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Abstract

For a few decades, adult dentate gyrus neurogenesis has been widely recognized by the
neuroscience community as an intriguing phenomenon. Two observations are particularly
puzzling. At the cellular level, the switch from excitation to inhibition of the GABAergic input
onto newborn cells has been shown to be crucial for their proper integration into the existing
network of dentate gyrus cells. At the behavioral level, adult-born dentate granule cells have
been shown to promote pattern separation of similar stimuli in various tasks, while not playing
arole in discrimination of distinct stimuli. It is still unclear, however, how these functionalities
arise in the network of dentate gyrus cells. Several models of adult dentate gyrus neurogenesis
have been designed with various levels of abstraction, and have suggested different roles of
newborn cells. Yet, none of these models could explain how newborn cells promote pattern
separation of similar stimuli, and not distinct stimuli. Moreover, none of the previous studies
modeled the actual integration of adult-born dentate granule cells in the preexisting circuit,
but rather initialized their inward connections to random, but fully grown, weights.

In my thesis work, I bridge the gap between biological and theoretical knowledge on adult
dentate gyrus neurogenesis. I address the puzzling experimental observations and explain for
the first time with a model: (i) how newborn cells integrate into the preexisting dentate gyrus
network, and (ii) how they promote pattern separation of similar stimuli.

More specifically, I propose that the early phase of maturation of newborn cells, when GABAer-
gic input has an excitatory effect, drives the synaptic weights towards the subspace of configu-
rations of familiar stimuli through a cooperative effect. In the late phase of maturation, when
GABAergic input switches to inhibitory, the synaptic weights move towards novel features
of the presented stimuli through a competitive effect. This theory of newborn cells integra-
tion also explains why adult-born dentate granule cells promote better pattern separation
of similar stimuli, but not distinct stimuli. Indeed, in the late phase of maturation, newborn
cells can only learn novel features that are similar enough to familiar features, because the
configuration of their synaptic weights makes them sensitive to familiar features at the end of
the early phase of maturation.

Keywords: Adult dentate gyrus neurogenesis, Competitive network, Unsupervised learning,
Synaptic plasticity, Pattern separation
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Résumé

Depuis les années 1990, la neurogenése adulte dans le gyrus denté est largement reconnue
dans la communauté des neurosciences comme un phénomeéne intrigant. Deux observations
sont particulierement troublantes. Au niveau cellulaire, il a été démontré que le passage
d’excitateur a inhibiteur des contributions GABAergiques recues par les nouvelles cellules
granulaires est crucial pour qu’elles s’integrent correctement dans le réseau existant de cellules
du gyrus denté. Sur le plan comportemental, il a été démontré que les cellules granulaires
du gyrus denté nées chez I’adulte favorisent la séparation de motifs similaires dans diverses
expériences, mais n'ont pas d’effet sur la discrimination de motifs distincts. Toutefois, on
ne sait toujours pas comment ces fonctionnalités apparaissent dans le réseau de cellules du
gyrus denté. Plusieurs modéles de neurogenése adulte dans le gyrus denté ont été concus
avec différents niveaux d’abstraction et ont suggéré différents roles pour les nouvelles cellules
granulaires. Pourtant, aucun de ces modeéles n’élucide comment les nouvelles cellules granu-
laires favorisent la séparation de motifs similaires, mais pas celle de motifs distincts. En outre,
aucune des études précédentes n'a modélisé I'intégration des nouvelles cellules granulaires
dans le circuit adulte préexistant. A la place, elles ont initialisé les connexions des nouvelles
cellules granulaires a des valeurs certes aléatoires, mais aussi élevées que celles des cellules
matures préexistantes.

Dans mon travail de these, je relie les connaissances biologiques et théoriques sur la neuroge-
nese adulte du gyrus denté. Je me base sur les observations expérimentales déconcertantes et
explique pour la premiere fois avec un modeéle : (i) comment les nouvelles cellules granulaires
s'integrent dans le réseau préexistant du gyrus denté adulte, et (ii) comment elles favorisent la
séparation de motifs similaires.

Plus spécifiquement, je propose que la phase précoce de la maturation des nouvelles cel-
lules, lorsque les contributions GABAergiques ont un effet excitateur, entraine les poids des
connexions synaptiques vers le sous-espace des configurations de motifs familiers grace a
un effet coopératif. Durant la phase de maturation tardive, lorsque les contributions GABAer-
giques deviennent inhibitrices, les poids synaptiques évoluent vers de nouvelles caractéris-
tiques des motifs présentés, par le biais d'un effet compétitif. Cette théorie d’'intégration des
cellules granulaires du gyrus denté nées chez I’adulte explique également pourquoi les nou-
velles cellules favorisent une meilleure séparation des motifs similaires, mais pas des motifs
distincts. En effet, pendant la phase de maturation tardive, les cellules nées chez I’adulte ne
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peuvent apprendre que des nouvelles caractéristiques qui sont assez similaires de caracté-
ristiques familieres, car la configuration de leurs poids synaptiques les rend sensibles aux
caractéristiques familieres a la fin de la premiére phase de maturation.

Mots-clefs : Neurogenése adulte du gyrus denté, Réseau compétitif, Apprentissage non super-
visé, Plasticité synaptique, Séparation de motifs
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1] Classical views of the hippocampus

1.1 Introduction

Animals, including humans, are characterized by their ability to adapt to a wide range of
environments and situations. They can learn new tasks, and keep memories of previous
experiences in order to avoid unpleasant events and maximize reward.

In 1953, Henry Molaison, known as “patient H.M.” and probably the most famous patient in
neuroscience, had a bilateral surgical resection of his medial temporal lobe to try to avoid
epileptic seizures. It lead to severe anterograde amnesia (Scoville and Milner (1957)). Since
then, it is believed that the hippocampus is the substrate of learning and memory (Jarrard
(1993)). Subsequently, many experiments, both in vitro and in vivo have supported this view.
Hippocampal synapses have been shown to have high plasticity, and different hippocampal
areas and synapses have been shown to be necessary for behavioral learning and recall of
various tasks (reviewed in Neves et al. (2008)).

It is mostly believed that hippocampus acts as a temporary memory store until memories are
consolidated in cortex by a process called “systems consolidation”, whose exact timescale is
still unclear (reviewed in Preston and Eichenbaum (2013)).

1.2 Hippocampus architecture

The hippocampus is a deep brain area. It is organized in a loop structure, whose main relays are
the dentate gyrus (DG), Cornu Ammonis 3 (CA3), and Cornu Ammonis 1 (CA1), see Figure 1.1.
The dentate gyrus, the entry area of the hippocampus, receives most of its input from layer II of
the entorhinal cortex (EC) through the perforant path (Amaral et al. (2007)). The perforant path
also directly projects to CA3, and connections from EC layer III (temporoammonic pathway)
also directly connect to CAl. In addition, backprojections from CA3 to DG have been observed
(Scharfman (2007)).

The entorhinal cortex provides two independent inputs to the dentate gyrus: one from its
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medial part (MEC) and one from its lateral part (LEC) (McNaughton (1980)). Spatial informa-
tion mainly comes from MEC, because many MEC neurons exhibit finely tuned place fields
(grid-like representation of space), while non spatial components mostly come from LEC
(Hargreaves et al. (2005)).

The principal cells of the dentate gyrus are called dentate granule cells (DGCs). In the rat, the
dentate gyrus contains approximately 106 DGCs. As the number of EC input cells is estimated
to be about 2 - 10%, it makes an approximately 5 folds expansion from EC to DG (Andersen et al.
(2007)). The dentate gyrus has sparse activity (Chawla et al. (2005)). This is probably due to
the fact that within the dentate gyrus, there are several different classes of inhibitory neurons
that are recurrently connected to the DGCs (Amaral et al. (2007)). In addition, the dentate
gyrus also contains excitatory Mossy cells, which mostly innervate local inhibitory neurons
and DGCs (Amaral et al. (2007)).

