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Abstract 

One of the most devastating neurological diseases that result in the loss of communication is 

amyotrophic lateral sclerosis (ALS) which is characterized by loss of voluntary muscle control 

and affects around 5 persons per 100,000 population. For people suffering from this disease, 

brain-computer-interface (BCI) technology aims to provide a means of communication to 

improve their quality of life and, to improve the communication rate of a BCI system, semantic 

decoding can be exploited.  

In this context this master thesis, developed in collaboration with Nick Ramsey’s BCI lab at 

UMC Utrecht, focuses on the feasibility of decoding semantic representations of speech, in the 

form of word embeddings, measuring neural activity through stereotactic 

electroencephalography (sEEG). The study involves two participants who read aloud a chapter 

from the Harry Potter book while sEEG electrodes recorded their brain activity. Word 

embeddings are generated using Bidirectional Encoder Representations from Transformers 

(BERT) model and Recurrent neural networks (RNN) are employed as decoding models to 

decode word embeddings directly from high frequency band [60-150 Hz] neural activity.  

This project is the first study that tried to decode word embeddings directly from brain activity 

and, due to the complexity of the task and the sparse coverage of sEEG electrodes, the decoding 

model achieves an accuracy only of 52%.  

Despite achieving poor accuracy, the findings of this exploratory study may support future 

projects in further developing speech BCI applications based on semantic decoding. 
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Chapter 1: Introduction 

1.1 Motivations 

Speech is the most convenient and natural form of communication, however, for people 

suffering from severe forms of paralysis, the ability to communicate thoughts and feelings can 

be limited.  

According to the World Health Organization (WHO), 3.6% of the worldwide population has 

severe communication impairment that affects their community participation and social 

relationships 1,2. 

One of the most devastating neurological diseases that result in the loss of communication is 

amyotrophic lateral sclerosis (ALS) which is characterized by loss of voluntary muscle control 

and affects around 5 persons per 100,000 population 3. For people suffering from this disease 

developing technology that can support or recover their communication ability could really 

improve their quality of life 4–6.  

In this context brain-computer-interface (BCI) technology aims to provide a means of 

communication to these individuals. 

In general, BCI is a computer-based system that translates brain signals into commands that 

are passed onto an external application or appliance, so as to facilitate the user’s intention 7. In 

the field of communication, speech BCIs are devices that produce a form of speech output (e.g., 

words, sentences, synthesized speech) from a measure of the user’s brain activity. 8 

 

In recent years, the potential for such systems in assisting individuals with language 

impairments has been investigated and showed that BCIs could be reliably used in real-world 

applications. 9–14 

Despite the recent advances in speech BCIs the available technologies allow for transmitting 

only 10 words per minute, which is a rate far slower than the average of 150 words per minute 

of natural speech15. 

This is because usually decoding algorithms used in speech BCIs rely on spelling-based 

approaches characterized by serial communication paradigm, thus resulting in a slow 
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communication rate 16. To overcome this limitation a possible solution is to develop a speech 

BCI that exploits the semantic representation of language.  

 

Speech decoding based on semantic representation aims to identify the meaning of words rather 

than the specific words or sounds that are being spoken.  

Words can be represented based on their semantic content either identifying semantic 

categories or generating their “word embeddings” representation. Words can be represented as 

semantic categories by simply clustering them in groups (like objects, animals, people etc) and, 

using this representation, semantic decoding reduces to a classification problem. Alternatively, 

a semantic representation of words can be constructed by applying a language model that maps 

words into vectors, called word embeddings, such that vectors of words with similar meanings 

are closed in the vector space. Exploiting this semantic representation, the decoding method 

aims to predict each word separately (as a vector of real numbers), hence decoding consists of 

a regression problem. 

Semantic decoding has the potential to achieve a form of parallel communication with BCIs, 

improving their communication speed considerably. For example, identifying the multi-bit 

semantic concept of ‘hunger’ directly from neural data could be much faster than spelling out 

‘I–A-M–H-U-N-G-R-Y’ in series.  

Additionally, semantic representation can allow for more complex and nuanced 

communication, as it can take into account the context and intent of the speech.  

 

However, it is important to note that semantic decoding from the neural activity is a new field 

of research and is still in its early stages. 

The majority of studies in this field tried to decode semantic representation using functional 

magnetic resonance imaging (fMRI) 16. However, fMRI has enormous limitations for semantic 

decoding, because semantic representation is involved in the early stages of speech production 

(usually starts 200 ms before speaking) and, due to its low temporal resolution, fMRI is not 

able to detect the dynamics of semantics. 

 

Better results can be achieved using invasive methods for measuring brain activity, such as 

electrocorticography (ECoG) or stereotactic electroencephalography (sEEG), because they are 

characterized by both high spatial and temporal resolution.  

Specifically, in the field of semantic decoding, exploiting sEEG to record neural activity might 

be the best option. While ECoG provides higher density coverage over a limited cortical region 
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(typically unilateral), sEEG provides sparser coverage spanning more, bilateral brain regions 

including deeper structures 17. Considering that semantic representation of speech is encoded 

in deep and widely spread regions of the brain, sEEG coverage has the potential to better 

measure neural activity related to semantics as compared to ECoG.  

 

In this context, the overall goal of this project was to decode speech, exploiting its semantic 

representation, from neural activity measured through sEEG electrodes.  

The aim of the decoding model was to predict each word separately according to its semantic 

representation, thus we generated word embeddings using Bidirectional Encoder 

Representations from Transformers (BERT)18 model, which is one of the most accurate 

language models recently developed in the natural language processing (NLP) field. 

Considering the increasing applications of deep learning models in the BCI field (due to their 

potential of learning complex relationships between sources and targets 12,15,19–22) recurrent 

neural networks (RNN) are used in this project as decoding models. 

Another key aspect of this project was referring to the applied natural speech production task, 

during which, patients read aloud a chapter from Harry Potter’s book. This paradigm allows us 

to investigate and decode brain activity during a natural form of speech production, providing 

insights into neural activity during speech production in everyday life.  

 

To the best of our knowledge, this is the first time that semantic decoding of word embeddings 

is performed using sEEG during a natural speech production task. Since no one else before has 

ever tried to decode word embeddings directly from brain activity measured through sEEG, 

this study was conducted as a feasibility study on two participants. This project addresses a 

completely new field of research and has the potential to advance speech BCIs based on 

semantic decoding. 

1.2 Project overview and thesis objective 

This project was an exploratory study that aimed to determine the feasibility of semantic 

decoding based on sEEG data. The following research questions were posed:  

1. Is it possible to decode semantic representation of speech, in the form of word 

embeddings, using sEEG during a natural speech production task?  

2. If not, which is the complexity of the problem? 
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1.3 Thesis roadmap 

This thesis is divided into five chapters. Chapter 1 introduces the motivation, research question, 

objectives, and thesis outline. Chapter 2 provides background on data acquisition methods for 

speech decoding and language models applied to build word embeddings (semantic 

representation of words). Chapter 3 details the methodology in the development of the pipeline 

to preprocess data, generate word embeddings and decode them from brain activity. The results 

and discussion are presented in chapters 4 and 5 respectively. Lastly chapter 6 reports the 

conclusions of the project. 
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Chapter 2: Background 

2.1 Neural speech decoding: speech BCIs 
2.1.1  Brain signals for speech decoding 

Methods to record brain activity are categorized into invasive and non-invasive, but only some 

are suitable for speech decoding. 

 

Among non-invasive techniques, there are methods based on the detection of metabolic signals 

for brain activity, such as functional Magnetic Resonance Imaging (fMRI) and functional Near-

Infrared Spectroscopy (fNIRS). Both methods are characterized by a high spatial resolution but 

also by a low temporal resolution because the metabolic processes that they measure are slow 

and take several seconds to complete. Considering that speech production occurs in the range 

of tens milliseconds, fMRI and fNIRS are not suitable measurement systems for speech 

decoding 16. 

 

The other non-invasive methods that can be used for speech decoding are 

Electroencephalography (EEG) and Magnetoencephalography (MEG) which offer a temporal 

resolution of 0.01 to 0.1 seconds, making them better suited for capturing the rapid dynamics 

of speech production processes. However, both methods are characterized by a low signal to 

noise ratio and high sensitivity to artifacts which are relevant limitations in the field of speech 

decoding. 

 
Figure 1 Spatial and temporal resolution and spatial coverage of various acquisition methods of brain activity 

 

2 High-Density Integrated Electrocortical Neural Interfaces

Figure 1.1 Spatial and temporal resolution, as well as spatial coverage, of various neural activity mon-
itoring modalities [4–6]. For each modality shown, the lower boundary of the box specifies the spatial
resolution indicated on the left axis, whereas the upper boundary specifies the spatial coverage on
the right axis. The width of each box indicates the typical achievable range of temporal resolution.
Portable modalities are shown in color. Bridging an important gap between noninvasive and highly
invasive techniques, µECoG has emerged as a useful tool for diagnostics and brain-mapping research.

support regions with more elevated metabolism. In contrast, MEG provides higher tem-
poral resolution (0.01–0.1 s) at the expense of poor spatial resolution (1 cm). Whereas
fMRI and MEG provide complementary performance in spatiotemporal resolution,
PET offers molecular selectivity in functional imaging at the expense of lower spatial
(1 cm) and temporal (10–100 s) resolution, and the need for injecting positron emitting
radionuclides in the bloodstream. However, neither fMRI, MEG or PET are suitable
for wearable or portable applications, as they all require very large, expensive, and high
power equipment to support the sensors, as well as extensively shielded environments.

In contrast, electrophysiology methods, which directly measure electrical signals that
arise from the activity of neurons, offer superior temporal resolution. They have been
extensively used to monitor brain activity due to their ability to capture wide ranges of
brain activities from the subcellular level to the whole brain oscillation level as shown in
Fig. 1.2. Due to recent advances in electrode and integrated circuit technologies, elec-
trophysiological monitoring methods can be designed to be portable, with fully wearable
or implantable configurations for brain–computer interfaces having been demonstrated.

