General-Purpose Brain Foundation Models for
Time-Series Neuroimaging Data

Mohammad Javad Darvishi Bayazi Hena Ghonia Roland Riachi
Mila, Québec Al Institute Mila, Québec Al Institute  Mila, Québec Al Institute
Université de Montréal
mj.darvishi92@gmail.com

Bruno Aristimunha Arian Khorasani Md Rifat Arefin
Inria TAU, LISN-CNRS Mila, Québec Al Institute Mila, Québec Al Institute
Université Paris-Saclay Université de Montréal Université de Montréal

Amin Darabi Guillaume Dumas Irina Rish
Mila, Québec Al Institute Mila, Québec Al Institute Mila, Québec Al Institute
Université de Montréal Université de Montréal Université de Montréal

irina.rish@umontreal.ca

Abstract

Brain function represents one of the most complex systems driving our world.
Decoding its signals poses significant challenges, particularly due to the limited
availability of data and the high cost of recordings. The existence of large hospital
datasets and laboratory collections partially mitigates this issue. However, the
lack of standardized recording protocols, varying numbers of channels, diverse
setups, scenarios, and devices further complicate the task. This work addresses
these challenges by introducing the Brain Foundation Model (BFM), a suite of
open-source models trained on brain signals. These models serve as foundational
tools for various types of time-series neuroimaging tasks. This work presents the
first model of the BFM series, which is trained on electroencephalogram (EEG)
and functional Magnetic Resonance Imaging (fMRI) signal data. Our results
demonstrate that BFM can generate signals more accurately than baseline models.
Model weights and pipelines are available at https://bit.ly/3CCIOHW.

1 Introduction

Foundation models trained on large-scale datasets have revolutionized the field of artificial intelligence,
demonstrating emergent capabilities across various tasks beyond their original objectives. Their
adaptability and transferability make them valuable as a base for a wide range of applications
(Bommasani et al.| [2021]]). However, time series analysis has lagged due to the scarcity of well-
curated data and its inherent complexities, making it challenging to create comprehensive datasets
(Rasul et al.|[2024Db]).

Time series analysis is vital across numerous fields, from finance to healthcare. In healthcare, one
critical application is analyzing human physiological functions over time. This provides insights into
our mechanisms and aids in diagnosing and treating dysfunctions and disorders. The brain is among
the most complicated and essential systems governing human behavior and perception (Buzsaki
[2019])). However, decoding brain activity is particularly challenging due to its extreme complexity,
requiring vast amounts of data to capture its dynamics. Recording such brain signals is not only

NeurIPS 2024 Workshop on Time Series in the Age of Large Models.



costly but also resource-intensive (Rashid ez al| [2020]; Roy ef al|[2019])). A promising approach
to mitigate these challenges is leveraging the transferability of foundation models to enhance brain
activity analysis.

This work aims to develop a general-purpose brain activity foundation model capable of leveraging
knowledge from large language models (LLMs) and general time series data. Due to its domain-
agnostic nature, this model can transfer knowledge across various biosignals. We focus here on
electroencephalography (EEG) and functional Magnetic Resonance Imaging (fMRI) as non-invasive
methods of measuring brain activity. This framework is not limited to these two modalities and can
be used for all other time series. We focused on these signals because of their wide applications

ranging from medical diagnosis to brain-computer interfaces (BCI) (Hossain et al.| [2023]]; [Safayari
and Bolhasani| [2021]]; |Popa et al.| [2020]]; [Siuly et al|[2016]). We introduce BFM, a model that

learns a robust representation of brain data capable of generating realistic brain signals. We expect its
potential effectiveness in several applications.
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Figure 1: Overview of BFM. (Left) Schematic of EEG electrodes on the scalp and fMRI ROI
capturing signals from various brain regions. (Right) Training of Time-series model.