DGCs project to CA3 pyramidal cells and interneurons through Mossy fibers (Amaral et al.
(2007)). The number of synapses per cell is very low: each CA3 pyramidal cell receives only
about 72 Mossy fiber inputs (Andersen et al. (2007)). However, these are highly efficient
synapses: input from a single DGC firing at high rate is sufficient to discharge CA3 pyramidal
cells and interneurons, hence they are called “detonator synapses” (Henze et al. (2002)).

After the expansion in neuron numbers from EC to DG, there is again a compression from DG
to CA3, as there are only about 3 - 10° pyramidal cells in the rat CA3 (Andersen et al. (2007)).
Area CA3 contains a lot of plastic excitatory recurrent connections (Debanne et al. (1998)).

CA3 pyramidal cells project to CAl pyramidal cells through long parallel fibers called the
Schaffer collaterals. This handy configuration is the reason why synaptic plasticity has been
extensively studied at those synapses (Bear and Malenka (1994)). Using brain slices, the fibers
can indeed be extracellularly stimulated far away enough from the synaptic contacts such that
there is minimal recording artifacts in CA1.

1.3 Classical models of the hippocampus

David Marr proposed in 1971 a theory of the hippocampus (Marr (1971)). Since then, many
papers have been published on the subject, with slightly varying views on the exact com-
putational function of the hippocampus. The classical view, which is presented here, has
nevertheless remained very close to the one proposed in the original, groundbreaking, paper.

The hippocampus, called “archicortex” in Marr’s paper, is believed to be responsible for
memory storage (Marr (1971)). Its particular architecture influenced the putative functionality
of its different areas. In addition, the similarity between the cerebellar cortex and the dentate
gyrus, in particular the expansion of neuron numbers, contributed to the view that dentate
gyrus has a pattern separation function, as was suggested for the cerebellum (Marr (1969)).

Inspired by Marr’s original work, Treves and Rolls (1994) proposed an influent and compre-
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hensive theory of the computational function of the hippocampus. According to their view,
hippocampus is a temporary storage buffer for episodic memories, before their consolidation
in the cortex. This stands in agreement with the observation that bilateral hippocampal le-
sions induce loss of recent memories, but do not affect remote memories (Scoville and Milner
(1957)). Itis not clear, however, for how long memories are stored in the hippocampus, or in
other words for how long hippocampus is required for memory retrieval. Treves and Rolls
(1994) suggested that it is not a matter of absolute time per se, but rather dependent on how
many new memories have to be stored. Accordingly, a lively environment with lots of relevant
events to remember would lead to faster memory consolidation into the cortex. Another
competing view is that instead of being the storage location of the memories themselves,
hippocampus would only store pointers to those memories (Kali and Dayan (2004)). As hip-
pocampus would also be required for memory retrieval in this case, it is difficult to discard one
of these views. Another influent theory of hippocampus suggests that it is not simply a blind
memory store, but also performs spatial computation (O’Keefe and Nadel (1978); McNaughton
etal. (1991)).

As mentioned above, due to the high expansion in neuron numbers between EC and DG, as
well as the sparse activity in DG, it is mainly believed that DG acts as a pattern separator by
decorrelating input activity (Treves and Rolls (1994)). In this way, similar (overlapping) inputs
can be represented by distinct neuronal ensembles in DG, therefore promoting more accurate
memory storage in the hippocampus.

Because CA3 contains numerous excitatory recurrent connections which follow a Hebbian
plasticity rule (Debanne et al. (1998)), it is believed to be the center of associative memories
(Treves and Rolls (1994)). According to this view, each memory is stored as an ensemble
of neurons with strong excitatory recurrent connections between them, as in a Hopfield
network (Hopfield (1982)). Therefore, CA3 is believed to perform pattern completion: if
a degraded input is presented to the network, CA3 will recover the memory through the
recurrent excitatory connections, in agreement with what has been observed experimentally
(Neunuebel and Knierim (2014)).
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Figure 1.1 - Architecture of the rodent hippocampus. (a) The hippocampus consists of the
dentate gyrus (DG), CA3 and CAl. Dentate gyrus receives most of its input from EC layer II
through the perforant pathway (PP), which also directly project to CA3. The temporoammonic
pathway (TA) connects EC layer III to CAl. (b) The dentate gyrus shows lots of recurrent
connections between its principal cells, the dentate granule cells, and excitatory Mossy cells as
well as inhibitory interneurons. The dentate granule cells provide detonator synapses to CA3
through the Mossy fibre pathway. CA3 connects to CAl through the Schaffer collaterals. CA1
connects back to EC, projecting to layers V/VI. (Reproduced with permission from Figure 1
of Deng et al. (2010).)



4 Adult dentate gyrus neurogenesis

2.1 Introduction

For a long time, it was believed that all neurons were produced during development, and no
new neurons were generated at the adult stage.

The first account of neurogenesis in adult brains dates from 1962, when Joseph Altman
lesioned rat brains and injected tritiated thymidine (thymidine-H®) in the lesioned area.
Thymidine-H?3 is an analog of the DNA building block thymidine, hence it can be incorporated
into the DNA of dividing cells. The animals were sacrificed between 1 day and 2 months
after the lesion. Using radiography, labeled cells were detected indicating that cells were
proliferating (Altman (1962)). A few years later, Altman and Das did autoradiography of brains
from healthy rats after injection of tritiated thymidine. They discovered a high number of
labeled granule cells in the dentate gyrus, which decreased with age (Altman and Das (1965)).
This indicated that adult neurogenesis is a natural brain process which does not need injury
to be triggered. Dentate granule cells have been subsequently observed to be generated at the
adult stage in other species, such as guinea-pigs (Altman and Das (1967)), mice (Caviness Jr
(1973)), and rabbits (Gueneau et al. (1982)). However, these findings were mostly ignored.

Thanks to the development of novel labeling and imaging techniques, the presence of adult
neurogenesis was confirmed by Gage and colleagues in the nineties (Kuhn et al. (1996)). Bro-
modeoxyuridine (BrdU), another analog of the DNA building block thymidine, was injected
intraperitoneally in adult rats of different ages, which were then sacrificed at different time
points after injection. Immunohistochemistry was performed to label proliferating and mi-
grating dentate granule cells precursors. A significant number of BrdU-labeled cells was
observed at all ages studied, up to 27 month old (Kuhn et al. (1996)). Using the same technique,
newborn cells were observed in the dentate gyrus of adult humans (Eriksson et al. (1998)),
further corroborating the presence of adult neurogenesis.

These results finally got accepted by the neuroscience community, and adult neurogenesis
became extensively examined in different brain areas of various species. Most studies were
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Figure 2.1 - Different forms of plasticity. (a) Synaptic plasticity is the modification of the
connections between neurons. New connections, or spines, are created through spinogenesis.
Inversely, connections can be eliminated by spine pruning. The strength of existing connec-
tions can vary as well: it either increases through potentiation, or decreases as a consequence
of depression. (b) Neuronal plasticity provides a more profound change of the network struc-
ture. It involves the generation of new neurons through neurogenesis or the elimination of
neurons by apoptosis. It also includes shifts of firing threshold and excitability (not considered
here).

performed in mammals, more specifically rodents, but adult neurogenesis was also observed
in non-mammalian vertebrates (see Chapouton et al. (2007) for a review). Mammalian adult
neurogenesis seems to be restricted to two brain areas under normal conditions: the olfactory
bulb and the dentate gyrus (thoroughly reviewed in Ming and Song (2011)). In the first case,
newborn cells are produced in the subventricular zone of the lateral ventricles and migrate
through the rostral migratory stream to become interneurons in the olfactory bulb. In the
second case, newborn cells are created on the spot, in the subgranular zone of the dentate
gyrus, and migrate only slightly radially.

