
JEA are bad at reconstruction but 
good at prediction in latent space;
deep-AE and deep-pAE are good at

reconstruction and bad at prediction 
in latent space

JEA naturally learn to
separate sentences in latent space
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Observed = immediately accesible Latent = internal, abstract 
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... and for human speech perception

Speech PCs useful for reconstruction 
are less relevant for sentence decoding ...

Speech PCs useful for reconstruction are less relevant for perception Nonlinear dimensionality reduction of speech features

L=InfoNCE
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Contrastive learning and predictive information theory

m
utual 

inform
ation

Ex∼p(x), y+∼p(y|x),
y1,...,yn∼q(y|x)

[
−ψ(x, y+) + log

(
n∑∑∑

i=1

eψ(x,yi)

)]Contrastive learning ...

ψ(x, y) =
ϕ
(
f(x),f(y)

)
τ

... as a mutual information estimator
I(u, y+) ≥ log

(
n−Ln

)
I(u, y+) = log

(
n−Lopt

n

)
I(u, v) ≤ I(u, y+) = log

(
n−Lopt

n

)

Autoencoders           vs           Joint-embedding models
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Only EEG encoding of 
JEA features correlate

with subjects’ behavioral
outputs.

Correlation with behaviour positively 
correlates with the quality of latent space 
prediction of JEA models, while negatively

with reconstruction quality   
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- minimize the distance between consecutive latent
representations
- maximize entropy in latent space

Contrastive learning

Find a minimal sufficient statistics

- reduce redundany of sensory messages
- encode predictive information only (IB method)

min
p(z|Xpast)

L = I(Xpast;Z)− β I(Z;Xfuture)Time lag [s]
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The more subjects’
EEG activity is similar to 
JEA features, the better 
subjects’ performance. 

JEA features code for
reasons of good

performance.
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