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4 Results

Familiarity is an automatic signal that supports recognition
without recalling contextual details. Two types of familiarity can
be distinguished?:

* Absolute : long-term memory trace from accumulated prior

exposure.
* Relative : sighal generated through recent exposure.

However, their respective contribution to the conscious
experience of familiarity remains unclear.

In this study, we implemented two Hebbian-inspired learning
rules using artificial neural networks modeling absolute and
relative familiarity, respectively. We compared models’
behavior using three datasets with varying familiarity level
before learning.

- We hypothesize that these rules will lead to different types of
changes in models’ familiarity signal distributions depending
on baseline familiarity levels.
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Figure 1: Full architecture of the models. ResNet507 as feature extraction module followed by two fully
connected layers as memory module.

We implemented two learning rules for the memory module:

* Hebbian learning (strenghtening connections for active
neurons)

* Anti-Hebbian learning (weakening connections for active
neurons)

We manipulated baseline familiarity during simulations using
three datasets:

* High Familiarity: 997 images from
ImageNet’s training set (seen by ResNet50
during its pre-training);

965 1images from
ImageNet’s validation set (not seen by
ResNet50);
* No Familiarity: 965 phase-scrambled
Figure 2: Example ofimages  mages devoid of familiarity ;

from the three datasets.

One run of a simulation for a model using a specific dataset
took place as follows:
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Figure 3: Visual representation of all the phases taking place during a simulation.

Familarity scores (fam) for learned (X) and novel (Z) stimuli are
computed using the following formula:

fam(X,Z) = XL, xjh;

where m is the number of neurons, x; and h; are respectively the
input and output of the fully-connected layer.

> Separation Index =
(mean_dx - mean_dz) /
pooled_std
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Figure 4: Graphical representation of the two main extracted metrics.
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Figure 5: Mean Separation Index accross datasets for
both models. Bars show standard error.
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Figure 6: Mean Decision Threshold (distributions
intersection) for high and low familiarity datasets.

4 Discussion

Although they were computed based on familiarity scores
distributions, both extracted indexes shared similarites with
Signal Detection Theory (SDT) indexes: d’ and Criterion,
respectively.

Our results showed that both Hebbian and Anti-Hebbian
models exhibit lower perceptual sensitivity (d’) in low familiarity
conditions. This suggests that both learning rules are influenced
by the absolute familiarity level of input images. However, only
the Hebbian model showed a clear modulation of its decision
threshold towards a “more liberal Criterion” in the high
familiarity condition whereas the Anti-Hebbian model
maintained stable thresholds.

This analysis further aligns with the theoretical framework
proposed by Read et al.® in which Hebbian learning is more
sensitive to long-term exposure, and thus more likely to adjust
its internal decision boundary based on the amount of absolute
familiarity. In contrast, Anti-Hebbian learning is thought to
support familiarity signals derived from recent stimuli exposure
without the need to adjust its Criterion.

- More in-depth analyses are needed as both models’ seem
nevertheless influenced by baseline familiarity.
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