The acceptance of adult neurogenesis has lead to a paradigm shift, as it challenges the previ-
ously supposed stability of the “neuronal content” of the brain. Indeed, the number of neurons
is not simply reduced through aging and disease, but can be replenished. This adds a second
dimensionality and a longer timescale to brain plasticity, see Figure 2.1. Indeed, before the
work of Gage and colleagues the only established form of plasticity was the modification of the
connection strength between neurons, namely synaptic plasticity, spanning timescales from
milliseconds to days. On one side of the spectrum, it involves the strengthening (potentiation),
or weakening (depression) of the synaptic contacts between neurons, which is induced on
a timescale of tens of milliseconds (Levy and Stewart (1983)) and can persist from several
hundreds of milliseconds in the case of short-term plasticity (Varela et al. (1997)), to minutes
or even hours in the case of long-term plasticity (Sajikumar and Frey (2004)). Long-term
potentiation (LTP) denotes an increase in the synaptic strength of a connection, whereas
long-term depression (LTD) implies a decrease in the strength of the connection. On the other
side of the spectrum, new dendritic spines can be created and existing ones can disappear
through pruning, on a timescale of days (Trachtenberg et al. (2002); De Paola et al. (2006)).
Adult neurogenesis broadens the timescale of plastic changes to an order of weeks, as newborn
cells integrate in the preexisting circuit in about 8 weeks (Ming and Song (2005)). This process
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is counteracted by the death, or apoptosis, of neurons.

Even though rodent adult dentate gyrus neurogenesis is nowadays well established, it is still
controversial if it is important in humans. Recently, a paper claiming that hippocampal neuro-
genesis is negligible in adult humans (Sorrells et al. (2018)) triggered lively discussions about
its significance. One month later, another paper on the contrary asserted the persistence of
neurogenesis in the hippocampus of adult humans (Boldrini et al. (2018)), adding fuel to the
debate. Several arguments have been put forward for the discrepancy of these results, in par-
ticular the postmortem interval before analysis, the tissue handling and labeling techniques,
as well as the clinical status of the patients (Tartt et al. (2018)). It has also been suggested that
seemingly contradictory results could be reconciled by taking the neurodevelopmental timing
into account (Snyder (2019)). Overall, these studies emphasize that adult neurogenesis is still
a hot topic in the field of neuroscience, and that it contains many mysterious aspects which
deserve to be investigated.

2.2 Adult-born dentate granule cells

We focus here on adult hippocampal neurogenesis, where most findings come from rodent
studies. Newborn neurons mostly develop into dentate granule cells (DGCs), the main ex-
citatory cell type of the dentate gyrus, while the remaining 15 to 25% become astrocytes or
present another phenotype (Van Praag et al. (1999)). It has been estimated that the amount of
newly generated DGCs per month represents about 6% of the total granule cell population in
the rat (Cameron and McKay (2001)). Despite this relatively small percentage, it corresponds
to several thousands of cells due to the high number of cells in the dentate gyrus: about 10° in
one dentate gyrus of the rat (West et al. (1991); Rapp and Gallagher (1996)).

The number of proliferating cells in the dentate gyrus, as well as the percentage of surviving
newborn DGCs after one month, can be modulated by experimental conditions (Van Praaget al.
(1999)). Yet, interestingly, the dentate gyrus volume remained similar among all experimental
groups (Van Praag et al. (1999)). This is in agreement with the observation that in rats the
number of DGCs is about constant as a function of age (Boss et al. (1985); Rapp and Gallagher
(1996)) and the number of apoptotic cells seems to counterbalance newly generated cells
(Biebl et al. (2000)), favoring the view of adult dentate gyrus neurogenesis as a replacement
process over an addition process. We now review these and related results in more details.

2.2.1 Experience-dependent survival and integration

Proliferation of adult-born DGCs can be increased by an enriched environment (Kempermann
et al. (1997); Tashiro et al. (2007)), voluntary running (Zhao et al. (2006)), and hippocampus-
dependent learning (Gould et al. (1999)). Many of the newborn DGCs die in the early stages of
their maturation, both in rats (Biebl et al. (2000); Dayer et al. (2003)) and in mice (Kempermann
et al. (2003); Sierra et al. (2010)). The first few weeks after birth are critical for their long-term
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survival (Dayer et al. (2003); Kempermann et al. (2003)). Importantly, survival has been shown
to be experience-dependent: it depends on the input on newborn DGCs in a restricted time
window early in their maturation. It is promoted by high-frequency stimulation of perforant
path fibers targeting the dentate gyrus (Kitamura et al. (2010)), and by the learning of tasks
that require the hippocampus (Gould et al. (1999); Kee et al. (2007)). Furthermore, voluntary
running has been shown to slightly advance their spine growth (Zhao et al. (2006)), and
accelerate their neuronal maturation (Piatti et al. (2011)).

Van Praag et al. (1999) compared several groups of mice: (1) standard housing (control), (2)
enriched housing, (3) cage with a wheel (voluntary runners), (4) mice which were placed in
a water-maze devoid of any platform for a given amount of time (forced swimmers), and (5)
mice which were put in a water-maze with a platform (learners). Voluntary runners were
the only mice with a significantly higher proliferation of cells in the dentate gyrus than all
other conditions. Similarly, voluntary runners and mice housed in an enriched cage were the
only groups whose numbers of surviving adult-born DGCs after one month was higher than
control. This suggests that voluntary exercise is beneficial for neuronal turnover in the adult
dentate gyrus, and that arousal by running or rich environments promotes the survival of
newborn DGCs.

Rats which were trained on a trace eyeblink conditioning task or a spatial water-maze task,
both hippocampus-dependent associative tasks, had a higher number of newborn DGCs than
animals trained on hippocampus-independent tasks, such as delay-eyeblink conditioning or
cue-maze training (Gould et al. (1999)). Using the water-maze task, analogous increases of
newborn DGCs (Van Praag et al. (1999)), and integration of adult-born DGCs in the spatial
memory network (Kee et al. (2007)) have been observed in mice.

NMDA receptor activation has been shown to be crucial for proper integration, and hence
survival, of adult-born DGCs. Pharmacological inhibition of NMDA receptors prevents en-
hanced survival of newborn DGCs upon high-frequency stimulation in rats (Kitamura et al.
(2010)). Similarly, a local knockout of the NMDA receptor NR1 subunit, which is necessary
for its function, significantly reduces the survival rate of newborn DGCs which are in their
third week after birth (Tashiro et al. (2006)). Moreover adult-born neurons are preferentially
reactivated by stimuli similar to the ones they experienced during their second to third week
after birth (Tashiro et al. (2007)).

Spatial learning has been shown to increase the complexity of the dendritic arborescence, as
well as the number of spines of adult-born DGCs (Tronel et al. (2010)). These morphological
changes are long-lasting: they are still present at least 3 months after learning. They correlate
with the cognitive load of the learning task, and depend on activation of NMDA receptors
(Tronel et al. (2010)). However, these structural changes are restricted to adult-born DGCs,
suggesting that mature DGCs have lost their plasticity.

Taken together, these findings suggest that newborn DGCs encode features of stimuli that
they experienced in a restricted and early phase of their maturation. Because LTP induction is
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Figure 2.2 — Maturation timeline of the newborn DGCs. Integration of an adult-born DGC
(blue) into the preexisting network as a function of time. Around 1 week after birth, the cell
receives GABAergic synaptic input (red) (Espdsito et al. (2005); Ge et al. (2006); Deshpande et al.
(2013)), and a few days later also glutamatergic synaptic input (black) (Ge et al. (2006); Vivar
etal. (2012)). At about 3 weeks, the GABAergic input switches from excitatory to inhibitory (Ge
etal. (2006)). At 7 weeks, the newborn DGC connects to local interneurons (red) (Temprana
etal. (2015)).

necessary, this encoding relies upon an associative-type of learning, which has morphological
correlates in the form of dendritic branching and spinogenesis.

2.2.2 Time course of connectivity

The cellular and connectivity properties of adult-born DGCs change as a function of their
maturation stage, until they become indistinguishable from any other mature DGCs at ap-
proximately 8 weeks (Deng et al. (2010); Johnston et al. (2016)). At birth, newborn DGCs are
completely disconnected from the preexisting dentate gyrus circuit. If they mature successfully,
they connect to pre- and postsynaptic partners in a sequence of steps, see Figure 2.2. Many
experiments using retroviral labeling of adult-born DGCs of specific ages have been performed
to determine the precise time course of their connectivity. On one hand, morphological as-
pects of connectivity have been investigated using retrograde tracing and microscopy. On the
other hand, electrophysiology and optogenetics have been used to assess the functionality of
the detected connections. All these studies were mostly performed in mice.

