative approaches, current models
still fall short of achieving robust cross-subject generalization at scale. Many
techniques remain limited in their ability to adapt to highly heterogeneous
user populations and often require lengthy, subject-specific calibration
sessions to maintain performance. These difficulties are further exacerbated
by the data-hungry nature of generative Al, which require sufficiently diverse
neural datasets to learn representations that generalize across individuals.
Bridging this gap is an important future direction for the field. One priority is to
develop generative frameworks that incorporate few-shot learning and

domain adaptation, allowing models to quickly adjust to new users with mini-
mal data.”’® Another complementary approach is personalized pretraining
strategies, where generative models are pre-trained on large, diverse
neuroimaging datasets and then fine-tuned to individual variations.”’®
Advancements in these areas are essential for building scalable and reliable
BCl systems that can operate effectively across diverse individuals and real-
world settings without sacrificing decoding accuracy.

Fairness challenges in BCI decoding

Fairness is emerging as a critical challenge for generative BCI decoding.
Studies in medical Al have shown that imbalances in demographic represen-
tation, inconsistencies in data collection protocols, and the underrepresenta-
tion of certain groups can lead to uneven model performance across popula-
tions.”'"~*'® Similar issues are increasingly observed in BCI decoding. Neural
datasets are often collected from relatively small or homogeneous partici-
pant groups under specific experimental paradigms, meaning that systemic
differences in neural signals related to gender, age, ethnicity, or other demo-
graphic factors may not be adequately represented. Consequently, BCI
decoding models can display substantial performance disparities, with
notably lower accuracy in underrepresented cohorts. These disparities raise
serious concerns about the fairness and inclusiveness of current BCI
systems, and data imbalance has become a key barrier to their scalable and
equitable deployment.”” Ensuring consistent decoding performance across
all user groups remains a major challenge for the field.

Generative Al offers a promising avenue for mitigating fairness-related
issues in BCI decoding. By learning the latent distribution of neural data,
generative models can produce diverse, high-quality synthetic neural signals
that supplement real datasets, helping to fill gaps in data coverage for under-
represented populations without the burden of large-scale new data collec-
tion. Such augmentation can create more demographically balanced training
datasets and improve fairness by narrowing performance gaps across user
groups.””

However, using generative Al to enhance fairness also introduces chal-
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lenges. Concerns remain regarding the safety, controllability, and fidelity of
neural data produced by generative Al, as synthetic signals must accurately
reflect real neural patterns without introducing new biases or artifacts. Future
efforts should focus on robust validation of generated data and on integrat-
ing generative modeling with privacy-preserving, collaborative strategies. For
instance, multi-center collaborations and federated learning could aggregate
knowledge from diverse populations without centralizing sensitive data.
These approaches represent a critical step toward building a fair, reliable, and
socially responsible BCI ecosystem that benefits all user groups.””’

CONCLUSIONS

The rapid development of Generative Al is reshaping the core capabilities
of BCI systems.””' By integrating deeply with BCI, generative models have
driven advances in decoding paradigms, data augmentation, and sensor opti-
mization, thereby enhancing the generalization and usability of BCI systems.
To translate these advances into real-world impact, the future development
of generative Al-enabled BCI requires multidisciplinary collaboration.””
Computer scientists, neuroscientists, and materials scientists must work
together to optimize algorithms, interpret brain signals, and innovate hard-
ware, while policymakers, ethicists, and sociologists should ensure sustain-
ability and social acceptance. Only through such joint efforts can generative
Al-enabled BCI technology achieve widespread application in medical reha-
bilitation, human-computer collaboration, and neuroscience, ultimately
contributing to human welfare.
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