2 Related Work

Time-series (TS) forecasting: Time series forecasting is essential in many domains, ranging from
finance to healthcare (Zhang et al| [2017]]; Jin e al|[2018])). Accurate forecasts are critical in inform-
ing decision-making processes and strategic planning [Wu ef all 2022} [Lai e al, 2018]]. Traditional
approaches to time series forecasting include statistical methods such as Autoregressive Integrated
Moving Average (ARIMA) and ETS models, which use autocorrelations and decompositions into
explicit fundamental components, respectively, to predict future values. Despite the success of these
models, they share common inherent limitations in their assumptions of linear relationships and
stationary distributions - both of which are often not the case in real-world data [2023])).

Modern research in time series forecasting has also seen the rise of deep learning-based methods
(Benidis et al.| [2022]) focusing on the use of multi-layer perceptrons (MLPs), recurrent neural
networks (RNNs) and Transformers (Vaswani e al] [2017]]; Nie et al| [2023]); (Wu et al| [2020];
Salinas et al.|[2020a]]). These new developments seek to address the challenges faced by statistical
models by utilizing non-linear functions and training on diverse, complex datasets. In particular,
recent work has been done for foundational time series forecasting models analogous to large language
models (LLMs). Time series foundation models leverage similar techniques such as self-supervised
learning and scale to achieve state-of-the-art performance across a variety of domains and datasets

(Woo et al| [2024]; Rasul ef al|[20244al];[Ansari et al.] [2024]).

Biosignals foundation models: In recent years, several foundation models have been developed to
advance the analysis of diverse biosignals. Abbaspourazad et al.|[2023]] developed foundation models




using extensive PPG and ECG data collected via Apple Watch. Ortega Caro et al.|[2023]] introduced
the Brain Language Model (BrainLM), which serves as a foundation model for fMRI recordings.
Azabou et al.|[2024]] presented POYO-1, a unified, scalable framework for neural population decoding
focused on invasive neural activities. [Zhang et al.|[2022] applied self-supervised contrastive pre-
training for time series through time-frequency consistency. |Cui ef al.| [2023]] proposed Neuro-GPT,
integrating an EEG encoder with a GPT model. |Chen ef al|[2024] introduced EEGFormer, a
pre-trained model leveraging large-scale compound EEG data. Jiang ef al.|[2024] introduced the
Large Brain Model (LaBraM), which is trained on EEG data from BCI using vector-quantization for
tokenization and masked patches for learning representations.

These models face several limitations. Primarily, their tokenization methods are often specific to
the type of signal or the number of channels, which hinders their scalability and generalizability.
This limitation has led to evaluations on tasks that are sometimes saturated [Kiessner ef al.l, [2024;
Darvishi-Bayazi et al.2024]). In this work, we aim to develop a versatile model that can leverage
various types of time series data to learn robust representations and facilitate transfer learning from
LLMs and general time series models to biosignals.

3 Background and Method

Time-series Forecasting: Consider a dataset {X;}7_, where each X; = [21,...,z7] € RT*N s
a multivariate time series with 7; time steps and /N channels. Given an input time series window
Tpprcrp = [Tty ... Tirorp] of length C + P > 2fort € {1,...,T — C — P}, we look to
forecast the P > 1 future values. In this work, we adopt a probabilistic and channel-independent
approach. This means that we individually treat each channel as a univariate time series, and we
do not explicitly model the dependencies between each channel. Moreover, given x4+ c we output
logits ¢ and prediction §; ~ Py (:|xs4c) such that §; = yp = Terc41:440+1+P-

Large Language Models (LLMs): have demonstrated remarkable performance by leveraging
massive datasets and learning billions of parameters ([Dubey et al.| [2024; Brown, [2020]]). These
models are largely based on the Transformer architecture ([Vaswanil 2017]). One prominent example
is TS: Text-to-Text Transfer Transformer [Raffel ef al.,[2020; Chung et al., 2024], an encoder-
decoder, sequence-to-sequence model that exemplifies transfer learning in natural language processing
tasks. As general pattern recognizers ([Mirchandani et al., [2023]]), LLMs can also effectively process
time-series data [Zhou et al.l 2023} Jin et al.l [2023]]. In this work, we use T5 as the backbone for our
approach, though it can seamlessly be replaced with other LLMs.

