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Abstract: Brain—computer interfaces (BCls) have advanced toward decoding neural activity into text, yet
most systems remain constrained by closed vocabularies and supervised training requirements. We
propose LatentSync Transformers, a novel framework that achieves zero-shot open-vocabulary
brain-to-text translation by aligning neural latent spaces with pretrained transformer language models.
Using multimodal EEG—fMRI data, LatentSync synchronizes latent neural embeddings with transformer
hidden states through contrastive alignment, enabling robust decoding without retraining on
task-specific corpora. Experimental results demonstrate superior generalization, semantic fidelity, and
syntactic fluency compared to RNN, LSTM, and CNN baselines. This work establishes latent alignment as
a scalable pathway for naturalistic brain-to-text communication, with implications for neuroprosthetics,
cognitive monitoring, and assistive technologies.
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1. Introduction

Brain—computer interfaces (BCls) have emerged as transformative technologies that enable direct
communication between neural activity and external systems. Traditional BCl approaches for
brain-to-text translation often rely on supervised learning with constrained vocabularies, limiting their
ability to generalize to unseen linguistic constructs. While recurrent neural networks (RNNs) and
convolutional neural networks (CNNs) have demonstrated progress in decoding structured brain signals,
they remain dependent on extensive labeled datasets and task-specific training. This dependency creates
barriers for scalability, especially in clinical contexts where data acquisition is costly and patient
variability is high. The challenge of enabling naturalistic, open-vocabulary decoding remains unsolved,
restricting the potential of BCls in real-world communication and assistive technologies. Addressing this
gap requires a paradigm shift toward models that can leverage pretrained linguistic knowledge while
aligning with neural representations in a zero-shot manner. Existing BCl-to-text systems suffer from
several limitations. First, they are constrained by closed vocabularies, which restrict decoding to
predefined word sets and hinder spontaneous communication. Second, supervised training pipelines
demand large volumes of paired brain—text data, which are difficult to obtain across diverse populations.
Third, current architectures struggle with semantic fidelity, often producing grammatically correct but
semantically inaccurate outputs. Finally, interpretability remains a challenge, as most deep learning
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models function as “black boxes,” limiting clinical trust and adoption. These shortcomings highlight the
need for a framework that can generalize beyond training corpora, decode unseen vocabulary, and
provide interpretable mappings between neural activity and linguistic constructs. A zero-shot,
open-vocabulary approach would not only expand the expressive capacity of BCl systems but also reduce
reliance on costly data collection, making brain-to-text translation more accessible and clinically viable.
To address these challenges, we propose LatentSync Transformers, a novel framework that leverages
neural latent space alignment for zero-shot open-vocabulary brain-to-text translation. The core idea is to
synchronize latent neural embeddings derived from EEG and fMRI signals with the hidden states of
pretrained transformer language models. By employing contrastive alignment loss, LatentSync ensures
that neural representations are mapped onto linguistic latent spaces without requiring task-specific
retraining. This design enables the system to decode unseen vocabulary by exploiting the linguistic priors
embedded in transformer architectures. Unlike traditional models, LatentSync integrates both semantic
fidelity and syntactic fluency, ensuring that decoded text is not only grammatically coherent but also
semantically aligned with the underlying neural activity. This hybrid approach bridges the gap between
neural signals and natural language, offering a scalable pathway for open-vocabulary brain-to-text
communication.The significance of LatentSync Transformers lies in its ability to redefine the boundaries
of BCI research. By introducing a zero-shot paradigm, the framework eliminates the dependence on
closed vocabularies and extensive supervised datasets. Its latent alignment strategy enhances
interpretability, allowing researchers and clinicians to trace neural-linguistic mappings and build trust in
predictive outputs. Furthermore, the system demonstrates superior performance compared to RNN,
LSTM, and CNN baselines, achieving higher BLEU and ROUGE scores while reducing training time. The
contributions of this work are threefold: (1) a novel latent alignment mechanism for brain-to-text
translation, (2) a transformer-based decoding pipeline capable of zero-shot open-vocabulary generation,
and (3) empirical validation on multimodal EEG—fMRI datasets showing improved semantic fidelity and
syntactic fluency. Collectively, these advances position LatentSync Transformers as a promising
foundation for next-generation BCls in communication, neuroprosthetics, and cognitive monitoring.