Initially, newborn DGCs do not receive synaptic contacts and they do not project to postsy-
naptic partners. Indeed, between 1 and 7 days after birth, no synaptic partners have been
detected (Esposito et al. (2005)). Ambient GABA is thus their first source of tonic activation,
detected as early as 3 days after birth (Ge et al. (2006)). Even though newborn DGCs lack
synaptic connections, they can already sense dentate gyrus activation, because stimulation
of local interneurons induces an increase in the tonic activation of newborn DGCs (Ge et al.
(2006)). This result is further supported by the observation that focal application of GABA
under voltage or current clamp induces a strong response in newborn DGCs, indicating that
neurotransmitter receptors are already present in their plasma membrane before the arrival of
presynaptic terminals (Espdsito et al. (2005)).
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Newborn DGCs are first synaptically innervated by local GABAergic interneurons. GABAergic
afferents were identified in 8 days old, but not 6 days old, newborn DGCs (Espésito et al. (2005)).
They induce GABAergic synaptic inputs with slow rise and decay phases (Espésito et al. (2005);
Overstreet-Wadiche et al. (2005)). Similarly, GABAergic postsynaptic currents (PSCs) were
observed in some newborn DGCs that were 7 days old. These GABAergic PSCs were sensitive
to bicuculline, an antagonist of GABA 4 receptors, highlighting the synaptic nature of the
connections (Ge et al. (2006)). Innervation from both local and distant interneurons increases
with maturation (Vivar et al. (2012)). Back projections from CA3 interneurons were also
observed in 21 days old newborn DGCs (earliest time point investigated) and they remained
stable thereafter (Vivar et al. (2012)).

After about one to two weeks, newborn DGCs start receiving glutamatergic synapses. They
come from different sources, such as local Mossy cells, entorhinal cortex and back projections
from CA3 pyramidal cells. Glutamatergic afferents have been detected in newborn DGCs that
were 18 days old (Espésito et al. (2005)), and even as young as 14 days old (Ge et al. (2006)).
The glutamatergic PSCs were sensitive to CNQX, an antagonist of AMPA receptors (Ge et al.
(2006)). Innervation from Mossy cells was observed in 10 days old newborn DGCs (Deshpande
et al. (2013)), and it increases over time (Vivar et al. (2012)). Innervation from entorhinal
cortex was still sparse in newborn DGCs that were 21 days old (Vivar et al. (2012); Deshpande
et al. (2013)), but the number of presynaptic partners increased fivefold in the following 2
weeks (Deshpande et al. (2013)). Patch-clamp recordings support innervation by the lateral
entorhinal cortex (LEC), cortical layers II/1II, rather than from the medial entorhinal cortex
(MEC) (Vivar et al. (2012)). A sparse (10% of the presynaptic partners) but stable innervation
from CA3 pyramidal cells in newborn DGCs from 21 to 90 days of age (earliest and last time
point investigated respectively) has also been observed (Vivar et al. (2012)).

One study has suggested a major transient synaptic input from mature DGCs to newborn
DGCs that are between 21 and 30 days of age (Vivar et al. (2012)). However, subsequent
morphological and functional studies failed to support this result, and it is mostly believed that
the observed excitatory feedback loop was an artifact due to pseudo-transduction (Deshpande
et al. (2013); Temprana et al. (2015); Alvarez et al. (2016)).

Adult-born DGCs initiate Mossy fiber projections to CA3 relatively early in their maturation,
but several weeks are needed for information to be stably transmitted to CA3. At 10 days of
age newborn DGCs already establish axonal projections to the CA3 area (Zhao et al. (2006);
Faulkner et al. (2008)), and at 17 days of age synapses with postsynaptic targets have been ob-
served (Toni et al. (2008)). Optical stimulation of 2 weeks old adult-born DGCs produces weak
glutamatergic excitatory postsynaptic currents (EPSCs) in CA3 pyramidal neurons, indicating
that functional synapses were already established (Gu et al. (2012)). However, maturation is
needed for newborn DGCs to reliably recruit CA3 pyramidal cells. Mossy fibers boutons grow
in size between 2 and 4 weeks of age (Faulkner et al. (2008)), and induction of stable maximal
EPSCs has been observed from newborn DGCs that were at least 4 weeks of age (Gu et al.
(2012); Temprana et al. (2015)). Ultrastructural analysis has revealed that mossy fiber boutons

12



2.2. Adult-born dentate granule cells

reach morphologic maturity by 8 weeks and remain stable thereafter (Faulkner et al. (2008)).
It is interesting to note that newborn DGCs do not only project to CA3 pyramidal neurons,
but also to CA3 interneurons, thus inducing indirect inhibition in addition to direct excitation
to CA3 principal cells (Toni et al. (2008)). Furthermore, it has been observed that newborn
DGCs initially make synaptic contacts with spines that are already receiving connections from
mature DGCs, suggesting that newborn DGCs may compete for postsynaptic targets (Toni
etal. (2008)).

Even though four-week old newborn DGCs efficiently drive distal CA3 pyramidal cells and
interneurons, they only weakly activate local dentate gyrus interneurons, as revealed by small
inhibitory postsynaptic currents (IPSCs) recorded in mature DGCs upon newborn DGCs
stimulation (Temprana et al. (2015)). Newborn DGCs thus recruit local interneurons relatively
late in their maturation, at around 7 weeks of age (no time point investigated between 4 and 7
weeks) (Temprana et al. (2015)).

To conclude, all these experiments suggest that maturation and integration of adult-born
DGCs is analogous to what is observed during development, though at a slower pace. Tonic
ambient GABA excitation is the first source of activation, followed by GABAergic synaptic
inputs, and finally glutamatergic synaptic inputs. Dendritic growth is only slightly delayed
in adult-born DGCs (Zhao et al. (2006)). The simultaneous maturation of dendritic spines
and Mossy fiber axons suggests that the functional input and output of newborn DGCs are
synchronized and emerge at a well-controlled time point during maturation.

2.2.3 Enhanced plasticity

During their maturation, adult-born DGCs have been shown to have enhanced plasticity
relative to mature DGCs.

Using rat hippocampal slices, Wang et al. (2000) have shown that tetanic stimulation (4 trains
of 100 Hz) of the medial perforant pathway induces LTP in newborn DGCs, but not in mature
DGCs. The absence is due to compensatory inhibitory mechanisms: if an antagonist of GABA 4
receptors was present, mature DGCs also underwent LTP. Furthermore, pairing weak afferent
stimulation (2 Hz) with postsynaptic depolarization under voltage clamp was sufficient to
induce L'TP in newborn DGCs, but had no effect on mature DGCs.

Schmidt-Hieber et al. (2004) have observed in slice that young (1 to 3 weeks) newborn DGCs
have a lower threshold for spike-timing dependent plasticity induction than mature DGCs.
Brief presynaptic bursts (ten stimuli at 100 Hz) paired with a single postsynaptic action
potential are highly efficient for LTP induction in young adult-born DGCs, while a burst of
postsynaptic action potentials is required in mature DGCs.

More precisely, the enhanced plasticity of newborn DGCs has been shown to occur in a
restricted time window, when they are about 1 to 1.5 month old. During this period, they have
a lower threshold for LTP induction and higher LTP amplitude (Ge et al. (2007)). Noteworthy,
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LTP induction at any DGC age is dependent on the NMDA receptor subunit NR2B (Ge et al.
(2007)).

Likewise, efferent connections from newborn DGCs to CA3 also show temporarily enhanced
plasticity (Gu et al. (2012)). Upon theta-burst optical stimulation of newborn DGCs, LTP of
the field excitatory postsynaptic potentials was reliably observed when the DGCs were 3-
and 4-week old, but was more sporadic with 8-week old newborn DGCs. Furthermore, LTP
amplitude was highest at 4 weeks, indicating that newborn DGCs have enhanced plasticity
which peaks at around 4 weeks of age.

