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A B S T R A C T

Intact recognition of familiar faces is critical for appropriate social interactions. Thus, the human face processing system should be optimized for familiar face
recognition. Blauch et al. (2020) used face recognition deep convolutional neural networks (DCNNs) that are trained to maximize recognition of the trained (familiar)
identities, to model human unfamiliar and familiar face recognition. In line with this model, we discuss behavioral, neuroimaging and computational findings that
indicate that human face recognition develops from the generation of identity-specific concepts of familiar faces that are learned in a supervised manner, to the
generation of view-invariant identity-general perceptual representations. Face-trained DCNNs seem to share some fundamental similarities with this framework.

As social creatures we regularly interact with other people, such as
family members, friends and colleagues. Each of these familiar people is
associated with unique conceptual/social information that determines
the type of social interaction that we have with them. For example,
whereas some social interactions may involve physical contact (e.g.,
hugging a family member or a close friend), others may involve social
distancing (e.g. politely greeting your employer). Thus, failing to re-
cognize familiar people may have regretful consequences on our social
life. In contrast, identifying people with whom we have no social
contact (i.e. unfamiliar people) is rare, and failing this task has little
impact on our daily social behavior. Thus, in order to behave in a so-
cially appropriate manner, the human face recognition system should
be optimized for the identification of familiar faces (see also Young &
Burton, 2018).

In the paper by Blauch et al. (2020), deep convolutional neural
networks (DCNNs) were trained to optimize recognition of the trained
identities to model human familiar face recognition. To model perfor-
mance for familiar and unfamiliar faces in DCNNs, Blauch and collea-
gues measured verification/matching performance across different
layers of the network for pairs of images of untrained (unfamiliar)
identities and trained (familiar) identities. The findings they reported
provided several important insights about the representation of familiar
and unfamiliar faces: First, human-level performance was found in a
face-trained but not an object-trained network, indicating that face
identification relies on face-specific features. Second, increasing the
number of trained faces improved performance for both the trained
(familiar) and untrained (unfamiliar) identities at the perceptual layers
of the DCNN. This important finding indicates that supervised learning

of familiar faces generates identity-general view-invariant facial features
that are useful also for the classification of unfamiliar faces (see also,
Kramer et al., 2018). Third, the difference between performance for
familiar and unfamiliar faces was relatively small at the perceptual
layers, but was much better for familiar than unfamiliar faces in the
output, identity-based layer. Thus, performance for familiar and un-
familiar faces is determined by different parts of the system. Familiar
face matching is based on identification of each of the faces by the
identity/output layer and unfamiliar face matching is based on the
perceptual distance between their representations in the preceded,
perceptual layer of the network.

There are several ways in which these findings correspond to our
current understanding of the neural and cognitive mechanisms of
human face recognition. As mentioned above, familiar faces are socially
meaningful visual stimuli that are linked to unique conceptual in-
formation. Here we propose that this conceptual information plays a
critical role in learning and identification of familiar faces and that
DCNNs can be useful models for this type of operation. Similar to
DCNNs that learn to recognize faces in a supervised manner, human
face recognition may primarily rely on conceptual (supervised) learning
of familiar faces – the process by which each familiar face is linked to
unique conceptual information - rather than pure perceptual experience
with unfamiliar faces. Whereas real-life experience with faces typically
involves experience with both familiar and unfamiliar faces, making it
challenging to assess their separate contribution to face recognition,
Yovel et al. (2012) managed to dissociate between experience with
familiar and unfamiliar faces, by testing face recognition of newborn
faces. Newborn faces “all look alike” as most of us have little experience
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with this category of faces (similar to faces of other races). Neonatology
nurses have primarily perceptual experience with unfamiliar newborn
faces, since they rarely learn to associate them with unique conceptual
information, as is typically the case with familiar faces. Interestingly,
despite massive perceptual experience with newborn faces, neona-
tology nurses performed as poorly as a control group of participants
who had no prior experience with newborn faces, on a newborn face
recognition task. In contrast, a short, conceptual (supervised) training
in which different newborn faces were associated with unique name
labels, significantly improved face recognition both for the learned
identities, as well as to unlearned newborn faces, in a group of parti-
cipants with no prior experience with newborn faces. In a later study,
Schwartz and Yovel (2016) showed that associating faces with unique
labels improved face recognition relative to unlabeled faces, for labels
that are conceptually associated with faces (name, occupation) but not
for labels that are unrelated to faces (symbols, object names). Taken
together these findings suggest that, similar to DCNNs, human face
recognition may primarily rely on top-down, conceptual learning of
familiar faces, with little contribution from purely bottom-up percep-
tual experience. Furthermore, conceptual learning of familiar (labeled)
faces generates a perceptual representation that also improves perfor-
mance for unfamiliar faces from the same category that share similar
facial features as the trained (familiar) faces. The optimization of the
system to the category of the familiar faces may also account for the
Other Race Effect (i.e. poorer performance for faces of races with which
one has less experience) that is reported in both humans and face re-
cognition algorithms (Cavazos et al., 2020; McKone et al., 2012;
Phillips et al., 2011).