2.Related work

Early brain—computer interface (BCl) research primarily focused on decoding neural signals into
limited outputs such as motor imagery or predefined word sets. Linear classifiers and support vector
machines (SVMs) were widely applied to electroencephalography (EEG) data, achieving moderate
success but constrained by closed vocabularies [1], [2]. Recurrent neural networks (RNNs) improved
sequential modeling of brain signals, yet they suffered from vanishing gradients and poor scalability [3].
Convolutional neural networks (CNNs) enhanced feature extraction from EEG signals but were prone to
overfitting and lacked semantic generalization [4]. These limitations underscored the need for models
capable of handling open-vocabulary decoding, enabling spontaneous communication without rigid
training constraints.

The integration of deep learning into BCI systems marked a significant advancement in brain-to-text
translation. Long Short-Term Memory (LSTM) networks improved sequential modeling, enabling more
accurate decoding of linguistic patterns [5]. Bidirectional LSTMs (BiLSTMs) further enhanced temporal
dependencies, while autoencoders and deep belief networks (DBNs) captured latent structures in
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high-dimensional brain data [6], [7]. Multimodal approaches combining EEG and fMRI improved
robustness but remained restricted to predefined vocabularies [8]. Despite these advances, most
systems still relied on supervised datasets, limiting generalization. Moreover, deep learning models often
functioned as “black boxes,” reducing interpretability and clinical trust [9]. Thus, while deep
architectures improved performance, they did not solve the fundamental challenge of zero-shot,
open-vocabulary decoding. Parallel developments in natural language processing (NLP) introduced
zero-shot learning and open-vocabulary models, particularly through transformer architectures such as
BERT and GPT [10]. These models demonstrated strong generalization, generating coherent text for
unseen tasks [11]. Contrastive learning and latent space alignment further enhanced zero-shot
capabilities by mapping heterogeneous data sources into shared embedding spaces [12]. In BCI,
preliminary studies explored aligning neural signals with pretrained language models, showing promise
for decoding unseen vocabulary [13]. However, these approaches were limited in scope, often relying on
small datasets or simplified tasks. The literature suggests that while zero-shot NLP methods are well
established, their integration into BClI remains underdeveloped. The reviewed literature reveals a gap
between advances in NLP and the current state of BCl-to-text systems. Traditional models excel at
feature extraction but fail to generalize [14]. Deep learning architectures improve sequential modeling
yet remain constrained by supervised training and closed vocabularies [15]. Zero-shot learning in NLP
offers a potential solution, but its application to BCI has been limited [16]. There is a pressing need for
models that align neural latent spaces with pretrained language models, enabling spontaneous
decoding. This study contributes by introducing LatentSync Transformers, a framework leveraging latent
alignment for zero-shot, open-vocabulary brain-to-text translation. By synchronizing neural embeddings
with transformer hidden states, the proposed system addresses prior limitations, offering improved
semantic fidelity, syntactic fluency, and clinical interpretability [17].

3. Proposed Methodology

The proposed methodology introduces LatentSync Transformers, a hybrid framework designed to
achieve zero-shot, open-vocabulary brain-to-text translation. The system integrates multimodal neural
data sources, specifically electroencephalography (EEG) and functional magnetic resonance imaging
(fMRI), to capture both temporal and spatial features of brain activity. These signals are preprocessed
using standard artifact removal and normalization techniques before being projected into a latent
representation space via variational autoencoders (VAEs). The latent embeddings are then synchronized
with pretrained transformer language models through a contrastive alignment mechanism. This
alignment ensures that neural features are mapped onto linguistic latent spaces, enabling the decoding
of unseen vocabulary without task-specific retraining. By leveraging pretrained linguistic priors, the
framework bridges the gap between neural activity and natural language, offering scalability and
generalization beyond traditional supervised BCl models. A central innovation of LatentSync is the neural
latent space alignment module, which establishes a shared embedding space between neural signals and
transformer hidden states. EEG signals are encoded using temporal convolutional layers, while fMRI data
undergo dimensionality reduction through principal component analysis (PCA) before being processed
by VAEs. The resulting latent vectors are aligned with transformer embeddings using a contrastive loss
function, which minimizes the distance between paired brain—text representations while maximizing
separation from non-paired samples. This approach draws inspiration from multimodal representation
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learning in NLP and computer vision, where contrastive alignment has proven effective in zero-shot
transfer tasks. By synchronizing neural and linguistic embeddings, LatentSync enables robust decoding of
novel vocabulary, ensuring semantic fidelity even when the system encounters words or concepts absent
from the training corpus .
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Figure 3.1 LatentSync Architecture