One of the most popular electrophysiological monitoring methods is electroen-
cephalography (EEG), which records electrical activity on the scalp resulting from
volume conduction of coherent collective neural activity throughout the brain, as il-
lustrated in Fig. 1.2. EEG recording is safe (noninvasive) and relatively inexpensive,
but its spatiotemporal resolution is limited to about 1 cm and 100 Hz, due largely to
the dispersive electrical properties of several layers of high-resistive tissue, particularly
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Specifically, recent previous studies focused on decoding proved that invasive recording 

methods, such as ECoG and sEEG, are the once that achieve the best accuracy8 because these 

methods have excellent temporal and spatial resolutions. In addition, they are characterized by 

a high SNR and are less affected by artifacts. However, their implantation involves a risk as 

they are invasive. Most of what has been learned about ECoG and sEEG signals for speech 

decoding comes from studies on patients with medically intractable epilepsy who undergo 

implantation for seizure localization. During the time that patients spend at the hospital for 

such medical treatment (about a week), they may volunteer for studies that allow researchers 

to correlate strictly defined tasks with resulting ECoG and sEEG signals 23,24. 

For ECoG the implantation involves a craniotomy to place strips or grids of electrodes directly 

on the cortex. Electrodes are typically placed over specific localized regions of the cortex 

(based on the clinical needs of the patients), and they only provide access to the cortical surface 

and not key deeper brain structures.17 

Regarding sEEG the penetrating depth electrodes are implanted through small burr holes in the 

skull and they are positioned using stereotactic guidance, thus the modality is referred to as 

stereotactic EEG (sEEG). 17 

 

 

 

 
Figure 2 Implantation of invasive electrodes. The figure shows the difference between ECoG and sEEG electrodes. ECoG 

are implanted under the skull while sEEG electrodes penetrate inside the cortex. 
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Figure 3 sEEG electrodes: (A)Trajectory planning for 8 sEEG electrode shafts. (B) Computer Tomography showing 

implanted electrode shaft locations.(C)Implanted electrode shafts. sEEG requires only small, localized burr holes compared 
to the comparatively large craniotomies required. Figure from reference17  

While both signals have been used for speech decoding, most studies have been conducted 

using ECoG. However, specifically for semantic decoding, sEEG holds great potential because 

it is characterized by a broader coverage as compared to ECoG, thus allowing for better 

measuring of brain activity related to semantic processes, which are widely spread over the 

brain. 

Another advantage of sEEG is that it offers access to brain structures not reachable with ECoG, 

thus allowing for better investigation of semantic representation of speech that is also encoded 

in-depth brain structures. In addition, since sEEG electrodes are implanted through small holes 

in the skull, the implantation leads to fewer surgical complications rather than for ECoG which 

requires a craniotomy 25. 

Considering all these advantages we believe that sEEG holds great potential for semantic 

decoding, that’s why we have used this measurement technique in this project.  

2.1.2  Speech representations for decoding 

There are several types of speech representations that can be exploited for speech decoding in 

BCIs. These representations can be categorized into three main groups - semantic, acoustic, 

and articulatory – and they are involved at different points along the speech production 

pathway. 
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Figure 4 Speech representations applied for speech decoding. 

 

Regarding semantics, speech can be represented as the underlying concepts or discrete words 

conveyed by that speech, which are likely intercepted at one of the earliest stages of speech 

production in various regions of the brain. 16,26 

Semantic features that can be exploited for decoding can be either categories (objects – animals 

- emotions) or words. Decoding models based on semantic representation apply different 

language models to construct a vector representation of words – word embeddings – that is the 

target of the decoding model (see section 2.2 for more details).  
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Figure 5 Principal components of voxel-wise semantic models. Principal components analysis of voxel-wise model weights 

reveals four important semantic dimensions in the brain. An RGB colourmap was used to color both words and voxels based 
on the first three dimensions of the semantic space. Figure reused with permission from ref27. 

 

In terms of acoustic representation, speech can be segmented into its corresponding 

spectrotemporal features, which can also be further segmented into phonemes. Neural 

representations of phonemes or related acoustic features are likely intercepted for decoding in 

the middle stages of speech production. Acoustic features that are usually exploited for 

decoding are Mel-frequency cepstral coefficients (MFCCs) or logarithmic mel-scaled 

coefficients.8 

For both semantic and acoustic-based decoding approaches it is necessary simultaneously 

acquire microphone recordings of produced speech and related brain activity. 

 

Finally, in terms of articulatory features, speech can be represented as a sequence of phonation 

and articulatory gestures generated by the muscles and organs within the vocal tract and mouth. 

This representation would likely be intercepted in the later stages of speech production, 

especially in the speech-related motor integration areas of the brain 8.  

However, for the development of such a speech decoding approach, articulatory movements 

need to be recorded during speech simultaneously with the brain activity, which is rarely 

feasible in ECoG research due to the additional burden it would inflict on the participants. 
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It is important to note that there are many different representation types and models that can be 

used for speech decoding and the choice of representation will depend on the specific 

application and the goals of the BCI. 

 

In this project, we have exploited the semantic representation of speech because it’s a new field 

of research and, to the best of our knowledge, no one before has ever tried to decode semantic 

features from sEEG during a natural speech production task. The advantage of semantic-based 

decoding is that it allows faster communication because semantic representation is involved in 

the early stages of speech production, and it allows a more natural form of communication. 

2.2 Semantic representation: word embeddings & 

language models 

As previously mentioned, the goal of the project is to decode words from neural activity based 

on their semantic representation, but how can we derive the semantic representation of words? 

The ability of humans to represent the meaning of words is based on mental representations, 

however, we have no direct access to those representation28. Hence, to represent the meaning 

of words, we apply language models that rely on the distributional semantic hypothesis, 

according to which “words with similar meaning occur in comparable linguistic context”29. 

Based on this hypothesis, a word is represented as a vector in a high dimensional space, and 

vectors of words with similar meanings are close in the vector space 30 (as we can see from 

figure 6 in which “cat” and “kitten” are very close in the space, and they are also quite close to 

“dog”, while both are far from “house”). 

This language modelling method that maps words from a vocabulary into vectors of real 

numbers is called word embeddings. 

 

When constructing a word embedding space the goal is to capture some sort of relationship in 

that space, be it meaning, morphology, or context. Word embeddings can be constructed 

applying different language models, but the embeddings always have some key characteristics: 

• Every word in the vocabulary has a unique word embedding (or “vector”), which is just 

a list of numbers for each word. 

• The word embeddings are multidimensional: typically for a good model, dimensions are 

between 50 and 500 in length. 
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• Similar words end up with similar embedding values. 

 

Figure 6 Representation of word embeddings. On the left side of the figure, we can see the vectors of numbers use to 
represent words as word embeddings, while in the right part of the figure the words are represented in the space as vectors. 

Word embeddings can be calculated through many different language models and the recent 

advances in NLP have shown that the most efficient models are the ones whose architecture is 

based on neural networks. 

 

Two well-known approaches for calculating word embeddings are Word2vec31 and 

GloVE32. The Word2vec model predicts a target word from a list of context words using a 

simple feed-forward neural network. The GloVe model, in addition to using local context 

windows such as Word2vec, tries to predict a word also considering the global word co-

occurrence counts.  

This architecture is very simple and can perform well enough when the sentences are short, 

however, the main limitation of these models occurs when sentences are long because the 

models are trained at the word level and do not use the information about all words in the 

sentence. 
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Figure 7 The word2vec model architecture, figure from reference31. 

 

To overcome these limitations, recent models adopted a more complex architecture based 

on RNN. The advantage of language models based on RNN is that they take all previous 

input into account when computing the output, hence they compute the word embedding of 

each word considering all previous words in the sentence.  

One of the most well-known language models based on RNN is ELMO (Embeddings from 

language models) 33. The key characteristic of ELMO is that it utilizes a bidirectional Long-

Short-Term- Memory (LSTM), which considers the context before and after the word counts.  

Despite the good performance that RNN based models can achieve they require long training 

time when dealing with long sequences, due to their sequential way of computing. Another 

great limitation of RNNs when working with long sequences is that their ability to retain 

information from the first elements is lost when many new elements are incorporated into the 

sequence. 

 

Recent advances in NLP solved this problem by adopting transformers-based architecture34. 

These models exploit a mechanism called “Attention” by which the model can learn which 

inputs deserve more attention than others in certain cases 35. Attention allows the model to make 

predictions by looking at the entire input and selectively attending to some parts of it. This 

selection is determined by a set of weights that are learned during training.  

The key characteristic of transformers is that their encoder-decoder structure makes use only of 

attention mechanisms and does not apply recurrent or convolutional layers. Nowadays the two 
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most applied transformer models are Generative Pretraining Transformer (GPT)36 and 

Bidirectional Encoder Representations from Transformers (BERT)18.  

 

 
Figure 8 Architecture of an encoder-decoder based language model 

 

Both models are based on encoder-decoder architecture and apply attention mechanisms but, 

while GPT is unidirectional because it is trained only to predict the next word from the current 

word, BERT is bidirectional and computes embeddings considering the context before and after 

the analyzed word. 

The main advantage that has been introduced by those models is that they have been pre-trained 

on a large amount of data (BERT: 800 million words) and they can be applied for different NLP 

tasks just fine-tuning the models to the specific task.  

 

 
Figure 9 Difference in model architecture. BERT uses a bidirectional transformer. OpenAI GPT uses left-to-right 

Transformer. ELMo uses the concatenation of independently trained left-to-right and right-to-let LSTMs. Figure from 
reference18 



 24 

 

To compute the word embeddings of words in our task we decide to apply the BERT model 

because several previous works have shown that it achieves high performances. More details 

about the BERT model and how we have applied it to generate embeddings are described in 

Chapter 3. 

 

2.3 Previous works  

Semantic decoding from neural activity is a new field of research that has not been explored a 

lot yet. A recent review by Rybar and colleagues16 provides a nice overview of the advances 

of semantic decoding.  

This review includes studies that apply different acquisition methods to measure brain activity 

for decoding purposes, and authors report that the majority of the studies use fMRI as an 

acquisition method (45), while only a few studies make use of invasive methods such as ECoG 

(5) and sEEG (1). This result highlights once again the exploratory nature of our project that 

uses sEEG signals to decode the semantic representation of words. 