2.2.4 Enhanced excitability

During their maturation, adult-born DGCs were also shown to have enhanced excitability
relative to mature DGCs. Schmidt-Hieber et al. (2004) observed that young newborn DGCs
have a longer membrane time constant. However, they fire very few action potentials upon
stimulation, whereas mature DGCs fire trains of action potentials.

Importantly, however, the enhanced excitability of newborn DGCs does not imply that they
are hyperactive (Dieni et al. (2013); and thoroughly reviewed in Lodge and Bischofberger
(2019)). Indeed, the enhanced excitability of newborn DGCs is counterbalanced by reduced
excitatory innervation and functional shunting inhibition upon high GABAergic input. In
addition, adult-born DGCs exhibit a slower membrane time constant, a reduced slope of
action potential and lower firing rate than mature DGCs. All these compensating mechanisms
are believed to preserve the sparse and orthogonal population activity of DGCs observed in
vivo.

2.2.5 GABA switch

During maturation, at about 3 weeks of age, the y-aminobutyric acid (GABAergic) input
from interneurons to adult-born DGCs switches from excitatory to inhibitory, see Figure 2.2.
This switch stems from the fact that in the early phase of maturation, newborn DGCs have
a high intracellular chloride concentration due to a high expression of the Na*-K*-2Cl~
cotransporter NKCC1 (a Cl” importer). The GABA reversal potential is thus higher than
the membrane resting potential (Overstreet-Wadiche et al. (2005); Ge et al. (2006); Heigele
etal. (2016)). Hence, upon GABAergic input stimulation, GABA 4 ionic receptors let C1~ flow
out of the newborn DGCs, which results in depolarization. In the late phase of maturation,
expression of the K*-Cl~ -coupled cotransporter KCC2 (a Cl~ exporter) kicks in, which causes
areduction of the intracellular chloride concentration of newborn DGCs to a level similar to
the one of mature DGCs. Hence GABAergic inputs drive Cl™ to flow in through GABA 4 ionic
receptors, which generates neuronal hyperpolarization (reviewed in Ben-Ari (2002); Owens
and Kriegstein (2002)).

This transition of GABAergic input effect is analogous to the so-called “GABA switch” observed
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during embryonic and early postnatal stages. The early excitatory phase is thought to con-
tribute to the proper development of the brain by supporting activity-dependent growth of
dendrites and axons. The timing of the switch is crucial for healthy development of the brain. If
it occurs too early, sensorimotor gating deficits are induced due to a short GABA-mediated de-
polarization (Wang and Kriegstein (2010)). If it happens too late, seizures are facilitated (Wang
and Kriegstein (2010)) and lasting cognitive and physical deficits are promoted (Furukawa
etal. (2017)) due to excessive excitation.

The switch is sharp: it occurs in about a day, both during adult dentate gyrus neurogenesis
(Heigele et al. (2016)) and during development (Khazipov et al. (2004); Tyzio et al. (2007);
Leonzino et al. (2016)). An early study had suggested a rather continuous switch, because the
recorded GABA reversal potential decreased gradually during maturation of adult-born DGCs
(Ge et al. (2006)). However, only few time points were investigated, possibly smoothing the
apparent GABA reversal potential curve as a function of maturation. Indeed, a subsequent
study has revealed a rather step-like change of GABA reversal potential (Heigele et al. (2016)).

The timing of the switch can be bidirectionally modulated. In cell cultures of hippocampal
neurons harvested during rat early postnatal development, an increase of GABAergic activity
upregulates KCC2 expression, hence advancing the timing of the switch (Ganguly et al. (2001)).
On the contrary, a reduction of GABAergic input through blockade of GABA 4 receptors down-
regulates expression of KCC2, leading to a delayed switch. GABAergic activity itself seems to
be crucial, and not simply the overall activity of the neurons, because neuronal spiking and
glutamatergic activity alone do not alter the timing of the switch (Ganguly et al. (2001)).

2.2.6 GABAergic input importance for integration

The GABAergic input onto adult-born DGCs has been shown to be crucial for their integration
into the preexisting dentate gyrus circuit.

In newborn DGCs that are between 1.5 and 3 weeks of age (when the GABA reversal potential
is higher than the membrane resting potential), moderate activation of GABAergic synaptic
inputs onto newborn DGCs has been shown to be sufficient to induce action potential firing,
in particular when they were paired with glutamatergic synaptic inputs which would have
stayed subtreshold otherwise (Heigele et al. (2016)). However, if GABAergic activation is too
strong, it induced shunting at the reversal potential of the GABA channels, hence newborn
DGCs are effectively inhibited (Heigele et al. (2016)).

As specified above, newborn DGCs are first activated by ambient GABA, then receive GABAergic
synaptic inputs, and only later glutamatergic synaptic inputs (Figure 2.2). Therefore, their first
inputs are GABAergic, which have an excitatory effect due to their depolarized GABA reversal
potential. In addition, it has been shown that mature DGCs indirectly activate newborn
DGCs that are early in their maturation through activation of local interneurons (Alvarez et al.
(2016)). As mature DGCs are responding to environmental stimulation, the indirect activation
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of newborn DGCs might provide a way for them to sense the dentate gyrus network activity. In
hippocampal slices from mice, mature DGCs have been optically stimulated while 10-days
old DGCs were intracellularly recorded (Alvarez et al. (2016)). A high depolarizing GABAergic
current (but no glutamatergic current) has been reported in the newborn DGCs, suggesting
that mature DGCs indirectly activate newborn DGCs through interneuron activation (Alvarez
et al. (2016)). In addition, at the morphological level, newborn DGCs which were indirectly
activated by stimulation of mature DGCs showed much more dendritic processes than control
newborn DGCs, suggesting that they were better integrated into the preexisting circuit through
synaptic contacts (Alvarez et al. (2016)).

This interpretation has been confirmed by the observation that early GABA-mediated depo-
larization is required for functional glutamatergic synaptic innervation. Early in maturation,
even before the appearance of presynaptic terminals, newborn DGCs already have GABAergic
and glutamatergic receptors in their membrane (Espésito et al. (2005)). More specifically,
adult-born DGC glutamatergic synapses initially only contain NMDA receptors, but no AMPA
receptors. They are “silent” synapses, because of the voltage-dependent magnesium block of
NMDA receptors. Therefore, to establish functional glutamatergic synapses, the magnesium
block has to be alleviated. GABA receptor mediated depolarization has been shown to be
necessary to “unsilence” the synapses and trigger the incorporation of AMPA receptors, both
in vitro and in vivo (Chancey et al. (2013)). Furthermore, unsilencing of synapses through
GABA depolarization has been shown to be experience-dependent, as only 2 hours in an
enriched environment is sufficient to promote this process (Chancey et al. (2013)).

The importance of the switch from early excitation to late inhibition of the GABAergic input
onto newborn DGCs has been highlighted by studies that have either abolished or prolonged
the early excitatory phase.

On one hand, GABA-mediated depolarization is necessary for proper development of func-
tional GABAergic and glutamatergic synapses onto adult-born DGCs. Early excitation can be
suppressed by knocking down the expression of NKCC1 using short hairpin RNA (shRNA).
Hence shRNA-NKCC1* DGCs have lower intracellular chloride concentration and a lower
GABA reversal potential (Ge et al. (2006)). At the morphological level, ShRNA-NKCC1* new-
born DGCs show an impaired dendritic development. Their dendritic arborisation, in terms of
dendritic length and branch number, is significantly reduced (Ge et al. (2006)). This effect can
be counteracted by the injection of an agonist of GABA 4 receptors, which promotes dendritic
growth of shRNA-NKCC1" newborn DGCs in vivo (Ge et al. (2006)). At the functional level,
shRNA-NKCC1* DGCs that are 7 days old do not receive postsynaptic currents (PSCs) through
their GABAergic synapses, and when they are 14 and 28 days old, recorded PSPs has lower
amplitude than control (Ge et al. (2006)). Furthermore, ShRNA-NKCC1" DGCs that are 14 days
old did not get PSCs through their glutamatergic synapses, and when they are 28 days old a
lower percentage of cells receive PSCs than control, with a smaller amplitude (Ge et al. (2006)).

