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Project 1. Bayesian Modelling of the unfolding of temporal predictions

Supervisor: Sophie Herbst
Collaborator: Florent Meyniel
Method: Computational modelling of behavioral data, acquisition of behavioral data
Requirements: Background in cognitive or computational neuroscience / experimental psychology,
or related field; basic python or matlab coding; experience or strong interest in computational
modelling; communication skills in English;

Dynamic sensory environments unfold in time and space, and cognitive systems have evolved
to predict the when, where, and what of the sensory environment to efficiently guide behavior.
Temporal predictions formed from the temporal statistics of sensory inputs engage implicit timing,
that is the use of timing in tasks for which time is not the primary focus (1, 2). Statistical learning is a
flourishing field of cognitive neuroscience research, and its principles can be applied to the learning
of temporal statistics, too. While it is known that temporal contingencies are automatically extracted
and used, little is known about the dynamics of these learning processes across different timing
situations. Dynamic Bayesian Modelling offers an excellent approach to model statistical learning
over time, and is starting to gain popularity in the timing literature (3). These models rely on the
assumption that a Bayesian observer has prior beliefs about their environment, here: temporal
predictions about up-coming events, and consecutively updates these when presented with new
evidence.

We have previously established a prototypical Bayesian observer model, and run a behavioral
pilot experiment (online) to explore to which extent the model parameters can explain human
behavior (response times). In this M2 project, the student will start with the analysis of the existing
preliminary data, and develop a follow-up psychophysical experiment to further assess how human
observers extract temporal predictions, and how to eventually adapt the original model to better
capture human behavior.

(1) Nobre, A. C., & Van Ede, F. (2018). Anticipated moments: temporal structure in attention. Nature
Reviews Neuroscience, 19(1), 34.

(2) Herbst, S. K., & Obleser, J. (2019). Implicit temporal predictability enhances pitch discrimination
sensitivity and biases the phase of delta oscillations in auditory cortex. NeuroImage, 203, 116198.

(3) Meindertsma, T., Kloosterman, N. A., Engel, A. K., Wagenmakers, E. J., & Donner, T. H. (2018).
Surprise about sensory event timing drives cortical transients in the beta frequency band. Journal of
Neuroscience, 38(35), 7600-7610.



Project 2. Delta oscillations – do they implement endogenous temporal predictions?

Supervisor: Sophie Herbst
Method: Acquisition of behavioral and MEG data, preprocessing and source modelling of auditory
activity in MEG, oscillatory analyses
Requirements: background in cognitive or computational neuroscience / experimental psychology;
basic python or matlab coding; experience with or strong interest with signal processing for EEG or
MEG research; communication skills in English; French language skill are a plus for interacting with
participants;

Sensory environments are structured by inherent temporal regularities, such as rhythms or repetitive
time intervals. Humans can extract these temporal regularities to form temporal predictions about
future events, allowing them to interact more efficiently with the environmental dynamics. A large
number of studies have shown that temporal predictions facilitate behavioral and neural responses to
sensory events. An important question is how the brain implements such temporal predictions.
Important evidence, mostly from recordings in non-human primates, shows that slow neural
oscillations (0.5–7 Hz) can be ‘entrained’ by the sensory inputs, and allow to align the more beneficial
moments of neural processing to the moments at which relevant events occur (1). M/EEG studies have
suggested that human brains similarly rely on slow neural oscillations to implement temporal
predictions (2), but are faced with the difficult challenge to separate stimulus evoked activity from
endogenously rhythmic activity, that is neural oscillations. In this project, the aim is to provide a
bridge between the seminal animal work which showed that entrainment acts as a spatio-temporal
filter to separate attended from un-attended sensory inputs (3), and human temporal prediction using
MEG.
The student will implement an experimental paradigm similar to (3) for a human MEG experiment,
record participants and process the resulting data using MNE python, with the aim to examine
whether slow oscillatory activity in human auditory areas displays the characteristic phase alignment
to relevant versus irrelevant stimuli, as assumed by neural entrainment.

(1) Schroeder, C. E., & Lakatos, P. (2009). Low-frequency neuronal oscillations as instruments of
sensory selection. Trends in neurosciences, 32(1), 9-18.

(2) Herbst, S. K., & Obleser, J. (2019). Implicit temporal predictability enhances pitch
discrimination sensitivity and biases the phase of delta oscillations in auditory cortex.
Neuroimage, 203, 116198.

(3) Lakatos, P., Musacchia, G., O’Connel, M. N., Falchier, A. Y., Javitt, D. C., & Schroeder, C. E.
(2013). The spectrotemporal filter mechanism of auditory selective attention. Neuron, 77(4),
750-761.



Project 3 . Alpha oscillations in dual task

Budget: TBD - Equipe INSERM

Supervisor: Leila AZIZI
Co-Supervisor: Virginie van Wassenhove
Method: Acquisition of behavioral and MEG data, preprocessing MEG data, oscillatory analyses
Requirements: background in cognitive or computational neuroscience / experimental psychology;
basic python or matlab coding; experience with or strong interest with signal processing for EEG or
MEG research; communication skills in English; French language skill are a plus for interacting with
participants;

In timing research, the functional role of neural oscillations is an ongoing debate (Treisman, 1963;
Pöppel, 1972; Wiener & Kanai, 2016; van Wassenhove, 2016) with the notable role of alpha
oscillations, which have been proposed to be the physiological substrate of the pacemaker for an
“internal clock” (Treisman, 1963). Numerous developments have been made in the field to quantify
neural oscillations in non-invasive human recordings (Donoghue, T. et al.2020, . Cole, S. & Voytek,
B. 2019) and the lab is currently using these tools to investigate the role of alpha oscillations in
timing.

In this project, the student will help record participants with magnetoencephalography (a
time-resolved non-invasive neuroimaging technique or MEG; ref) on an existing experimental
paradigm. S/he will process the MEG data using MNE python (https://mne.tools) with the aim to
investigate whether alpha oscillations predict timing in dual-task conditions. A “dual task” is an
experimental design during which participants perform two tasks at the same time. For instance, one
task focuses on estimating the time that elapses, and the other is counting a number of events
displayed on a screen. Dual-task conditions have been well studied in the time domain with clear
effects on timing and time perception (Jensen & Mazaheri, 2010; Polti, Martin, van Wassenhove,
2018).

_____________________________________________________________

1. Cole, S. & Voytek, B. Cycle-by-cycle analysis of neural oscillations. Journal of Neurophysiology 122,
849–861 (2019).

2. Donoghue, T. et al. Parameterizing neural power spectra into periodic and aperiodic components. Nat
Neurosci 23, 1655–1665 (2020).

3. Jensen O, Mazaheri A (2010) Shaping functional architecture by oscillatory alpha activity: gating by
inhibition. Front Hum Neurosci 4:186

4. Polti I, Martin B, van Wassenhove V (2018) The effect of attention and working memory on the
estimation of elapsed time. Sci Rep 8, 1–11

5. Pöppel E (1972) Oscillations as possible basis for time perception. In: The study of time. Springer,
Berlin/Heidelberg, pp 219–241.

6. Treisman, M. Temporal discrimination and the indifference interval. Implications for a model of the"
internal clock". Psychol Monogr 77, 1–31 (1963).

7. van Wassenhove, V. (2016). Temporal cognition and neural oscillations. Current Opinion in Behavioral
Sciences, 8, 124-130.

8. Wiener, M., and Kanai, R. (2016). Frequency tuning for temporal perception and prediction. Curr.
Opin. Behav. Sci. 8, 1–6.

https://mne.tools
https://www.zotero.org/google-docs/?gi5WK9