 

In the literature, studies that investigate semantic decoding from neural activity usually aim to 

decode two different types of outputs: 

- The semantic categories 

- The probability of the word that comes next given the knowledge of previous words 

(represented as word embeddings) 

 

Studies that aim to decode semantic categories first group words into categories, and then 

classify brain activity related to the pronunciation of each word into one of the categories. One 

recent study that classifies words according to semantic categories has been conducted by Na 

et al.37 In this paper authors proposed a semantic-hierarchical structure for classifying brain 

activity (corresponding to listened words) by means of a support vector machine classifier. Na 

et al. obtained good accuracy results (10% improvement of classification accuracy when 

compared with a non-hierarchical structure), however, the potentials of decoding categories of 

words for the development of speech BCIs are limited because ideally, we would like a speech 

BCI that directly decodes the word that the user wants to communicate and not a semantic 

category. 
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A different strategy is to derive a semantic representation of words by applying language 

models and thus obtaining word embeddings. Studies that represented words using word 

embeddings, such as Goldstein et al. and Tang et al., aim to decode the probability of the word 

that comes next given the knowledge of previous words.  

Goldstein and colleagues38 trained a convolutional neural network to predict the word 

embeddings of the next word given previous words from ECoG data (10 subjects) acquired 

during a listening task. The authors of this last paper compared the performance of two 

language models, GloVe and GPT model, and proved that better results can be obtained using 

contextual transformer language models such as GPT (65% accuracy using GloVe, 75% 

accuracy using GPT). Similarly, Tang et al.39 introduced a non-invasive fMRI-based decoder 

(data recorded from 3 participants during a listening task) that predicts the next word coming 

in a sequence.  

Even if those papers decode words from brain activity, they can decode only words within a 

sequence of words and given the knowledge of the previous words.  

 

In order to develop a speech BCI based on semantic decoding we would like to decode words 

independently, and not predict the next word coming in a sentence. However, to the best of our 

knowledge, no one before has ever tried to independently decode words, based on word 

embedding representation, from brain activity.  

In this context, the novelty of our project becomes evident because, for the first time, we tried 

to decode word embeddings of words from neural activity exploiting the potentials of sEEG.  

Given the unexplored nature of this decoding task, the aim of the project was to conduct a 

feasibility study. 
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Chapter 3: Methodology 

This chapter describes the architecture of the decoding process implemented to achieve the 

main goal of the thesis such as predicting word embeddings from brain activity through sEEG 

signals. 

The entire pipeline is reported in the following paragraphs and summarized in the following 

flowchart (figure 10). 

 
Figure 10 Flowchart that represents the main steps of project implementation 

 

In order to decode word embeddings from brain activity we needed to perform two parallel 

analyses: on the one hand, we needed to preprocess brain data (represented by green flowchart 

Do we have high correlation
 between speech envelope and brain

activity?

Prepross neural data

Generate word
embeddings

according to BERT
language model

Validate speech2text 
using Praat

Remove words with
low semantic content

Yes

No

Decode word embeddings from brain activity 

remove other
channels

Generate speech2text file
using Azure

Align brain data
and audio file
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symbols in figure 10), and on the other hand, we had to generate the word embeddings 

(represented by blue flowchart symbols in figure 10). 

 

The first step of the generation of word embeddings was to obtain the transcript of the audio 

file of each participant and to derive the onset and offset time at which each word was 

pronounced. The generation of the transcript was automatically done via Azure software, 

explained in paragraph 3.5.3. Then the transcript, generated by the automatic tool, was 

validated through Praat (see 3.5.3) to verify if the alignment was correct and manually modify 

transcription errors accordingly.  

After these steps, we generated the word embeddings using the BERT model (section 3.6.2) 

and in the end, after removing words with low semantic content (paragraph 3.6.3), we obtained 

the word embeddings of words pronounced by the participants, that will later be used as targets 

of the decoding model. 

 

Regarding the processing of brain data, the first step was to check the alignment between the 

brain data file and audio file (see 3.5.1.1), because later in the processing we assumed that the 

time instant at which each word is pronounced is aligned with the neural activity. After this, 

we preprocessed neural data, and computed its power spectrum (paragraphs 3.5.1.2 and 

3.5.1.3).  

Later, before moving to the semantic decoding, we did a simpler analysis to check if the neural 

activity was correlated with speech and verify that the preprocessing pipeline was performed 

correctly. We analyzed the speech envelope entrainment by computing the correlation between 

neural activity in high frequency band (HFB) and speech envelope. If the previous 

preprocessing were performed correctly, we expected to find good speech envelope tracking, 

in terms of high correlation, at least for the neural activity of some electrodes (details are 

reported in section 3.7).  

After the speech envelope entrainment analysis, we were ready to use neural activity in HFB 

as input for the decoding model. 

3.1 Participants 

Two participants with medication-resistant epilepsy, were admitted to intensive epilepsy 

monitoring unit (IEMU) for diagnostic procedures after they underwent temporary 
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implantation sEEG electrodes to determine the source of seizures and test the possibility of 

surgical removal of the corresponding brain tissue. All participants were native Dutch speakers. 

In addition to clinical procedures, participants gave written informed consent to participate in 

scientific research that accompanied sEEG recordings and could be conducted between clinical 

procedures.   

 

The study was approved by the Medical Ethical Committee of the University Medical Center 

Utrecht in accordance with the Declaration of Helsinki (2013). 

 

The patients underwent a pre-operative MRI scan and post-operative CT scan for placement as 

well as localization of the electrodes. Depth electrodes were 0.8 mm in diameter with 5 to 18 

contact points. The electrodes were placed into the left (4 patients) or bilateral (2 patients) 

hemispheres, mainly including temporal, parietal, and occipital cortices.  

  
Figure 11: sEEG Electrodes implantation for participant 1 (left) and participant 2 (right) 

3.2 Experimental procedure 

Data collection was conducted at University Medical Centre in Utrecht in the IEMU unit. 

During the experiment, words were presented to the participants on separate pages on a tablet 

(Microsoft Prime) using a software called Presentation software (Neurobehavioral Systems)40. 

Participants hold the tablet according to their own comfort to read, and they read the pages at 

their own pace. sEEG data were acquired using Micromed at a sampling rate of 2048 Hz 

(filtered at 0.3-500 Hz).  
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In addition to the neural data, audio recordings were acquired using an external microphone 

(Samson Q2U dynamic USB microphone), connected directly to the tablet, and controlled 

within the Presentation software. Microphone data were recorded at 16000 Hz. 

Synchronization of the neural recordings with the task, as well as with the recorded audio, was 

achieved based on event codes sent from stimulus presentation software to the Micromed 

system.  

3.3 Task  

The experiment consisted in a naturalistic task during which subjects read aloud chapter one 

from Harry Potter and the Sorcerer’s Stone (in Dutch). The same chapter was selected with the 

study of Wehbe et al41. The task was split into two runs, dividing the chapter into 2 roughly 

equal parts in terms of the number of words. Each run lasted approximately 15 minutes. 

3.4 Python libraries 

The project was implemented using Python (version 3.6)42, a popular programming language 

used in data science and machine learning applications. In addition, Anaconda43, a distribution 

platform that provides a comprehensive set of libraries, was used to facilitate the 

implementation process. Anaconda’s package manager allows the installation and management 

of the necessary libraries, such as Numpy, Pandas, and Matplotlib. A complete list of all the 

libraries needed to implement this project can be found in table 1. 

 
Table 1: List of python libraries applied to implement the project. 

Library Version Characteristics 

bidso  0.8 Transparent Object-Oriented Approach to BIDS in Python 

torch 1.10.2 
PyTorch is a Python package that provides two high-level 

features: Tensor computation (like NumPy) with strong 

GPU acceleration and Deep neural networks built on a 

tape-based autograd system 

wonambi 7.11 Package for the analysis of EEG, ECOG, and other 

electrophysiology modalities. It allows for visualization of 
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the data and sleep stage scoring in a GUI. Provides 

automatic detectors for spindles and slow waves 

soundfile 0.11 The soundfile  module is an audio library based on 

libsndfile, CFFI and NumPy 

nltk 3.6.7 NLTK ( the Natural Language Toolkit ) is a suite of open 

source Python modules, data sets, and tutorials supporting 

research and development in Natural Language Processing 

transformers 4.18 Transformers provides thousands of pretrained models to 

perform tasks on different modalities such as text, vision, 

and audio 

librosa 0.9.2 Librosa is a python package for music and audio analysis 

azure 4.0.0 The open-source Azure libraries for Python simplify 

provisioning, managing, and using Azure resources from 

Python application code 

textgrids 1.5 Python classes for Praat TextGrid and TextTier files 

scipy 1.5.4 Open-source software for mathematics, science, and 

engineering. It includes modules for statistics, optimization, 

integration, linear algebra, Fourier transforms, signal and 

image processing, ODE solvers, and more 

pyNSL 0.0.1 Python version of the NSL MATLAB toolbox, used to 

compute audio spectrogram following the biological model 

of sound processingby the cochlea 

sklearn 0.24.2 scikit-learn is a Python module for machine learning built 

on top of SciPy and is distributed under the 3-Clause BSD 

license. 

 

3.5 Data preprocessing 

The data preprocessing included: the preprocessing of neural data, the computation of the 

power spectrum, and the generation and validation of the transcript of the audio file, that was 

later used to obtain word embeddings. 



 31 

3.5.1 Neural data preprocessing 

3.5.1.1 Aligment 

During the task, the Presentation software sent event triggers to the Micromed system to mark 

the start and end of the task, as well as the start and end of the audio recording. These time 

markers were used to align the brain and audio data.  

3.5.1.2 Preprocessing 

Data were loaded and preprocessed exploiting the Wonambi Python library 44, which can read 

brain data in different formats (BCI2000, Blackrock, Brainvision, EEGlab, and more) and 

represents data using a ChanTime class, with axis channels and time.  

 

After loading, data were preprocessed using a custom pipeline that started from bad channel 

identification and removal. As a first step data were visualized and all channels with noisy or 

flat data (based on visual inspection) were excluded from further analysis. Then also channels 

with NaN values or extremely weak signals (1e-15) were removed.  

The final step of bad channels identification consisted in removing channels considered “bad 

by deviation” following recommendations provided by Bigdely-Shamlo et al.45 This method 

computed a robust z score by replacing the mean with the median and standard deviation with 

the robust standard deviation (0.7413 times the interquartile range) for each channel. Then a 

channel was considered “bad by deviation” if its robust z score was greater than 5.  

 

The second step of preprocessing pipeline consisted in re-referencing the signals. To do that 

we applied common average reference method (CAR), which computes the mean of the signal 

over all channels and then subtracts it from every channel. Since each sEEG electrode was 

composed of multiple channels we applied CAR for each electrode separately. 

 

The last step in the preprocessing pipeline was filtering the signal to remove power line noise. 