Another important similarity between DCNNs and human face re-
cognition, is the separation between a perceptual system that generates
an identity-general view-invariant representation, which is used for all
faces and a conceptual system, that is specifically tuned to familiar
(trained) faces, linking all their highly variable appearances to their
unique conceptual information (label). We recently uncovered the
nature of the perceptual representation of face identity in humans. We
discovered a subset of identity-general view-invariant facial features that
determine the identity of both familiar and unfamiliar faces
(Abudarham et al., 2019; Abudarham & Yovel, 2016, 2018). Moreover,
consistent with Blauch et al. (2020), we found that face-trained, but not
object-trained, DCNNs are sensitive to these same facial features, in-
dicating that these features are face-specific and are learned based on
the experience that we have with faces (Abudarham & Yovel, 2020).
Furthermore, sensitivity to these features emerged at higher layers of
the DCNN, and was highly correlated with performance on an un-
familiar face matching task across the DCNN layers. This perceptual
view-invariant representation, however, enables relatively limited
generalization across different appearances of the same identity and
cannot account for familiar face recognition. Familiar face recognition
is enabled by the identification system that is specifically tuned to the
identity of familiar faces by linking their different appearances to the
same label. This representation may be similar to the “concept neu-
rons”, which were discovered in human medial temporal lobe, that are
highly tuned to variable appearances of the same familiar identity as
well as to the unique conceptual information (i.e. name) of that identity
(Quian Quiroga, 2017; Quiroga et al., 2005). These findings therefore
suggest that generalization across highly different appearances of fa-
miliar faces takes place outside the visual system, by the system that
links these different appearances to the same conceptual label (see also,
Gotlieb et al., 2020). In line with this idea, neuroimaging studies often
report that the perceptual face areas show very limited generalization
across different appearances of the same identity (Fang et al., 2007;
Pourtois et al., 2005; Ramon et al., 2010) and often a similar response
to familiar and unfamiliar faces (for review see, Natu & O'Toole, 2011).
Differences between familiar and unfamiliar faces are typically found
outside the visual system in the anterior temporal lobe where con-
ceptual and perceptual information is linked (Gobbini & Haxby, 2007;

Landi & Freiwald, 2017; Von Der Heide et al., 2013; Weibert et al.,
2016).

Whereas so far, we have emphasized the similarities between hu-
mans and face-trained DCNNs, there are also many differences between
them (e.g., Marcus, 2018), a couple of which that are specifically re-
levant to face recognition are mentioned here. First, the training data of
DCNNs is likely to be very different from the data that humans are
exposed to during development (Jayaraman et al., 2015). Second, it is
noteworthy that automatic face recognition applications are typically
designed to maximize recognition of untrained (unfamiliar) faces,
whereas, as discussed above, the goal of the human face recognition is
to maximize recognition of familiar faces. This should be considered
when modeling human familiar face recognition with DCNNs.

To conclude, the main goal of the human face recognition system is
to recognize familiar faces. It is therefore highly tuned to the specific
variations of each familiar identity that we have experience with (see
also, Kramer et al., 2017). Here we propose that this is enabled by
supervised learning of familiar faces that are inherently associated with
unique conceptual information. During the process by which the system
is optimized for familiar faces, it generates a separate identity-general
perceptual representation of view-invariant features shared by all faces
from the trained category. We therefore propose that face recognition
develops from the generation of concepts to the generation of percepts
that are used as inputs for face identification, but also enable perpetual
matching of familiar and unfamiliar faces. Face-trained DCNNs seem to
share some fundamental similarities with this framework and therefore
can be useful models of human familiar face recognition.
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