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Abstract

Event-related potentials (ERP) are measurements of brain activity with wide applications in
basic and clinical neuroscience, that are typically estimated using the average of many trials
of electroencephalography signals (EEG) to sufficiently reduce noise and signal variability.
We introduce EEG2ERP, a novel uncertainty-aware autoencoder approach that maps an
arbitrary number of EEG trials to their associated ERP. To account for the ERP uncer-
tainty we use bootstrapped training targets and introduce a separate variance decoder to
model the uncertainty of the estimated ERP. We evaluate our approach in the challenging
zero-shot scenario of generalizing to new subjects considering three different publicly avail-
able data sources; i) the comprehensive ERP CORE dataset that includes over 50,000 EEG
trials across six ERP paradigms from 40 subjects, ii) the large P300 Speller BCI dataset,
and iii) a neuroimaging dataset on face perception consisting of both EEG and magnetoen-
cephalography (MEG) data. We consistently find that our method in the few trial regime
provides substantially better ERP estimates than commonly used conventional and robust
averaging procedures. EEG2ERP is the first deep learning approach to map EEG signals
to their associated ERP, moving toward reducing the number of trials necessary for ERP
research. Code is available at https://github.com/andersxa/EEG2ERP.

1 Introduction

Electroencephalography signals (EEG) represent a summation of the electrical activity of neural processes
in the brain. Isolating these processes in EEG data is challenging due to poor signal-to-noise and therefore
a common approach is to average many repeated stimulus-locked trials in order to extract the associated
event-related potential (ERP) (Luck, 2014). Modern techniques often employ complex averaging and filtering
methods to improve the extraction and clarity of ERPs (Leonowicz et al., 2005; Bailey et al., 2023a;b). ERPs
have been invaluable for investigating a wide range of topics in neuroscience (Luck, 2022) and psychology (Ha-
jcak et al., 2019), and are relevant for brain-computer interface technologies, such as spelling systems for
disabled patients (Farwell & Donchin, 1988), and control of humanoid robots, arms, and wheelchairs (Abiri
et al., 2019).

In recent years, deep learning has been widely applied in EEG research to discern signals from noise across
classification tasks such as emotion recognition (Jafari et al., 2023), sleep staging (Phan & Mikkelsen, 2022),

∗Equal contribution.

1

https://openreview.net/forum?id=c6LgqDhpH0
https://github.com/andersxa/EEG2ERP


Published in Transactions on Machine Learning Research (06/2025)

detection of epileptic seizures (Nafea & Ismail, 2022), and classification of ERPs (Craik et al., 2019; Li
et al., 2020). Representation learning for EEG has also recently been substantially advanced by exploring
transformer architectures and contrastive learning procedures (Kostas et al., 2021; Nørskov et al., 2023).
Our starting point will be the recently proposed transformer and contrastive learning based CSLP-AE
framework (Nørskov et al., 2023), an autoencoder model which uses a specialized reconstruction loss to
encode EEG signals into two latent spaces split respectively to optimally characterize subject and task
variability. This model has demonstrated strong performance in learning features useful for classifying both
subjects and tasks and has shown promising generalizability and zero-shot capabilities.

In this work, we turn the CSLP-AE architecture into a novel EEG denoising framework. Given a subject’s few
EEG trials, the aim is to estimate the corresponding subject-specific ERP with the ultimate aim of reducing
the number of trials necessary to produce reliable ERP estimates. We call this EEG2ERP. This approach
aims to make the process more efficient and less burdensome for both researchers and participants requiring
fewer repeated trials. A key feature of the proposed framework is the additional uncertainty awareness.
In addition to predicting the ERP for a given EEG signal, the model provides variance estimates learned
under a Gaussian likelihood while training on bootstrapped ERP targets, which naturally capture sampling
variability.

Our objective is to recover interpretable, component-level event-related potentials that scientists routinely
analyze to test hypotheses about cognition, perception, and disease. These exploratory studies depend crit-
ically on the quality of the ERP waveform, since its amplitude and morphology must be cleanly measurable
to serve as reliable dependent variables. For example, Kutas & Federmeier (2011) emphasize the utility of
the N400 amplitude in indexing semantic memory retrieval and integration, Brouwer & Hoeks (2013) high-
light how N400 and P600 amplitudes map onto distinct cognitive processes within a language comprehension
network, and Fields (2023) review the late positive potential predominantly in the context of its amplitude
modulations linked to emotional processing and memory. Reliable access to these signal-level measures with
fewer trials therefore directly benefits exploratory and analytic neuroscience.