To do that we applied a notch filter to remove the frequency at 50 Hz and its harmonics. 
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3.5.2 Time-frequency analysis 

Spectral analysis of the sEEG signal was performed using the Short-Time Fourier Transform 

(STFT), in which the signal was divided into small sequential or overlapping data frames and 

fast Fourier Transform was applied to each one46.  

A DPPS window47 (window having maximal energy concentration in the main lobe given by 

the digital prolate spheroidal sequence DPSS) of 0.3 seconds, with an overlap of 0.01 seconds, 

was used in the STFT computation. Then HFB amplitude, in the range between 60 and 150 Hz, 

was obtained by averaging amplitudes for the entire range of extracted frequencies. Lastly, the 

HFB power spectrum was resampled at 100 Hz for further analysis.	

3.5.3  Transcript generation & validation 

The Microsoft Azure Cognitive Services were used to generate transcripts from audio 

recordings. In particular, we used the Azure speech-to-text service that provides the transcript 

in a TextGrid format, obtaining information about each time instant at which words were 

pronounced (onset and offset time).  

Even if Microsoft Azure Cognitive Services have been proven to be accurate in the generation 

speech to text files 48 they always need to be validated, because it is important to check the 

alignment between onset and offset time with the audio, and because there is the need to check 

the accuracy of the transcript.  

 

Figure 12 figure contains words pronounced by participants during the reading task (words from the first chapter of Harry 
Potter and the Sorcerer’s Stone book). The figure was generated using the wordcloud python library 

https://pypi.org/project/wordcloud/. 
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The validation of the transcript was performed using Praat. Praat is a free and open-source 

software program designed for the phonetic analysis of speech signals 49. Exploiting this 

software, we were able to listen to the entire audio file to check the alignment and, at the same 

time, to check the number of words transcribed wrongly. 

 

Figure 13 Praat interface 

The standard way to measure Speech-to-Text accuracy is word error rate (WER). To compute 

WER the number of incorrect words identified during validation were counted and then divided 

by the total number of words. 

Table 2.1: results of manual validation of subject’s 1 transcript. 

sub-1 

  word detection count  error detection count error percentage [%] 

run 1 2437 132 5,42 

run 2  2375 122 5,14 

total 4812 254 5,28 
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Table 2.2: results of manual validation of subject’s 2 transcript 

sub-2 

  word detection count  error detection count error percentage [%] 

run 1 2594 133 5,13 

run 2  2051 157 7,65 

total 4645 290 6,24 

 

3.6 Word embeddings using BERT model 

After the validation of speech-to-text transcript we were ready to generate the word 

embeddings of words spoken by the participant during the experiment. Those word embeddings 

constitute the semantic representation of words that will be later used as targets of the decoding 

model. 

3.6.1  BERT language model 

BERT, which stands for Bidirectional Encoder Representations from Transformers, is a state-

of-the-art pre-trained language model developed by Google 18. It is a neural network-based 

approach that has significantly improved the performance of natural language processing tasks 

such as question answering, sentiment analysis, and text classification. 

 

BERT is a transformer-based model, meaning that it uses a self-attention mechanism to identify 

important contextual information within the input text. The key characteristic of BERT is that 

it’s a bidirectional model that takes into account both the left and right context of a word when 

generating its embeddings. The model architecture is constituted of 12 layers and 768 hidden 

states, hence the word embeddings generated by BERT have 768 dimensions. 

 

BERT is a pre-trained model, meaning that it has been trained on a large corpus of text data, 

before being fine-tuned for specific NLP tasks. The pre-training process involves training the 

model on a large corpus of text data, such as the entire Wikipedia corpus or the BookCorpus 

dataset. Once pre-trained, BERT can be fine-tuned on a specific NLP task by training it on a 

smaller dataset of labeled examples.  
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However, for the purpose of our study, we did not need to apply any fine-tuning for a specific 

NLP task, we only used a pre-trained BERT model to generate word embeddings for our 

specific dataset. 

 

BERT offers an advantage over simpler and static models like Word2Vec 18, because while 

each word has a fixed representation under Word2Vec, regardless of the context within which 

the word appears, BERT produces word representations that are dynamically informed by the 

words around them.  

For example, given two sentences: 

 

“The man was accused of robbing a bank.” 

“The man went fishing by the bank of the river.” 

Word2Vec would produce the same word embedding for the word “bank” in both sentences, 

while under BERT the word embedding for “bank” would be different for each sentence. Aside 

from capturing obvious differences like polysemy, the context-informed word embeddings 

capture other forms of information that result in more accurate feature representations, which 

in turn results in better model performance 18. 

Since our participants were speaking Dutch during the reading task, we needed to apply a 

BERT model pre-trained on Dutch corpora. To do that, we decided to apply a monolingual 

Dutch BERT model called “BERTje” which was developed by the University of Groningen 50.  

We preferred to apply this model rather than the multilingual model m-BERT (that also 

includes Dutch) developed by Google because applying BERTje the word count of vocabulary 

was only 355 out of 5458 while applying m-BERT we obtained 874 words out of vocabulary. 

3.6.2 Generation of word embeddings 

The generation of word embeddings using the BERT model required several steps: 

• remove words out of vocabulary from our words list 

• load pre-trained BERT model 

• load the pre-trained model tokenizer 

• input formatting: preprocess the input in a way that the BERT model can interpret it 

(figure 14) 
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o add a special token called [CLS] at the beginning of a sentence and another special 

token called [SEP] at the end of the sentence (where [CLS] is a special symbol added 

in front of every input example and [SEP] is a special separator token). 

o tokenize words (token embeddings) 

o associate an index to each token (positional embedding) 

o associate the same id to tokens that belong to the same sentence (sentence embedding) 

 

 
Figure 14 BERT input representation. The input embeddings are the sum of the token embeddings, the segmentation 

embeddings and the position embeddings. Figure from reference18 

 

• apply the model to each sentence: BERT model is constituted by 12 layers of 

transformer encoders and each output from each layer can be used as word 

embeddings. According to Liu et al.51 (as shown in figure 15) the best performance is 

provided by the sum of the embeddings obtained by the last 4 layers, hence we 

generate the word embeddings taking the sum of the outputs provided by the last 4 

layers of the model. 

 
Figure 15 Accuracy scores obtained combining layers of BERT model in different arrangement52. 
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At the end of this pipeline, we obtained word embeddings for all words pronounced by the 

participant, and each embedding was represented by 768 dimensions (as the number of hidden 

units in each layer of the model). 

This analysis was done exploiting Transformers library 53, to load the pre-trained model and 

the model tokenizer, and nltk library 54, to split the transcript into sentences. 

 

To represent the word embeddings, we applied t-SNE which is a tool (from sklearn55) to 

visualize high-dimensional data in a 2D space. As we can see from figure 16, words with 

similar meanings are close in the embeddings: 

- meneer (sir), mevrouw (madame), zoontje (son), baby and zus (sister) à words related 

to people 

- straat (street) and hoek (corner) 

- nek (neck) and snor (mustaches) 

- mantel (coat) and laarzen (boots) 

 

 
Figure 16 Figure generated using t-SNE python library. It represents words in a 2D space. 

 
In addition, to visualize the variance of similarity between words in our dataset we plot the 

heatmap of cosine similarity between words. In figure 17, we can see the heatmap, with labels, 

of words present in the dataset and repeated at least five times (this choice was done to better 

visualize data, otherwise considering all words the labels would not be readable). As we can 

see there is a nice variance between the words in our dataset. 
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Figure 17 Heatmap of cosine similarity between words repeated at least five times during the task. 

3.6.3 Post processing of word embeddings 

Once word embeddings were generated, we removed words with low semantic content (usually 

called stop words) because we were not interested in decoding the meaning of those words. 

Stop words can be pronouns, linkers, and adverbs. To remove them a list of Dutch stop words 

provided by nltk python package was used. 

By removing those words, we ended up with 1889 words for sub 1 and 1809 words for sub 2 

(see table 3.1 and 3.2 below for details). 
Table 3.1: total number of words, for subject 1, used to train the decoder. 

sub-1 

  word count  word count after removing stopwords 

run 1 2437 961 

run 2  2375 928 

total 4812 1889 
 

Table 3.2: total number of words, for subject 2, used to train the decoder. 

sub-2 

  word count  word count after removing stopwords 

run 1 2594 1019 

run 2  2051 790 

total 4645 1809 
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3.6.4 Dimensionality reduction of word embeddings 

Since the number of dimensions of embeddings space of the BERT model is really high (768), 

and since the ability of the decoding model to predict such a high number of features for each 

word was a concern, we decided to apply dimensionality reduction through principal 

component analysis (PCA).  

PCA was performed using the sklearn python library55. We first computed the model for 50 

principal components, then we fit and transformed it on the embedding space. Thus, we 

obtained only the first 50 principal components, out of the 768 total components, that contained 

the 75% percent of the variance of the entire embedding space. 

3.7 Speech envelope entrainment 

After preprocessing of neural activity and generation of word embeddings we were ready to 

start the decoding. However, before moving to the decoding analysis we decided to do a simpler 

analysis of brain data in order to check their quality, that brain activity correlated with speech, 

and that there were no errors in the preprocessing pipeline.  

 

The simpler checkpoint analysis that we did was the tracking of speech envelope56,57. From 

previous studies58,59 it has been proved that there is a correlation between the variability of 

speech envelope and the variability of electrical potentials and currents in the human cortex. 

This effect has been proved to be stronger in regions situated relatively early in the auditory 

pathway (belt areas) compared to other regions involved in speech processing, including the 

superior temporal gyrus and the posterior inferior frontal gyrus (Broca’s region). 

 

Since our task was reading, we were expecting to see a high correlation between brain activity 

and speech envelope. Of course, not all the electrodes were placed in the regions related to the 

auditory pathway but, if our preprocessing steps were performed correctly, we were expecting 

high correlation at least for some electrodes. 
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Figure 18 High gamma activity in human auditory cortex tracks the envelope of speech 

 

To perform this analysis the first step was the computation of the speech envelope. The sound 

spectral envelope was extracted using the python library pyNSL which is the python equivalent 

of the Matlab NSL toolbox developed by Chi et al 60. This toolbox computes the sound 

spectrogram following the biological model of sound processing by the cochlea (Chi et al., 

2005). The spectrogram was extracted at 8 ms frames along 128 logarithmically spaced 

frequency bins in the range of 180–7,200 Hz. We then averaged the spectrogram data over the 

frequency bins to obtain a 1D spectral sound envelope. The resulting spectral envelope was 

downsampled to 100 Hz to match the sampling rate of the sEEG HFB time courses 

 

Then, to assess the relationship between the speech envelope and HFB activity, we computed 

the nonparametric Spearman correlation coefficient per channel.  To account for the time lag 

between these two quantities, we computed the correlation for each lag between the two signals 

in the range -200ms to 200ms with 10 ms steps. Then we took the maximum correlation over 

time lags, and we obtained one value of correlation for each electrode. 