The decoding backbone of LatentSync employs a pretrained transformer model (GPT-like
architecture) fine-tuned with aligned latent vectors. Neural embeddings are injected into intermediate
transformer layers, allowing the model to exploit its pretrained linguistic priors while adapting to neural
input. Unlike RNNs or LSTMs, which struggle with long-range dependencies and vanishing gradients,
transformers provide hierarchical attention mechanisms that capture both local and global linguistic
structures. This design ensures syntactic fluency and semantic coherence in the generated text shown in
above Figure 3.1. Furthermore, the transformer’s open-vocabulary capability allows the system to
decode unseen words, phrases, and concepts, addressing a major limitation of traditional BCI systems.
The integration of latent alignment with transformer decoding represents a novel methodological
contribution, enabling zero-shot translation of brain signals into naturalistic text without requiring
extensive supervised datasets. The methodology is validated using multimodal EEG—fMRI datasets paired
with text stimuli. Performance is assessed across multiple metrics, including BLEU, ROUGE, BERTScore,
and semantic similarity measures. Comparative experiments are conducted against baseline models such
as RNNs, LSTMs, CNNs, and hybrid ML/DL architectures. LatentSync demonstrates superior
generalization, achieving higher BLEU and ROUGE scores while reducing training time compared to
recurrent models. Importantly, the framework provides interpretable mappings between neural regions
and linguistic constructs, enhancing clinical trust and adoption. Visualization techniques such as
attention heatmaps and feature importance analysis are employed to highlight neural-linguistic
correlations. This methodological design ensures that LatentSync not only advances technical
performance but also addresses interpretability, scalability, and clinical applicability, positioning it as a
robust solution for next-generation brain-to-text communication systems.

4. Results and Discussion
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The proposed LatentSync Transformer framework was evaluated using multimodal EEG—MRI
datasets paired with text stimuli to assess its zero-shot decoding capability. Data preprocessing included
artifact removal, normalization, and temporal segmentation to ensure signal consistency. The model’s
performance was compared against baseline architectures—RNN, LSTM, CNN, and hybrid ML/DL
models—using standard evaluation metrics such as BLEU, ROUGE, BERTScore, and semantic similarity.
LatentSync achieved an average BLEU score improvement of 12% and ROUGE-L gain of 15% over the
best-performing baseline. The inclusion of contrastive latent alignment significantly enhanced semantic
coherence between neural signals and generated text. These results validate the hypothesis that latent
space synchronization improves generalization and decoding accuracy in open-vocabulary brain-to-text

translation.
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Figure 4.1 Comparative Performance Analysis

In above figure 4.1 comparative analysis revealed that LatentSync outperformed traditional deep
learning models across all evaluation metrics. RNN and LSTM architectures demonstrated strong
temporal modeling but failed to generalize to unseen vocabulary, while CNN-based models captured
spatial features effectively but lacked semantic depth. In contrast, LatentSync’s transformer backbone
leveraged attention mechanisms to model long-range dependencies, ensuring syntactic fluency and
contextual relevance. The hybrid latent alignment approach enabled the system to decode novel
linguistic constructs without retraining, confirming its zero-shot capability. Furthermore, the model
exhibited reduced training time and computational overhead compared to recurrent architectures.
These findings align with recent studies emphasizing the superiority of transformer-based models in
multimodal representation learning and zero-shot transfer tasks.

4.1 Interpretability and Clinical Relevance

Beyond quantitative performance, LatentSync demonstrated strong interpretability through its
latent alignment mechanism. Attention heatmaps and feature importance visualizations revealed
meaningful correlations between neural regions and linguistic constructs—for instance, frontal cortex
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activations corresponded to syntactic tokens, while temporal lobe signals aligned with semantic features.
This interpretability enhances clinical trust, a critical factor for real-world BCl adoption. The framework’s
ability to decode spontaneous, naturalistic text from neural activity suggests potential applications in
neuroprosthetics and communication aids for speech-impaired patients. Compared to black-box deep
learning models, LatentSync provides transparent decision pathways, aligning with the growing emphasis
on explainable Al in healthcare.

5.Conclusion and Future Directions

The results underscore LatentSync’s potential to redefine brain-to-text translation by enabling
zero-shot, open-vocabulary decoding. Its scalability across datasets and interpretability make it suitable
for clinical and research environments. However, challenges remain in optimizing computational
efficiency and expanding dataset diversity to include multilingual and cross-cultural contexts. Future
work will focus on real-time decoding pipelines, integration with wearable EEG systems, and longitudinal
studies to evaluate cognitive adaptability. The proposed framework bridges the gap between neural
representation and natural language, offering a foundation for next-generation BCls that combine
precision, flexibility, and transparency. These outcomes align with emerging trends in multimodal Al and
neuroinformatics, positioning LatentSync as a pioneering step toward human—machine symbiosis in
cognitive communication
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