Our research direction is aligned with best practices outlined for ERP research in clinical populations. As
noted by Kappenman & Luck (2016), ERP studies in patient groups face the dual challenge of limited
trial numbers and the need for highly reliable measures. ERPs are only useful as biomarkers or dependent
measures when their amplitudes and morphologies can be cleanly quantified, yet data constraints often
compromise this. By improving ERP quality under reduced trial counts, our approach addresses these
concerns, thereby supporting exploratory neuroscience and clinical applications in line with established
methodological recommendations.

Furthermore, the well-documented dependence of ERP reliability on the number of trials is an unsolved
problem. Huffmeijer et al. (2014) demonstrated adequate to excellent test–retest reliability for multiple
ERP components only when sufficient trial numbers were available, recommending at least 30 trials for early
components such as the VPP and more than 60 trials for later, broadly distributed components such as the
P3. Similarly, developmental and lifespan studies have shown that error-related components such as the
ERN and error positivity can be reliably measured with as few as six to eight trials, but only under favorable
conditions and with carefully controlled tasks (Pontifex et al., 2010; Meyer et al., 2014). Importantly,
child ERP guidelines explicitly recommend minimizing trial numbers and building paradigms around the
stability constraints of ERP components (Brooker et al., 2019). These converging findings illustrate that
ERP reliability is strongly trial-limited and that many populations, including children, clinical groups, and
older adults, cannot realistically provide the large number of artifact-free trials typically required.

The proposed framework is evaluated on the ERP CORE dataset (Kappenman et al., 2021) under a challeng-
ing zero-shot generalization setting, assessing the model’s ability to estimate ERPs from a few EEG trials
of unseen subjects. We further apply the EEG2ERP approach to a dataset on face perception (Wakeman &
Henson, 2015) considering both the modeling of EEG and magnetoencephalography (MEG) trials. Finally,
we evaluate it against strong baselines on the P300 Speller Brain-Computer Interfaces (BCI) dataset (Won
et al., 2022) to assess its applicability in a practical setting where few repeated trials are essential to reduce
the burden of using the system. We hypothesize that deep learning methodologies that explore the multivari-
ate structure of EEG signals accounting for subject and task variability can enhance ERP signal recovery
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using substantially fewer trials than conventional averaging procedures. To systematically investigate the
proposed EEG2ERP in its capabilities of quantifying the ERP as a function of trials, we consider unseen
subjects not used during model training and split each subject's trials into two equal sets that are uniformly
drawn among the available trials: one set is used to estimate the ERP with the models and baselines, while
the other set is averaged conventionally. We then compare these two ERPs to quantify prediction quality.

In keeping with standard ERP methodology, we treat the many-trial average from the held-out trials as a
high signal-to-noise reference against which to evaluate prediction quality. This reference is not assumed
to represent the true underlying ERP; it remains an empirical estimate that is itself subject to jitter and
artifacts. It nevertheless provides a strong benchmark because averaging across many repetitions is the
accepted practice for approximating the underlying component with su�cient signal-to-noise ratio. Our
evaluation therefore measures how well the model's few-trial estimate approaches this many-trial reference.

Figure 1: The EEG2ERP model framework. In the top-right graph, the dashed line is the target ERP, and
the blue line and area is the model's estimated ERP and con�dence respectively. The model maps an input
averaged overK b EEG trials from one set to an estimated ERP averaged overNb trials from a separate set. It
is conditioned on K b and includes a decoder branch that estimates uncertainty. This visualization simpli�es
the prediction process to a single channel and demonstrates how bootstrapped ERPs replace the single-trial
autoencoder targets of CSLP-AE while accounting for ERP uncertainty including a variance decoder.

2 Methods

We denote the set of EEG trials belonging to a speci�c subjects and task � by

Ds;� =
n

X ( i )
s;� 2 RC � T j i 2 f 1; : : : ; N g

o
;

where C is the number of channels andT is the number of time points. We useX c;t to denote the value of
a trial matrix X at the c'th channel and t'th time point.

The averaged ERP overK trials is denoted �X K
s;� 2 RC � T , and our model's denoised estimate of this ERP is

written X̂ K
s;� 2 RC � T .

2.1 EEG2ERP

We develop an autoencoder framework based on CSLP-AE, that maps an ERP computed from a small
number of trials, �X K

s;� 2 RC � T , to the full ERP obtained from a larger number of trials �X N
s;� 2 RC � T , where

typically K � N .
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