 

At the end of this analysis, we obtained a high correlation at least for some electrodes for each 

subject, and this proved that our preprocessing of neural activity was performed correctly and 

that we had a correlation between brain activity and speech. 

3.7.1 Statistical analysis 

To verify that our results were significant we applied bootstrapping statistical analysis. 

Bootstrapping is a statistical technique used to estimate the properties of an estimator by 

repeatedly sampling from the observed data. The method involves generating a large number 

of resamples, each of which is obtained by random sampling with replacement from the original 

data set. Then, the resamples are used to obtain estimates of the estimator or test statistic of 
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interest, and the distribution of these estimates is used to make inferences about the properties 

of the estimator61.  

The advantage of bootstrapping is that can be applied to any distribution of data, there is no 

need to check that the data have a normal distribution. 

 

The main steps of the bootstrapping method are to: 

1. take a sample from a population with sample size n. 

2. draw a sample from the original sample data with replacement with size n, and replicate 

B times, each re-sampled sample is called a Bootstrap Sample, and there will be a total 

of B Bootstrap Samples. 

3. evaluate the statistic of θ for each Bootstrap Sample. In the end, B estimates of θ will be 

obtained. 

4. construct a sampling distribution with these B Bootstrap statistics and use it to make 

further statistical inferences, such as: 

• estimating the standard error of statistic for θ. 

• obtaining a Confidence Interval for θ. 

 
Figure 19 Working principle of bootstrapping method. Figure from https://towardsdatascience.com/an-introduction-to-the-

bootstrap-method-58bcb51b4d60 

For our statistical analysis, we aimed to test whether the correlation coefficients obtained for 

each channel were significant.  

To do that we first split the brain data into 10 seconds blocks. Then the blocks were shuffled, 

to obtain a random distribution of brain activity. Later we computed the correlation between 

the random distribution of brain activity and speech envelope for each electrode (only for the 

time lag that provided the highest correlation in the previous analysis).  
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This process was repeated 1000 times, saving the results of correlation for each electrode for 

each iteration, and we ended up with a matrix with rows equal to the number of iterations and 

columns equal to the number of electrodes. We sorted the values along each row and then, for 

each electrode, we computed how many correlations obtained from random distribution were 

greater than the actual correlation. In the end, we computed a p-value for each electrode as the 

ratio between the number of correlations greater than the actual correlation and the number of 

iterations (1000) 62.  

In this way, we obtained a p-value for each electrode and if the value was lower than 0.01, we 

considered a significant correlation for that value, otherwise, the correlation for that electrode 

was not significant. 

3.8 Semantic decoding through Recurrent Neural 

Networks 

After the preprocessing pipeline, we started the decoding of the word embeddings from the 

neural activity. The diagram below summarizes the decoding framework:  

• input = brain activity in HFB [60 – 150] during the reading task; 

• output = word embeddings for all words pronounced by the participant; 

• network = RNN, GRU, LSTM 

 

In the following paragraphs, we will describe in detail the characteristics of the network, the 

data aggregation, training and testing procedures. 

 
Figure 20 Block diagram representation of the decoding model 
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3.8.1  Recurrent Neural Networks (RNN) 

Deep learning is a subfield of machine learning that is inspired by the structure and function of 

the brain 63. In the context of BCI, deep learning algorithms can be used to classify brain 

signals, extract relevant features, and perform various tasks related to decoding and control. 

One of the main advantages of deep learning is that it can learn to recognize patterns in the data 

that are not easily detectable by traditional machine learning algorithms. This can lead to 

improving the accuracy of the BCI systems. Another advantage is that deep learning algorithms 

can learn to recognize patterns in the data in an end-to-end manner, which eliminates the need 

for manual feature selection.  

Taking into account the increasing and promising applications of deep learning models in the 

field of BCIs 12,15,19–22, we decided to apply deep learning methods to decode word embeddings.  

At this point, we needed to understand which was the most suitable neural network (NN) for 

the decoding task of our project. 

 

Considering that words have different lengths, the brain activity corresponding to the 

pronunciation of each word also has a different sequence length. Therefore, the input data to 

our model, from which we want to predict word embeddings, are characterized by variable 

sequence length. Due to this consideration, we decided to apply RNN as a decoding method, 

because RNNs are the most suitable networks to predict sequence data and because RNNs can 

handle arbitrary sequence lengths. 

 

The main feature of an RNN is its ability to keep in memory all the previous elements of the 

sequence through a state vector. The most simple RNN is shown in figure 21. As can be seen, 

an RNN has a feedback connection that connects the hidden neurons across time.  

 
Figure 21 A standard RNN. The left hand side of the figure is a standard RNN. The state vector in the hidden units is 

denoted by s. On the right hand side is the same network unfolded in time to depict how the state is built over time. Image 
adapted from reference63 
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At time t, the RNN receives as input the current sequence element xt and the hidden state from 

the previous time step st−1. Next, the hidden state is updated to st and finally the output of the 

network ht is calculated. In this way, the current output ht depends on all the previous inputs 

x′t . U is the weight matrix between the input and hidden layers, W is the weight matrix for the 

recurrent transition between one hidden state to the next, V is the weight matrix for hidden to 

output transition and f represents the activation function for the output layer.  

Since the same weights are used for each time step, RNNs can process variable-length 

sequences. At each time step new input is received and, due to the way the hidden state st is 

updated, the information can flow in the RNN for an arbitrary number of time steps, allowing 

the RNN to keep all the past information.  

	

RNNs can be divided into three categories: 

1. Traditional Recurrent Neural Network (RNN) 

2. Long-Short-term-Memory Recurrent Neural Network (LSTM) 

3. Gated Recurrent Unit Recurrent Neural Network (GRU) 

 

3.4.4.1. Traditional RNN 

 

As previously explained, due to the recurrent nature of RNN, each cell has two inputs: the output 

of the previous state and the current input. This way of using information from the past results 

in a short-term memory mechanism. 

 
Figure 22 RNN architecture. Figure from reference64 

In each cell, the input of the current time step x (present value), the hidden state h of the previous 

time step (past value), and a bias are combined and then limited by an activation function (tanh 

in this example) to determine the hidden state of the current time step. 
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The main disadvantage of simple RNN is that it suffers from the vanishing gradient descent 

problem, which means that the gradients that are used to update the weights during 

backpropagation become very small. Multiplying weights with a gradient that is close to zero 

prevents the network from learning new weights. This stopping of learning results in the RNN 

forgetting what is seen in longer sequences. As the RNN only keeps recent information, the 

model has problems considering observations that are far from the past. Hence, the RNN has 

only short-term but not long-term memory. 

 

3.4.4.2. Long-Short-term-Memory (LSTM) RNN 

 

LSTMs are a special type of RNN that intend solve the vanishing gradient problem. 

 
Figure 23 LSTM architecture, figure reference64 

The key characteristic of LSTMs is the presence of a cell state, computed through three gates, 

which is passed from the input to the output of a cell. The cell state allows information to flow 

along the entire chain with only minor linear actions through three gates. Hence, the cell state 

represents the long-term memory of the LSTM. The three gates are called the forget gate, input 

gate, and output gate. These gates work as filters and control the flow of information and 

determine which information is kept or disregarded. 

The forget gate decides how much of the long-term memory should be kept. For this, a sigmoid 

function is used which states the importance of the cell state. The output varies between 0 and 

1 and states how much information is kept, The output is determined by combining the current 

input x, the hidden state h of the previous time step, and a bias b: 
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The input gate decides which information should be added to the cell state and thus the long-

term memory. Here, a sigmoid layer decides which values are updated. 

 

 
 

The output gate decides which parts of the cell state build the output. Hence, the output gate is 

responsible for short-term memory. 

 
 

As can be seen, all three gates are represented by the same function. Only the weights and biases 

differ. The cell state is updated through the forget gate and the input gate. 

 

 
 

The first term in the above equation determines how much of the long-term memory is kept 

while the second term adds new information to the cell state. The hidden state of the current 

time step is then determined by the output gate and a tanh function which limits the cell state 

between -1 and 1. 

 
 

3.4.4.3. Gated Recurrent Unit (GRU) RNN 

 

Similar to LSTMs, the GRU solves the vanishing gradient problem of simple RNNs. The 

difference to LSTMs, however, is that GRUs use fewer gates and do not have a separate internal 

memory, i.e., cell state. Hence, the GRU only relies on the hidden state as a memory, leading to 

a simpler architecture 
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Figure 24 GRU architecture, figure from reference64 

The reset gate is responsible for short-term memory as it decides how much past information is 

kept and disregarded. 

 

 
 

The values in the vector r are bounded between 0 and 1 by a sigmoid function and depend on 

the hidden state h of the previous time step and the current input x. Both are weighted using the 

weight matrices W. Furthermore, a bias b is added. 

The update gate, in contrast, is responsible for long-term memory and is comparable to the 

LSTM’s forget gate. 

 

 
 

As we can see the only difference between the reset and update gate are the weights W. 

The hidden state of the current time step is determined based on a two-step process. First, a 

candidate hidden state is determined. The candidate state is a combination of the current input 

and the hidden state of the previous time step and an activation function. In this example, a tanh 

function is used. The influence of the previous hidden state on the candidate hidden state is 

controlled by the reset gate 

 

 
 

In the second step, the candidate hidden state is combined with the hidden state of the previous 

time step to generate the current hidden state. How the previous hidden state and the candidate 

hidden state are combined is determined by the update gate. 
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If the update gate gives a value of 0 then the previous hidden state is completely disregarded 

and the current hidden state is equal to the candidate hidden state. If the update gate gives a 

value of one, it is vice versa. 

 

For our project, we built three RNNs considering either 1 or 2 hidden layers and adding a fully 

connected linear layer.  