On the other hand, if GABA-mediated depolarization of adult-born DGCs is too long-lasting,
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aberrant behavior is induced. For example, following an epileptogenic injury, expression of
KCC2 is decreased in the DGCs for several weeks, leading to a higher GABA reversal potential
(Pathak et al. (2007)). The resulting enhanced excitability of DGCs drives alteration of synap-
tic integration, as well as facilitate seizure initiation and propagation (Pathak et al. (2007)).
Similarly, high GABA reversal potential due to a decreased KCC2-to-NKCCI1 ratio has been
observed in hippocampal slices from status epilepticus rats. It promotes hyperexcitability of
the hippocampus following status epilepticus (Barmashenko et al. (2011)).

Taken together, these results suggest that early excitation, late inhibition, and proper timing of
the switch of the GABAergic input onto adult-born DGCs is crucial for their proper integration
into the preexisting dentate gyrus network.

2.3 Functional role of adult dentate gyrus neurogenesis

Even though the number of cells which are generated at the adult stage is rather low with re-
spect to the whole DGC population, adult dentate gyrus neurogenesis is involved in hippocampus-
dependent memory, and its modulation has a high impact on behavior, as summarized in
Table 2.1.

2.3.1 Involvement in hippocampus-dependent memories

Adult-born DGCs have been shown to be implicated in hippocampus-dependent memory
traces. Shors et al. (2001) used a systemic approach to reduce neurogenesis, through sub-
cutaneous injection of a toxin for proliferating cells, the DNA methylating agent methyla-
zoxymethanol acetate (MAM). Rats with decreased neurogenesis were compared to control
in their acquisition of two eyeblink conditioning tasks, where the conditioned stimulus (CS)
was white noise, and the unconditioned stimulus (US) a periorbital eyelid stimulation. The
first task was trace conditioning, a hippocampus-dependent task where there is a temporal
gap between the CS and the US. The second task was delay conditioning, a hippocampus-
independent task where CS and US overlap. A reduction of neurogenesis was shown to impair
acquisition of trace conditioning, but not of delay conditioning. More specifically, it was
observed that newborn DGCs that were about 2 weeks old during training were involved in the
trace memory, but not 1 week old newborn DGCs. Furthermore, a recovery period to replenish
the number of newborn DGCs was sufficient for normal acquisition of trace conditioning
memory.

In a follow-up study, Shors et al. (2002) observed that dentate gyrus neurogenesis is not
involved in all hippocampus-dependent memories. Indeed, reduction of neurogenesis using
the same systemic approach also impaired acquisition of a cued fear conditioning task, where
rats were cued with a tone and received a foot shock after some temporal interval. However,
contextual fear conditioning, exploratory behavior in an elevated plus maze, and spatial
navigation learning in a Morris water maze, all hippocampus-dependent tasks, were not
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impaired by a reduction in neurogenesis.

Analogously, decreased neurogenesis does not impair acquisition of the Morris water maze task
when whole brain irradiation is used to reduce neurogenesis (Snyder et al. (2005)). However,
newborn DGCs that are 4 to 28 days old at the time of training are necessary for long term
memory retrieval at 2 and 4 weeks, but not 1 week (Snyder et al. (2005)).

2.3.2 Incorporation in memory networks

Newborn DGCs are incorporated into memory circuits and activated upon memory recall. Kee
et al. (2007) labeled dividing cells, and trained mice in a Morris water maze task at different
time points after the labeling procedure (1, 2, 4, 6 and 8 weeks). Ten weeks after labeling,
they tested the mice in the same Morris water maze without the platform before sacrificing
them. By investigating the overlap between newborn cells labeling and an activity-dependent
marker, they observed that 1 to 2 weeks old newborn DGCs are not functionally integrated into
spatial memory networks. On the other hand, newborn DGCs that are 4 weeks or older are
incorporated. More specifically, 4-week to 8-week old cells have a 2 to 3 higher probability than
mature DGCs to be recruited during memory recall, suggesting that they play an important
role in dentate gyrus memory through their encoding abilities.

In addition, newborn DGCs which are recruited into memory circuits are necessary for recall.
Similarly to Kee et al. (2007), Gu et al. (2012) have labeled newborn DGCs and trained mice
in a Morris water maze task at different time points after labeling (2, 4 and 8 weeks). They
observed that if newborn DGCs that were 4 weeks old during training were optogenetically
silenced during testing, mice were spending less time in the quadrant where the hidden plat-
form was located during training. This effect was not present upon silencing 2 or 8 weeks
old newborn DGCs. Silencing of 4 weeks old newborn DGCs during training did not affect
memory acquisition though, suggesting that other DGCs became responsible for the encoding
of the spatial memory. Analogous results were found using contextual fear conditioning,
another hippocampus-dependent learning task. During testing in the same context, optoge-
netic silencing of newborn DGCs that were 4 weeks old during training significantly reduced
freezing.

The two above studies suggest that newborn DGCs have a critical period when they are
preferentially incorporated into memory ensembles, and that they are required for memory
retrieval due to their encoding of a novel experience. In agreement with these results, using
a lentiviral approach to reduce adult dentate gyrus neurogenesis in rats by inhibiting Wnt
signaling (which is involved in newborn DGCs generation), Jessberger et al. (2009) have
observed that animals with a reduced number of newborn DGCs were impaired in the novel
object recognition task, an hippocampus-dependent task. Indeed, retention at 3h and 4 weeks
(but not 1min) was lower in the group with a large decrease of newborn DGCs than the control
group. The group with a smaller reduction of neurogenesis was only impaired in retention
at 3h with respect to control, and significantly less than the group with a high reduction of
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newborn DGCs. In the Morris water maze task, in agreement with the observations of Gu et al.
(2012), Jessberger et al. (2009) did not monitor any impairment in acquisition, but found an
affected retention (from 2 to 8 weeks) in the group with high reduction of newborn DGCs.

2.3.3 Importance for pattern separation

Clelland et al. (2009) were the first to show the requirement of adult dentate gyrus neuroge-
nesis for discrimination of inputs with low spatial separation, but not for discrimination of
inputs with high spatial separation. The performance of mice with focal X-ray irradiation to
ablate dentate gyrus neurogenesis were compared with the one of control mice on different
hippocampus-dependent tasks. First, mice were trained in a delayed non-matching to place
radial 8-arm maze task. Each trial consisted of a sample phase and a choice phase. In the
sample phase, a mouse would be placed at the end of one arm (the “start arm”), and a single
other arm (the “sample arm”) was open, with a food reward at its end. In the choice phase, the
mouse would be placed again in the same start arm, and this time two other arms were open:
the sample arm, as well as a previously closed “choice arm”. Mice would get a food reward only
at the end of the choice arm, denoted as a correct trial. Different spatial separations were used
between the sample and choice arms. When the spatial separation was high (two or three
arms between the choice and sample arms), mice with ablated neurogenesis performed as
well as controls. However, for trials with low spatial separation (only one arm between the
choice and sample arms) mice with ablated neurogenesis were significantly impaired. Similar
results were obtained when dentate gyrus neurogenesis was reduced using a lentiviral vector
to knock-down Wnt signaling. Second, the authors confirmed the importance of adult dentate
gyrus neurogenesis for spatial pattern separation using a spatial discrimination paradigm:
mice were required to choose the correct spatial location between two illuminated boxes in
two out of five possible locations on a touch screen. The two illuminated locations had either
a high spatial separation (3 dark locations in between) or a low spatial separation (a single
dark location in between). Again, mice with ablated adult dentate gyrus neurogenesis were
impaired in trials with low spatial separation, but not in trials with high spatial separation. Yet,
these same mice were not impaired in another spatial touch screen task which tests the ability
to associate objects with spatial locations, further supporting the role of adult dentate gyrus
neurogenesis in tasks with a pattern separation component. Furthermore, using a similar
touch screen task to test spatial pattern separation abilities, Vivar et al. (2012) revealed the
importance of a functional LEC input. Indeed, if an agonist of NMDA receptors was bilaterally
injected in the LEC, mice were impaired in low spatial separation trials, but not in high spatial
separation trials.