Chronos: is a model that uses T5 (Raffel er al.| [2020]]) architecture as a backbone and were
trained on publicly available diverse time series datasets. BFM uses Chronos tokenizer (Ansari ef al.
[2024])) and pre-trained Chronos-T5 based (Raffel ez al.|[2020]) models. The implementation of the
Chronos tokenizer was motivated by the fact that in language tasks, tokens are derived from a finite
dictionary. In contrast, with time series data, values are from an unbounded, typically continuous
domain. The tokenizer uses mean scaling (Salinas et al|[2020b]]) to normalize context window
z1.c to [(x1 —m)/s,..(xc —m)/s] wherem = 0 and s = & chﬂ |z;|. After mean scaling, the
tokenizer applies quantization to convert them into discrete tokens. The quantization function chooses
B centers, ¢; < ... < cp uniformly and B — 1 edges b; separating them, ¢; < b; < c¢;41, for
i € {1,..., B — 1}. Dequantization function can be defined as d(j) = ¢;, where j € {1, ..., B — 1}.
As mentioned in Figure[T] we consider each location series as independent time series, which is then
passed to the tokenizer.

Brain Foundation models: BFM is univariate probabilistic forecasting model, based on Chronos-
t5-large (700M) architecture. BFM is trained using categorical cross entropy objective function
between ground truth label distribution and categorical distribution predicted by the model. We use
Continuous Ranked probability score (CRPS) (Gneiting and Raftery|[2007]]; Matheson and Winkler
[1976]) to evaluate model performance, which is commonly used to evaluate probabilistic forecasts.
We report the CRPS averaged across all the time series of a dataset and over the prediction horizon
using 20 empirical samples.

Datasets In this work, our objective is to learn robust representations of brain signals recorded from
the scalp or different regions of interest (ROIs), as illustrated in Figure[I] (left). These multivariate
signals reflect the underlying electrical and bold activity of the brain. This study uses the NMT EEG



dataset, the MOABB benchmark, and resting state fMRI from the Adolescent Brain and Cognitive
Development (ABCD) study.

NMT is a public, annotated dataset comprising healthy and pathological EEG recordings (Khan et
al|[2022]). It consists of 2,417 recordings from unique participants, providing multichannel EEG
data and labels indicating the participants’ pathological state, classified as normal or abnormal. In
addition, demographic information such as gender and age is included. We leverage the predefined
training and testing splits based on subjects for model pretraining and signal generation. As shown in
Figure E] (Left), each EEG channel is treated as an independent time series, which is further divided
into two segments: a context window for conditioning and a prediction target window.

MOABB is a comprehensive BCI library (Aristimunha et al.|[2023])) that aggregates several EEG
datasets. In this work, we selected large datasets—either in terms of the number of trials or the number
of subjects—to avoid the bias often present in BCI studies that rely on small, single datasets (Jayaram
and Barachant| [2018]]). Specifically, we used the BCI Competition IV 2a dataset [Tangermann ef al.,
2012]], Cho2015 (Cho et al|[2017]), Weibo2014 (Yi et al|[2014])), and Liu2024 (Liu et al.|[2024]).
These datasets vary in recording protocols, number of channels, trial lengths, and classification tasks,
providing a diverse testing ground for our model.

ABCD rs-fMRI: We utilized resting-state fMRI data from the ABCD study. The voxel-wise fMRI
data were reduced to the activity of 100 brain regions using dimensionality reduction based on the
Schaefer-Yeo atlas (Schaefer et al.|[[2018]]). The preprocessing steps included removing recording
artifacts and subtracting the mean signal to enhance data quality.

4 Empirical Evaluation

BFM aims to predict future signal values based on previous time series samples. The following section
compares our model’s performance quantitatively against several baseline models. A qualitative
analysis of the forecasting results can be found in the appendix in Figure[6.2]

Forecasting/Generation performance: We evaluated the performance of the BFM against several
baseline models. The first baseline is a Naive Model, which forecasts the next value using the last
observed value. The final baseline is Chronos-Original, which leverages the pre-trained Chronos
model trained on a general time series. Table ] shows that BFM improves the performance of other
models in distribution on the unseen subjects of the EEG and fMRI datasets and out-of-distribution
zero-shot performance on the Moabb datasets.