3.8.2 Data aggregation 

The first step of data aggregation was the concatenation of brain activity of the two runs of the 

task. Then, to decode word embeddings from brain activity associated with each word, we 

needed to select the HFB activity corresponding to each word and then give it as the input to 

the RNN.  

 

The 2D input matrix of HFB activity was arranged as a number of samples (or sequence length) 

x number of electrodes (input features).  

To select brain activity correspondent to each word we used the onset and offset time, at which 

each word was spoken, derived from the TextGrid file. In addition, since brain activity related 

to semantics is anticipatory with respect to word pronunciation, we selected brain activity -200 

ms before the onset time. By selecting the HFB activity of each word, the input had dimensions 

equal to the number of words multiplied by the number of samples for each word multiplied 

by the number of electrodes.  

Considering that each word had a different sequence length, the input data was aggregated as 

a list of tensors and not a 3D matrix (because the second dimension was different across words). 

The methods that we applied to deal with input data of variable sequence length are detailed in 

section 3.8.3. 

 

The output of the model was arranged as a 2D matrix with the number of words x dimensions 

(features) of embedding space. Since the BERT model generates word embeddings using 768 

dimensions the network had to predict 768 values for each word.  
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The decoding pipeline was implemented using Pytorch65. The torch.nn.RNN requires the input 

and output in a specific format: 

• input must be a tensor of shape: N x L x Hin (when batch- first = True) 

• output is provided in the format: N x L x Hout (when batch- first = True) 

where: 

- N = batch size 

- L = sequence length 

- Hin = input size, that is the number of features in the input  

- Hout = hidden size, that is the number of features in the hidden state  

 

 
Figure 25 Block diagram of input and output data applied to the decoding model 

3.8.3 Training 

The main advantage of an RNN is that it can deal with varying length inputs. However, when 

training the model in batches, the items within a batch are still required to be of the same size. 

This problem can be dealt with in three ways:  

 

1. padding 

2. using a batch size of 1 

3. forcing an equal batch size 

 

We tried all three approaches. When we padded the data, we implemented a dynamic RNN that 

ignored the padded values, while when we applied the other strategies, the RNN was a classical 

one. For all three batching methods we trained simple RNN, GRU, and LSTM networks.  

 

The dataset was randomly split in: 

- training set 80% (x words for sub-1, x words for sub-2) 
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- test set 20% (x words for sub-1, x words for sub-2) 

Each model was trained to minimize the mean square error (MSE) and all models were trained 

for 400 epochs. For training with batch size = 1 we applied SGD optimizer, in the other two 

cases we applied Adam optimizer. 

The table below contains a list of the hyperparameters of each model. 

 
Table 3.3: Hyperparameters applied during training. 

Hyperparameters 

Parameter  Values 

number of layers 1,2 

number of hidden units in each layer ranging from 50 to total number of features 

in the output 

fully connected layer  yes or no 

learining rate 0.0001, 0.0005 

weight decay 0, 0.00001 

batch size 12, 24, 32 * 

number of epochs 200, 300, 400 

 

The steps for the training and testing procedure are summarized in the following flow chart. 

After setting the hyperparameters configuration the environment was set up (all models were 

trained using a single graphics processing unit NVIDIA GeForce RTX 2080 Ti). Then the 

model was set up, as previously said we tried 3 different types of RNN and in each case, the 

hidden states were initialized to zero.  

After this, the training in batches starts. First input data were normalized according to the mean 

and standard deviation computed on the entire training set. Then the output of the network was 

computed, during forward propagation, and the training loss (according to MSE) was also 

computed. Then the backpropagation of the error was performed, and weights were updated.  

After the training loop, the validation loop starts, and all previous steps were repeated except 

for back propagation.  

Hence, we computed the training and validation loss for each epoch and we checked the state 

of the model after every 50 epochs. Since the number of features (number of dimensions in 

embedding space) was extremely high (768) we also trained the model to predict the word 

embeddings obtained from PCA considering only the first 50 principal components. 
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Figure 26 Flowchart representing steps to train an test the decoding model 
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3.8.4  Testing  

 As previously mentioned, to the best of our knowledge, there are no studies in the literature 

that try to decode word embeddings from brain activity. Therefore, to measure the accuracy of 

the decoding we set up a new method. 

 

Since the aim is not to exactly decode each value of the word embeddings, we decided to 

measure the accuracy using cosine similarity as a metric to assess the quality of the decoded 

embeddings, according to which similar words have cosine similarity around 1 and dissimilar 

words around 0.  

For each predicted word we computed its cosine similarity with all the actual word embeddings. 

Then we sorted in descending order the cosine similarity matrix and we looked for the position 

of the word embedding of the word of interest. Ideally, the cosine similarity between the 

predicted and actual word embeddings of the same word should be equal to 1 and hence the 

position of the aforementioned word embedding on the ranked similarity matrix should be the 

first. However, since each embedding is represented with many dimensions (768 values) and 

since there are many similar words in this dataset, it is unlikely that this happens. Thus, we 

assessed the accuracy of decoding each word setting 4 ranges: 

- if the position of the actual word was between the first 15% of words of the ranked 

cosine similarity matrix the accuracy was excellent 

- if the position of the actual word was between the first 15% to 35% of words of the 

ranked cosine similarity matrix the accuracy was good 

- if the position of the actual word was between the first 35% to 50% of words of the 

ranked cosine similarity matrix the accuracy was fairly good 

- if the position of the actual word was between the first 35% to 50% of words of the 

ranked cosine similarity matrix the accuracy was bad 
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Chapter 4: Results 

4.1 Speech envelope entrainment results 

The aim of speech envelope tracking analysis was to check if there was correlation between 

brain activity and speech and to assess the quality of brain data. 

  

Figure 27 shows the time course of HFB activity of one of the channels superimposed on the 

time course of the envelope of the spoken story. The figures demonstrate that the neural signal 

faithfully tracks the speech envelope, in particular we can observe a better tracking is achieved 

for brain activity of participant 1. 

 

 
(a)                                                                                            (b) 

Figure 27 High gamma activity [60-150 Hz] tracks the speech envelope. In blue we observe the time course of the speech 
envelope while in orange it is reported the time course of HFB activity. Panel (a) shows results for sub-1, panel (b) shows 

results for sub-2. 

 

Since we compute the correlation between brain activity and speech envelope for different time 

lags, between -200 and +200 ms, we also explored which was the time lag that provided the 

maximum correlation. Figure 28 a and b show the individual correlation profiles per channel 

over different time lags. As we can see for both subjects the maximum correlation is obtained 

for a time lag between -50 to 50 ms, which agrees with previous studies57. 
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(a)                                                                                              (b) 

Figure 28 shows individual correlation profiles per channel over different time lags. The x-axis represents cross-correlation 
lags (in milli seconds), where negative lags indicate that the neural activity precedes audio. As we can see the maximum 
correlation is achieved using a time lag between -50 to 50 ms and there are several electrodes (especially for sub-1, left 

panel) that have correlation coefficients higher than 0.3. 

 
Figure 29 Channels with significant correlation (p < 0.01) between speech envelope and neural activity in HFB. The color 

bar represents different values of correlation. For each subject the figure shows the number of channels that have significant 
correlation coefficient. 

 

A comparison between the correlation results of sub-1 and sub-2 is described in figure 29. The 

plot shows the number of channels that have a significant correlation (p < 0.01). As we can see 

most channels have correlation between 0.05 and 0.1, which is quite low, but this result was 

expected because not all electrodes were implanted in regions related to auditory processing.  
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The fundamental result of this analysis was that for both participants we obtained some 

electrodes with a high correlation between HFB activity and speech envelope (for sub-1 19 

channels had correlation coefficient > 0.2, for sub-2 15 channels had correlation coefficient > 

0.2). The presence of channels with high correlation between HFB activity and speech envelope 

proved that the brain activity of both individuals was correlated to speech and that brain data 

had high quality.  

After this analysis, that was performed as a checkpoint of our preprocessing steps, we were 

ready to start the decoding pipeline.  

4.2 Decoding results 

The decoding results are described firstly considering findings obtained using the original word 

embeddings derived by the BERT model (section 4.2.1), (in which each word is represented 

using 768 dimensions) and then considering results obtained using the reduced embedding 

space (section 4.2.2), (in which each word is represented using 50 dimensions that are the first 

50  principal components projected into the embedding space after PCA). 

 

As previously mentioned, our input data to the RNN model had variable sequence lengths (due 

to the different duration of each word). We approached this problem considering padded input 

sequences, input sequences with batch size equal to 1, and input sequences forced to have the 

same length, thus allowing us to train the network with batch size greater than 1. 

According to this different aggregation of input data, results are reported in each subsection of 

paragraph 4.2 separately, describing firstly results obtained training the network with batch 

size equal to 1 and secondly results obtained training the networks with batch size greater than 

1.  

Unfortunately, the results for padded input sequences were not even good during the training 

phase. The predicted values for each embedding dimension were almost close to zero and the 

network was not able to distinguish between different input sequences. This was due to the fact 

that there were too many padded values for many sequences and hence the network was not 

able to learn the pattern in the data. For these reasons results for input padded sequences were 

inconclusive are not reported in the following paragraphs of this thesis.  
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4.2.1 Decoding original word embeddings 
 

4.2.1.1 Decoding with batch size equal to 1 
 

As the first attempt, we tried to decode all dimensions of embedding space using RNNs with a 

number of hidden units, in the hidden layers, equal to the number of output features (768) and 

a fully connected linear layer as the output layer. As we can see from figure 30, that shows the 

training and validation losses over epochs, the results were not good because the network was 

overfitting a lot. We tried to change some hyperparameters (such as adding regularization and 

using 1 hidden layer instead of 2) and the type of RNN (GRU or LSTM) but even after several 

attempts, the high overfitting remained.  

 
Figure 30 participant 2 Training and validation losses obtained using a GRU network with 768 hidden units on the hidden 

layer, 1 hidden layer and 1 fully connected layer. 

 

Then we tried to solve the overfitting reducing the complexity of the network, by decreasing 

the number of hidden units in the hidden layers. Figure 31 shows results obtained using a GRU 

with 50 hidden units in the hidden layer and we can see that the results improved with respect 

to the previous configuration because now both training and validation losses decrease over 

epochs. However, using only 50 hidden units in the hidden layer, the MSE decreased by only 

50% which was not enough to obtain a good accuracy performance (accuracy = 52%). So, we 

tried to optimize the network by changing the hyperparameters.  