Using a contextual fear conditioning task, Sahay et al. (2011a) have confirmed the implication
of adult dentate gyrus neurogenesis in behavioral pattern separation. First, they have shown
that adult dentate gyrus neurogenesis is necessary for discrimination of two similar contexts.
On day 0, mice were placed in a context A where they got a foot shock (Context A: “stainless
steel grids were exposed; house fan and lights were switched on; and a mild lemon scent
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was used as an olfactory cue”). Then, to test fear generalization, over several days mice
were subsequently placed in context A where they got a foot shock, and in a safe similar
context B (“exposed stainless steel grid floor and roof (a salient feature of the context); house
fan and lights were turned off; two plastic inserts were used to cover the walls; chamber door
was left ajar during testing; and a mild mint scent was used as an olfactory cue”). Control
mice did freeze when placed in the safe context B the first few days of training, highlighting
the similarity between the two contexts, but over time they learned to discriminate the two
contexts, as emphasized by decreased freezing. On the other hand, mice with ablation of
neurogenesis through X-ray irradiation in dentate gyrus kept freezing in the safe context B over
all 5 training days, indicating that they were not able to discriminate the two contexts (Sahay
et al. (2011a)). (Similarly, Tronel et al. (2012) observed that mice with reduced dentate gyrus
neurogenesis through overexpression of Bax, a proapoptotic protein that induces programmed
cell death, were impaired in the discrimination of two contexts with overlapping features
using a contextual fear conditioning task.) Second, adopting the opposite procedure, Sahay
et al. (2011a) have enhanced adult dentate gyrus neurogenesis by increasing the survival
of newborn DGCs through conditional knockout of Bax in dentate gyrus neural stem cells.
As in the previous experiment, mice were placed on day 0 in context A where they received
a foot shock. Then, for several days mice were consecutively placed in context A where
they always got a foot shock, and in a safe similar context B (in random order every day) to
assess fear generalization. On day 1, control mice and mice with enhanced dentate gyrus
neurogenesis froze equally in both contexts. However, on days 2 to 9, mice with enhanced
dentate gyrus neurogenesis showed higher discrimination abilities between the two similar
contexts, reflected by lower levels of freezing in the safe context B than in context A. Finally,
Sahay et al. (2011a) have emphasized the fact that adult dentate gyrus neurogenesis promotes
pattern separation when contexts are similar, but not if contexts are distinct. On day 0, mice
were placed in context A where they got a foot shock. To measure freezing, on day 1 they
were placed again in context A without getting a foot shock, and on day 2 they were placed
in a safe distinct context C (“stainless steel grid floor was covered with a plastic panel and
cage bedding; house fan and lights were turned off; chamber walls were covered using plastic
inserts; chamber door was left ajar during testing; and a mild anise scent was used as an
olfactory cue”). During testing, both control mice and mice with enhanced dentate gyrus
neurogenesis showed equivalent freezing in context A, and lack of freezing in distinct context C.

2.3.4 Links to cognition

The link between adult dentate gyrus neurogenesis and cognition has been thoroughly re-
viewed (Ming and Song (2005); Anacker and Hen (2017)). Briefly, brain injuries and pathologi-
cal conditions, such as epileptic seizures and degenerative neurological diseases, frequently
lead to increased proliferation in neurogenic regions, and sometimes even in regions where
neurogenesis is negligible in normal conditions. Furthermore, adult neurogenesis has been
extensively linked to chronic stress with various origins. Rodents and nun-human primates,
but also patients with depression, exhibit reduced levels of neurogenesis. Accordingly, an-
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Chapter 2. Adult dentate gyrus neurogenesis

tidepressant drugs as well as non-pharmacological antidepressants such as running increase
neurogenesis. It has been proposed that enhanced neurogenesis might decrease depressive
symptoms by promoting a better separation between an experienced stressful event and other
similar innocuous events, thus decreasing fear generalization.

2.4 Modeling of adult dentate gyrus neurogenesis

Long before adult neurogenesis was accepted by the neuroscience community, investigations
in artificial neural networks (ANN) had hinted to a beneficial effect of the introduction of new
nodes for encoding of novel information. For example, similar to earlier work of Carpenter and
Grossberg (1988) (also reviewed in Hertz et al. (1991)), Platt (1991) had proposed a network
that incorporates a new node when an input pattern is badly represented by the network
because it is too distinct from already stored input patterns. The new node is allocated directly
with a selectivity for the novel input pattern. It is conceptually similar to a model of additive
neurogenesis. A few years later, Yingwei et al. (1997) proposed a similar approach, where the
incorporation of new nodes is counterbalanced by the pruning of nodes that do not contribute
much to network computation, hence conceptually similar to replacement neurogenesis.
Simultaneously, building on the neural gas theory (Martinetz and Schulten (1991)), Fritzke
(1995) implemented an incremental network (“growing” neural gas) which learns topological
relations between input patterns.

Since adult dentate gyrus neurogenesis is now well established, its putative role has been
investigated by models. In particular, ANN representing the hippocampal network with various
levels of abstraction have been used. I summarize here some modeling papers, which present
the main views on the functional role of adult-born dentate granule cells.

2.4.1 Clearance of old memories

Chambers et al. (2004) presented one of the first modeling studies, suggesting that adult-born
dentate granule cells solve the stability-plasticity dilemma by promoting learning of new
representations while still mostly preserving old memories. They used a 3-layer feedforward
network with 35 input units (representing EC), 10 hidden units (representing dentate gyrus)
and 26 output units, see Figure 2.3. The input units have binary activity corresponding to
the 2-dimensional visualizations of letters. The hidden and output units have a nonlinear
gain function with a bias. All feedforward weights are initialized to small random (positive
and negative) values. First, the 26 letters of the Roman alphabet are presented to the network,
and the feedforward weights and biases are learned through gradient descent using the
backpropagation algorithm. It is a supervised learning algorithm: the activity of the output
units is compared to the one-hot representation of the presented letter (for ex. if letter ‘B’ is
presented, the second unit of the teaching signal has value 1 while all others have value 0, see
Figure 2.3), and the error is backpropagated. Hence the feedforward weights are updated in
such a way that the difference between output and teaching signal is minimized. To model
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Figure 2.3 — Network for Chambers et al. (2004). Letters are presented to the network by
setting the binary activity of the 35 input layer units accordingly. The activity is propagated
to 10 middle layer (hidden) units, which in turn propagate the activity to 26 output layer
units. Turnover neurogenesis is modeled by replacing some middle layer units, as well as
their incoming and outgoing connections, by as many naive units with random connections.
(Adapted from Figure 1 of Chambers et al. (2004) with permission.)

turnover neurogenesis, at the end of the learning of the Roman alphabet, between 0 and 10
randomly selected hidden units are replaced by naive hidden units (initialized to small random
values). As expected, the authors found that the more hidden units are replaced by naive
units, the larger the degradation of the memory for the previously learned Roman alphabet.
Then the 24 letters of the Greek alphabet were presented to the network, and all weights
(including the ones from units that were not replaced) were learned in the same way as before.
Consistent with the previous result, the more hidden units were replaced by naive units, the
better the novel Greek alphabet was learned. However, surprisingly, the authors found that
recall for the Roman alphabet remained at a good performance level for the networks with
high turnover (between 5 and 10 hidden units), but was significantly worse for the networks
with low turnover (0 and 2 hidden units). They hypothesized that it was due to a predominant
effect of catastrophic interference at low turnover rate due to the high similarity between the
two data sets. In addition, it was shown that if the hidden units with larger input and output
weight change (during Roman alphabet learning) were selected to be replaced by naive units,
learning of the novel Greek alphabet was improved.