Table 1: Performance of BFM on various datasets (CRPS). Lower CRPS values indicate better
performance (J.). CRPS for BFM is reported as mean =+ std over three seeds.

Dataset Naive  Chronos BFM

NMT-EEG(unseen-subjects) 1.2531  0.8306 0.7675+-0.0039
ABCD-fMRI (unseen-subjects)  0.0093  0.00567 0.00543+-0.0009

BNCI2014_001 1.5478  0.9275 0.9005+0.0006
BNCI2014_004 1.4118  0.9293 0.8722+0.0016
BNCI2015_001 1.5038  0.9327 0.8219+0.0051
Weibo2014 1.1461 09882  0.8721+£ 0.0199
Cho2017 1.4568  0.9176 0.8684+0.0048
Liu2024 1.3151  0.9169 0.8614+£0.0155

Impact of Model Size and Transfer Learning from Language and Time-Series Models: To
identify the optimal model to initialize the BEM, we examine the effects of model scaling and transfer
learning from pre-trained language and time-series models on forecasting performance. Specifically,
we evaluate models of varying sizes to assess how scaling impacts the validation loss. As shown
in Figure 2] (Left), larger models consistently achieve lower validation loss, leading us to select the
largest model for subsequent experiments. Furthermore, we explore the utility of transfer learning by
initializing BFM with weights from pre-trained language models and time-series models. Figure 2]
(Right) demonstrates a positive transfer from language model weights, with even lower loss observed
when initializing from the Chronos time-series model weights. This highlights the potential of transfer
learning from other modalities in enhancing neuroimaging tasks.
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Figure 2: Scaling and Transfer Behavior. (Left) Larger models show smaller validation loss. (Right)
Positive transfer from language and general time series models to EEG signals.

5 Discussion and Conclusion

We introduced and evaluated the Brain Foundation Model (BFM), a framework capable of learning
the dynamics of brain signals by leveraging knowledge from both language models and general time
series data. Despite the mixed findings regarding the effectiveness of transferring knowledge from
LLMs to time series (Tan er al.|[2024]);|Zhou et al.| [2023]), our results demonstrate a positive transfer
from LLMs to EEG data, with an even stronger transfer observed from general time series models to
the brain. BFM exhibited strong generalization across datasets beyond its training set. We believe that
this model possesses the core characteristics of a foundation model and has the potential to improve
multimodal analysis of simultaneous EEG-fMRI analysis (Lioi ef al.|[2020]; |Ciccarelli ef al.|[2023])),
brain-body signal analysis for human state assessments (Darvishi-Bayazi et al.|[[2023]]) or decoding
speech (Défossez et al.| [2023]; Millet ef al.|[2022]). We believe this unified framework significantly
advances BCI applications, diagnostic tools, and neuroscience research through the analysis of brain
signals.
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6 Appendix

6.1 Training Details

We trained model of 3 sizes initialized from chronos weights, tiny(8M), base(200M), and large(700M)
for 2K steps with effective batch size 2048, to study the effect of model size on validation loss
performance. We use context length 512 for BFM and prediction length 64, with linear scheduler for
learning rate starting from 0.001. BFM large was trained for 6K steps with an effective batch size of
2048 on eight nodes(4 AMD MI250X or 8 separate GPUs, each having 64 GB of high-bandwidth
memory) using DDP (Data Distributed parallelization).

6.2 Forecasting visualization: qualitative analysis

Figure[3|presents several examples of the predicted signals, including the observed signals, the median
of the predicted signals, and the 80% prediction interval. The results qualitatively demonstrate that
our models effectively learn the underlying patterns in EEG signals, generating meaningful and
realistic samples.
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Figure 3: Forecasting Results. Three examples of EEG signals generated by the proposed time-series
model. The predicted signals are compared to the original EEG recordings to evaluate the accuracy
of the model’s predictions.
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