Figure 31 a shows results using a GRU with 50 hidden units and 1 hidden layer, while figure 

31 b shows results for the same network using 2 hidden layers. From those figures we can see 

that there is no change in results using a network with 1 or 2 hidden layers (accuracy rates for 

both configurations of the network were always equal to 52%). 
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(a) 

 
(b) 

Figure 31 

 Panel (a) participant 1 GRU, 50 hidden units, 1 hidden layer and 1 fully connected layer, learning rate = 0.0005 weight 
decay = 0 

Panel (b) participant 1 GRU, 50 hidden units, 2 hidden layer and 1 fully connected layer, learning rate = 0.0005 weight 
decay = 0 

 

Then, considering the same number of hidden units, we changed the type of network to see 

whether this could lead to a higher minimization of MSE. Figures 32 a and b show the 

comparison between GRU and LSTM networks with 50 hidden units in the hidden layer and 1 

hidden layer. As we can see there is no difference in the results given by the two networks, 

they are both not able to minimize the MSE by more than 50 %. 
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(a) 

 
(b) 

Figure 32 

Panel (a): participant -2 GRU, 50 hidden units, 1 hidden layer and 1 fully connected layer, learning rate = 0.0005 weight 
decay = 0 

Panel (b): participant -2 LSTM, 50 hidden units, 1 hidden layer and 1 fully connected layer, learning rate = 0.0005 weight 
decay = 0 

 

Since the change in hyperparameters did not produce different results, we tried to increase a 

bit the complexity of the network by using more hidden units (200 and 400) on hidden layers. 

Figures 33 a and b show the comparison between results for LSTM with 200 hidden units 

(panel a) and LSTM with 400 hidden units. As can be seen, using 400 hidden units rather than 

200 only modifies the speed of learning (using 400 hidden units the network minimizes the 

error of 50 % in 80 epochs, while using 200 hidden units the network minimizes the error of 

50 % in 130 epochs) but does not change the learning capacity of the network. Thus, even 

increasing the complexity of the network the model is not able to minimize the MSE by more 

than 50 %. 
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(a) 

 
(b) 

Figure 33 

Panel (a): participant 1 LSTM, 200 hidden units, 1 hidden layer and 1 fully connected layer, learning rate = 0.0001 weight 
decay = 0 

Panel (b): participant 1 LSTM, 400 hidden units, 1 hidden layer and 1 fully connected layer, learning rate = 0.0001 weight 
decay = 0 

 

After trying different configurations of the network and different values of hyperparameters 

we concluded that using batch size equal to 1, the network is, on one hand, able to minimize 

the MSE using 768 hidden units on hidden layers, but is not able to generalize because there is 

a lot of overfitting; and on the other hand, the network is not able to minimize the MSE more 

than 50% but reducing the complexity of the problem there was no more overfitting.  

Accuracy results for all different decoding models are reported in Table 4.1. From the table, 

we can see that there is no difference among results provided by different models because 

training with batch size equal to 1 the network is not able to minimize MSE by more than 50% 

in no one of the considered configurations. In addition, we can see that accuracy results are 

almost the same between participant 1 and participant 2.  
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Table 4.1 Accuracy results obtained training the network with batch size equal to 1. Participants are indicated as 

P1. 

Network Number of 

hidden units 

Number of 

layers 

Learning 

rate 

Weight 

decay 

Accuracy 

P1 

Accuracy 

P2 
GRU  50 1 0.0005 0 0.5238 0.5233 

GRU  50 2 0.0005 0 0.5238 0.5233 

LSTM 50 1 0.0005 0 0.5238 0.5233 

LSTM 200 1 0.0001 0 0.5238 0.5233 

LSTM 400 1 0.0001 0 0.5238 0.5233 

 

4.2.1.2 Decoding with batch size greater than 1 

We started training the network with small batch size, equal to 12. At the first attempt, we tried 

to decode all dimensions of embedding space using RNNs with 768 hidden units in the hidden 

layer. Figure 34 shows that the results obtained for this configuration are not good because the 

network is overfitting a lot. We tried to change some hyperparameters (such as adding 

regularization and using 1 hidden layer instead of 2) and the type of RNN (GRU or LSTM) but 

the high overfitting remained.  

 

 
Figure 34 Participant 1 batch size = 12, GRU 768 hidden units, 1 hidden layer and 1 fully connected layer, learning rate = 

0.0005 weight decay = 0 

 

Then, as we did for training with a batch size equal to 1, we tried to solve the overfitting 

reducing the complexity of the network, by decreasing the number of hidden units in the hidden 

layers. 
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First, we tried to decrease the number of hidden units to 50. Figure 35 a shows results obtained 

using a GRU with 50 hidden units and 1 hidden layer and we can see that the results are better 

compared to figure 34 because both training and validation losses decrease over epochs.  

However, in this configuration, the MSE decreased down to 50 % very quickly (in the first 10 

or 15 epochs) but then it remains stable for 50 epochs both for training and validation loss and 

then training loss starts to decrease again while validation loss increases. This behavior shows 

that the network can learn very quickly but then it overfits.  

To solve the overfitting problem, we tried to change some hyperparameters. Figure 35 a and b 

shows results obtained using a GRU with 50 hidden units and 1 hidden layer (panel a) and 2 

hidden layers (panel b). As we can see the number of hidden layers does not change the results. 

 

 
(a) 

 
(b) 

Figure 35 

Panel (a): participant 1 Batch size = 12, GRU, 50 hidden units, 1 hidden layer and 1 fully connected layer, learning rate = 
0.0005 weight decay = 0 

Panel (b): participant -1 Batch size = 12, GRU, 50 hidden units, 2 hidden layer and 1 fully connected layer, learning rate = 
0.0005 weight decay = 0 

 

Then we tried to increase a bit the complexity of the network, to see if using more hidden units 

the ability of the network to learn could improve. Figure 36 shows the results obtained from 

training the GRU network with 200 hidden units (panel a) and 400 hidden units (panel b) on 

the hidden layer. As can be seen, using 200 hidden units does not change a lot the results 
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compared to 50 hidden units (fig 35 a) while increasing the number of hidden units up to 400 

improves the learning capacity of the network, because minimizes the MSE down to 80%, but 

reduces its ability to generalize because the network is overfitting a lot. 

 

 
(a) 

 
(b) 

Figure 36 

Panel (a): Batch size = 12, GRU, 200 hidden units, 1 hidden layer and 1 fully connected layer, learning rate = 0.0005 
weight decay = 0 

Panel (b): Batch size = 12, GRU, 400 hidden units, 1 hidden layer and 1 fully connected layer, learning rate = 0.0005 
weight decay = 0 

Then we tried to increase the batch size, but unfortunately training the network with a batch 

size equal to 24 (figure 37 a) or equal to 32 (figure 37 b), did not modify the behavior of the 

network. 
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(a) 

 
(b) 

Figure 37 

Panel (a): Batch size = 24, GRU, 100 hidden units, 1 hidden layer and 1 fully connected layer, learning rate = 0.0005 
weight decay = 0 

Panel (b): Batch size = 32, GRU, 100 hidden units, 1 hidden layer and 1 fully connected layer, learning rate = 0.0005 
weight decay = 0 

 

After trying various network configurations and hyperparameter values, we reached the 

following conclusions. When we train the network with a batch size greater than 1 and a large 

number of hidden units in the hidden layers (200 or 400) the network is capable of reducing 

the mean squared error but overfitting becomes a significant issue, resulting in poor 

generalization performance. On the other hand, when the network is composed of a lower 

number of hidden units (50 or 100), it is not able to reduce the MSE by more than 50%, but 

overfitting is reduced. Furthermore, increasing the batch size beyond 12 up to 32 did not 

provide significant improvements in decoding performance. 

Table 4.2 reports the accuracy results of various decoding models. The table show that there 

are no discernible differences in the results provided by the different models. This is because 

the network is not able to reduce MSE by more than 50% for any of the configurations tested. 

Additionally, the accuracy results show little variation between participant 1 and participant 2. 
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Table 4.2: accuracy results obtained training the network with batch size equal to 1. Participants are indicated as 

P1 and P2. 

Batch 

size  

Network Number of 

hidden 

units 

Number 

of layers 

Learning 

rate 

Weight 

decay 

Accuracy 

P1 

Accuracy 

P2 

12 GRU  50 1 0.0005 0 0.1344 0.1353 

12 GRU  50 2 0.0005 0 0.1344 0.1353 

12 GRU  200 1 0.0005 0 0.114 0.1146 

12 GRU  400 1 0.0001 0 0.118 0.1188 

24 GRU  100 1 0.0001 0 0.134 0.1353 

32 GRU  100 1 0.0001 0 0.1344 0.1353 

 

4.2.2 Decoding word embeddings after dimensionality reduction 

After failing to achieve good results while attempting to decode all 768 dimensions of the 

original embeddings we attempted to reduce the dimensionality of the embedding space by 

applying PCA and then decode the reconstructed embeddings using only a subset of the 

principal components. 

 

Before to start the decoding of word embeddings reconstructed after PCA, we checked the 

quality of the new generated embeddings by comparing the cosine similarity between pairs of 

words on the original embedding space and on the reduced embedding space. Unfortunately, 

the dimensionality reduction process via PCA significantly corrupts the quality of the 

embedding space. Figure 38 a shows the heatmap of cosine similarity between words (repeated 

at least 5 times) computed using all the original embedding dimensions. At the same time 

figures 38 b, c, and d show the heatmap of cosine similarity of the same words computed using 

the first 50 (panel b),100 (panel c), and 200 principal components respectively (panel d).  

As we can see from the figures, the quality of embedding space represented using PCA is 

inferior because the projection of principal components on the embedding space is able to 

represent quite accurately only the words that have high similarity (i.e., those corresponding to 

dark green squares in the heatmaps). In contrast, PCA decomposition fails to appropriately 

represent words with similarity below 0,6 reducing their similarity to 0.3 or below in the 

reduced embedding space. 
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These observations are further supported by Table 4.3 which represents cosine similarity 

between pairs of similar words related to the cluster “people”. The table shows that words with 

high cosine similarity in the original embedding space, such as ‘zoontje’ and ‘baby’ 

(highlighted in green) still have high cosine similarity in the embedding space represented with 

the first 50 principal components. However, words with lower, but still high, cosine similarity 

in the original embedding space, like “zus” and “kind” with similarity equal to 0.45 or “zus” 

and “jongetje” with similarity equal to 0.51 (highlighted in red), have very low cosine similarity 

in the embedding space represented with the first 50 principal components. 

 

 
(a) 

 
(b)                                                                         (c)                                                                 (d) 

Figure 38 heatmap of cosine similarity between words repeated at least 5 times for participant 1. Panel (a) shows cosine 
similarity computed using all 768 dimensions of original embedding space. Panel (b), (c) and (d) respectively show results 

of cosine similarity computed using the first 50, 100 and 200 principal components of the embedding space. 
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Table 4.3: Results of cosine similarity between words with similar meaning in the original embeddings space and 

in the embeddings, space represented with the first 50 principal components (all words are related to “people”: 

zoontje = son, zus = sister, kind = child, jongetje = little boy, meneer = sir) 

Word 1 Word 2 
Cosine similarity between words 

in the original embedding space  

Cosine similarity between words in 

the reduced embedding space (50 

principal components) 

zoontje zoontje 1 1 

zoontje zus 0. 54 0.389 

zoontje kind 0.60 0.39 

zoontje jongetje 0. 67 0.54 

zoontje baby 0.75 0.74 

zoontje meneer 0. 53 0.13 

zus zoontje 0. 53 0. .39 

zus zus 1 1 

zus kind 0. 45 0.024 

zus jongetje 0. 51 0.075 

zus baby 0.53 0.35 

zus meneer 0. 48 0.08 

 

Due to this poor reconstruction of embedding space using only the first 50, 100, and 200 

principal components we were not expecting to obtain high-quality results in terms of decoding 

computed on the reduced embedding space. Considering that by using the first 50 principal 

components we can preserve the largest amount of variance in the data (as we can see from 

figure 38) we decided to decode word embedding using only the first 50 principal components 

of embedding space. 

Figure 39 a shows the decoding results training the network to predict the word embeddings 

(using only 50 dimensions) with a batch size equal to 1, while figure 39 b shows the decoding 

results training the network with a batch size equal to 12. As we can see the performance of 

the network are even worse than the one that we obtained training the network to predict all 

dimension of embedding space, because there is a lot of overfitting and MSE is minimized by 

only 9 %, when training with batch size equal to 1 (panel a) and of 40% when training with 

batch equal to 12. 

 

As previously said, those results were expected since the dimensionality reduction by means 

of PCA is not able to correctly preserve the similarity between words. 
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(a) 

 
(b) 

Figure 39 

panel a: Batch size = 1, GRU, 50 hidden units, 1 hidden layer and 1 fully connected layer, learning rate = 0.0005 weight 
decay = 0 

panel b: Batch size = 12, GRU, 50 hidden units, 1 hidden layer and 1 fully connected layer, learning rate = 0.0005 weight 
decay = 0 
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Chapter 5: Discussions 

5.1 Discussions and limitations 

This exploratory feasibility study aimed to decode the semantic representation of words (in the 

form of word embeddings) spoken during a natural reading task from brain activity measured 

through sEEG. 

 

The decoding results, as reported in Tables 4.1 and 4.2 in Chapter 4, indicate poor performance, 

with the highest accuracy of 52% achieved training the network with a batch size equal to 1, 

which is nearly chance level. 

To investigate the reason behind our poor results, in this chapter we attempt to identify potential 

mistakes that we may have committed and the main limitation of this exploratory study. 

 

Considering that decoding performance is unsatisfactory both for participant 1 and participant 

2 (see Table 4.1 and 4.2) we can exclude the possibility of poor accuracy due to the quality of 

participants’ data (even if the study was conducted only with two individuals). The fact that 

participant’s data is not the cause of poor decoding results is also supported by results of speech 

envelope entrainment analysis (paragraph 4.1) that proved that brain data for those individuals 

had good quality and were correlated to speech at least for some electrodes. Therefore, we can 

conclude that the cause of our poor results cannot be attributed to the subject’s data but could 

be either due to the network or to the decoding task. 

 

Results obtained training the network with 768 hidden units on the hidden layer, both 

considering bath size =1 and batch size greater than 1, show that using such a high number of 

hidden units allows minimizing the MSE almost close to zero, but on the other hand led to high 

overfitting (see Figure 30 and 34). 

At the same time, results obtained training the network with a smaller number of hidden units 

in hidden layers (such as 100 or 200 hidden units) show that the network in this configuration 

can minimize MSE only down to 50 %, but on the other hand, is able to generalize because 

both training and validation loss decrease over epochs.  
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Considering those two aspects it becomes evident that for the task of our project is difficult to 

identify a tradeoff between the minimization of MSE and the ability of the network to 

generalize. 

 

To try to solve the problem of overfitting we also trained the network using a batch size greater 

than 1 (because from the literature it has been proved that training with a batch size equal to 1 

might lead the network to find a local minimum rather than to find a maximum minimum66). 

However, as we can see from figure 31 and figure 35, results obtained training the network 

with a batch size equal to 1 and a batch size greater than 1 are almost the same because in both 

cases the network cannot reduce the MSE by more than 50 %.  

In addition, considering that decoding performance is almost the same even changing the type 

of network (RNN, GRU, and LSTM) and even changing hyperparameters values (see table 4.1 

and 4.2) we can conclude that the poor quality of results does not depend on the network itself 

but is probably due to the decoding task that is too demanding.  

 

Comparing our findings with those of other studies is challenging because no previous study 

has attempted to decode word embeddings from invasive EEG recordings. The only other study 

that performed a similar analysis to ours is the one conducted by Goldstein and colleagues38 

where they trained a convolutional neural network to predict word embeddings of the next 

word given previous words from ECoG data acquired during a listening task. Goldstein and 

colleagues compared the performance of different language models and achieved good 

accuracy results (65% accuracy using GloVe, 75% accuracy using GPT) training the network 

on data from 10 subjects. However, unlike our project, Goldstein et al. aimed to decode only 

the probability of the next word within a sequence, rather than decoding all words based on 

their word embedding representation. Therefore, it is evident that the complexity of our 

decoding task is much higher than the one conducted by Goldstein and colleagues. 

 

On one hand, our decoding task might be too difficult because the coverage of the sEEG 

electrode for our participants might be too sparse. Unfortunately, we do not know exactly 

which are the brain areas penetrated by each electrode, but looking at Figure 11, which shows 

electrodes’ implantation, we can see that electrodes are located quite sparsely over the brain 

and they might also penetrate brain areas with a lot of white matter that might not contain 

significant brain activity to decode semantic representation of speech.  
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On the other hand, decoding word embeddings directly from brain activity might be a too 

difficult task because of the language model that we are applying. The BERT language model 

that we applied in this project generates word embeddings using 768 dimensions to represent 

each word. This means that to reconstruct the output, the network must predict 768 values for 

each word, which might be a very demanding task. 

 

Another possible cause of the poor decoding results that we obtained is related to the fact that 

the BERT model might not be the best choice to generate embeddings when we aim to decode 

word embeddings directly from brain activity. This might be due to the fact since the BERT 

model is contextual, the word embeddings generated by the model are too similar to each other, 

also depending on the context, and hence there is not enough variability between words to be 

decoded. For this reason, the BERT model might be more suitable for next word prediction 

tasks (as GPT, another transform model, which was used by Goldstein et al. to predict the next 

word in a sequence from brain activity). However, since no other study before has ever tried to 

decode word embedding from brain activity and since transformer models, such as BERT, are 

the state of the art of NLP, we decided to use the BERT model for our project. At the end of 

this exploratory research study, we can speculate that it might not be suitable to use a contextual 

language model to decode word embeddings without cooperating with the context they are 

used during the training of the decoder. 

 

Despite the decoding results that we obtained are characterize by poor accuracy, this project is 

the first that attempts to decode word embeddings directly from brain activity measured 

through sEEG, and our findings could help future studies in further developing this application 

for speech BCIs based on semantic decoding. 

 

5.2 Future work 

To develop a decoding system based on semantic representation of speech, future works should 

attempt to reduce the complexity of decoding word embeddings directly from brain activity. 

One approach could be to explore the use of different language models. Even if BERT model 

is the state of the art of NLP, it is quite complex because is contextual and uses a large number 

of dimensions to construct the embeddings. Simpler models, such as word2vec or GloVe, can 

be applied to generate word embeddings using a lower number of dimensions. Although it is 
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well-established in the literature that those models may not generate embeddings as effectively 

as BERT, they can still be useful for a decoding task such as the one examined in our project. 

By using fewer dimensions, these models can produce word embeddings with less complexity, 

which may improve decoding performance. 

To further advance the development of a semantic decoder, future studies should explore 

alternative electrode configurations and consider using ECoG electrodes instead of sEEG. 

While sEEG electrodes have the potential to record brain activity associated with semantics, 

due to their ability to penetrate deep regions of the brain, their sparse coverage may not provide 

sufficient information to decode semantic representation of speech. In contrast, ECoG grids, 

which are characterized by a higher density of electrodes, (although they are located only 

superficially and on the same grid) may enable a better recording of brain activity related to 

semantics. It is worth noting that these suggestions are speculative, as no prior attempts have 

been made to decode word embeddings directly from invasive EEG recordings. 
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Chapter 6: Conclusions 

In this feasibility exploratory study we aimed to decode semantic representation of words, in 

the form of word embeddings, directly from brain activity measured though sEEG electrodes 

while two participants performed a natural reading task. 

We applied the BERT language model to generate word embeddings and decoding model was 

implemented through recurrent neural networks (in different configuration such as simple 

RNN, GRU and LSTM). Even if we tried different network configurations, different 

hyperparameters values and different training strategies (including training the network with 

batch size equal to 1 and greater than 1) the highest accuracy achieved by our model was 52%, 

which is close to chance level. 

After testing different strategies to improve the model’s performance and after excluding that 

the source of error was due to the subject’s data (as no difference was observed in performance 

of the two analyzed participants) we concluded that the poor results were due to the complexity 

of the decoding task we attempted to solve in our project. Based on our findings, future studies 

should try to reduce the complexity of the problem of decoding word embeddings directly from 

brain activity to obtain more accurate results. 

Despite the poor decoding accuracy that we achieve, this project is the first study that attempts 

to decode word embeddings directly from brain activity measured through sEEG, and our 

findings could be a starting point for future studies to further developing this application for 

speech BCIs based on semantic decoding. 
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