Simultaneously, Deisseroth et al. (2004) reached similar conclusions. Their 3-layer network
contained 500 units in each layer, and excitatory all-to-all connections, see Figure 2.4a. Units
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Figure 2.4 - Network for Deisseroth et al. (2004). (a) The 3-layer network contains 500 units
in each layer, which are fully feedforwardly connected. Turnover neurogenesis is modeled by
replacing some hidden layer units with as many new naive units with random connections.
(b) During learning, the activity of all units of the network are clamped to binary values, and all
connections are learned through a batch Hebbian plasticity rule. (c) During testing, only the
activity of the input layer units is set, and it is propagated through the feedforward connections
to the hidden and output units. Recall performance is assessed by computing the Hamming
distance between the output layer activity and its corresponding activity during learning.
(Adapted from Figure 8 of Deisseroth et al. (2004) with permission.)

had binary activity, and their activity threshold was set up in such a way that a desired sparsity
per layer was achieved, effectively corresponding to k-WTA. During learning, the activity of
all units of the network were clamped, see Figure 2.4b. Connections were learned according
to a batch Hebbian plasticity rule (taking into account all input patterns). Then, the units of
the first layer only were set to the activity of a given pattern, and activity was propagated to
the output layer through the hidden layer, see Figure 2.4c. Recall performance was assessed
by computing the Hamming distance between the obtained output pattern and the correct
activity in the output layer (the one that was used during learning, compare output activity
in panels b and c of Figure 2.4). Turnover neurogenesis was implemented in the hidden
layer by deleting some units and replacing them with new naive units that had to learn their
connections from scratch. As expected, turnover neurogenesis induces more rapid clearance
of old memories than a control network without neurogenesis, as connections that were
learned during previous memory storage are lost along their corresponding hidden units. On
the other hand, turnover neurogenesis improves recall of newer memories, and this beneficial
effect correlates with the amount of new memories that have to be stored in the network.
Interestingly, the authors found an equivalent increase in neurogenesis as a function of activity
in a hippocampal cell culture (inferred from extracellular Ca®* concentration).

The paper of Chambers et al. (2004) triggered several follow-up studies with increased bio-
logical plausibility. Crick and Miranker (2006) implicitly modeled interneurons through full
lateral inhibitory connections within the hidden and the output layers. They also used a more
biologically plausible learning rule than backpropagation: unsupervised Hebbian learning.
Feedforward (resp. lateral) weights were forced to be positive (resp. negative), and bounded to
avoid runaway dynamics of the weights. Chambers and Conroy (2007) used the same network
with gradient descent backpropagation for learning of the connections and investigated the
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Figure 2.5 — Network for Weisz and Argibay (2009) and Weisz and Argibay (2012). The net-
work models the full hippocampal loop: EC, DG, CA3 and CAl. For each population, the
number of neurons, the enforced sparsity, and the number of incoming synapses per neuron
is written on the figure. Additive neurogenesis is modeled by adding new neurons to the DG
population. (Reproduced with permission from Figure 1 of Weisz and Argibay (2012).)

beneficial effect of turnover neurogenesis to learn a second alphabet after having learned
the Roman alphabet. The new alphabet had varying levels of similarity with the previously
learned alphabet: “Romalt” (Roman alphabet with slightly different writing style) > Russian >
Hebrew. The higher the degree of the novelty of the new alphabet, the more beneficial was a
large extent of turnover neurogenesis for the network to accurately learn it.

Using a more complex network representing the whole hippocampal loop and additive neuro-
genesis in dentate gyrus (DG), Weisz and Argibay (Weisz and Argibay (2009, 2012)) reached
the same conclusion that adult-born DGCs promote learning of novel input while mostly
preserving recall of old memories. The network consists of four populations of binary neurons:
EC, DG, CA3 and CAl, see Figure 2.5. EC projects to DG and CA3, DG projects to CA3, CA3
projects to CAl and to itself through recurrent connections, and CA1 projects back to EC. The
number of synapses at each stage is fixed, and k-WTA is implemented in each population
by enforcing a fixed number of neurons to be active. All connections weights are randomly
initialized. The connections between EC and DG, and between CA1 and EC, follow a Hebbian
learning rule with an heterosynaptic term to ensure weight normalization. It is different from
Oja’s rule because the heterosynaptic term depends on the postsynaptic activity, and not the
postsynaptic activity squared. The recurrent connections within CA3, and the connections
between EC and CA3, follow a covariance rule. All other synapses are fixed to a given value.
Interestingly, activity of CA3 units depends only on input from DG during learning of inputs,
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and only on direct input from EC and recurrent input from CA3 during retrieval (the recur-
rent collateral loop is repeated a fixed number of times). After learning of a few inputs, the
(control) network was compared with the same network undergoing additive neurogenesis
in DG in their ability to learn new inputs and recall old inputs. The neurogenesis network
kept the same level of sparsity in DG, and the connections to and from adult-born DGCs were
randomly initialized. The learning rules were kept identical to those of the control network,
except that the synapses from newborn DGCs to CA3 have a larger learning rate than the
ones from mature DGCs. As expected due to the larger number of DGCs, the network with
neurogenesis had a bigger storage capacity than the control network. It also had a better recall
accuracy for recent inputs, due to the fact that additional newborn DGCs preferentially learn
new patterns. This is emphasized by their higher activity for recent patterns than for remotely
stored patterns. On the other hand, the network with neurogenesis had a slightly higher ten-
dency to forget old memories than the control network, probably because plasticity of mature
DGCs was not completely abolished. These results, obtained with a full hippocampal model,
are in agreement with previous studies adopting simpler models (Chambers et al. (2004);
Deisseroth et al. (2004)). However, remarkably, the authors observed that adult-born DGCs
did not promote pattern separation of EC input patterns. They rather increase the overlap
between representations of recent memories, and provide temporal separation of remote and
recent memories. It stems from the fact that newborn DGCs mainly encode recent memories
(the ones that were presented to the network during their enhanced plasticity phase). Hence,
they rather combine all representations of new inputs. This last observation has been further
studied in Aimone et al. (2006, 2009), see Section 2.4.5.

2.4.2 Encoding distinct memories of highly similar inputs

Becker (2005) proposed that adult-born DGCs encode distinct memories for highly similar
inputs. The network models the full hippocampal loop, set up as an autoencoder: the EC
input layer connects to DG, which connects to CA3 (modeled with recurrent connections),
which connects to CA1l, which connects to the EC output layer, see Figure 2.6. The EC input
layer provides a direct teaching signal to the EC output layer, as well as a direct projection to
CA3 and CAl. The main assumption of the model is that all hippocampal areas are optimizing
a common objective function, namely the faithful linear reconstruction of the input. The
biological constraint of sparse activity in DG is enforced by an artificial k-WTA network.
Interneurons are not modeled, so the k DG units with largest input are active while the activity
of the others was set to zero. Encoding and retrieval rely differently on the hippocampal areas.
Most notably, DG units are active only during encoding, and do not engage significantly in
retrieval: they do not drive CA3 activation, rather it is the direct connection from EC which
does. With all these assumptions and constraints on the circuit, Becker obtains Hebbian-style
learning rules. However, to avoid runaway dynamics of the weights, normalization of all
weight vectors is imposed by weight clipping. Neurogenesis is modeled in the DG layer, and
recall of random binary input patterns is assessed. Two data sets are used: one where all
patterns are independent (hence distinct), and another where patterns are highly overlapping
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2.4. Modeling of adult dentate gyrus neurogenesis

Figure 2.6 — Network for Becker (2005). The network models the full hippocampal loop: EC,
DG, CA3 and CAL. It is set up as an autoencoder: the EC population is separated into an input
and an output population of same size. Neurogenesis is modeled by either adding new units
to the DG population, or replacing some of the existing units. (Reproduced with permission
from Figure 1 of Becker (2005).)

(hence highly similar). Additive neurogenesis is shown to promote recall of both sets of input
patterns, with better recall for more units added in the DG. On the other hand, replacement,
or turnover, neurogenesis only promotes recall for the data set with highly similar patterns.

2.4.3 Avoidance of catastrophic interference

Wiskott et al. (2006) have proposed that adult neurogenesis could be a solution to avoid catas-
trophic interference in the dentate gyrus. They used an abstract model consisting of an input
layer (representing layer II of EC), which is connected to an hidden layer (corresponding to
DG/CA3), which is in turn connected to an output layer (layer V/VI of EC), see Figure 2.7. Tt is
thus a reduced and simplified version of the circuit in Becker (2005). The network is fully feed-
forward with linear units, hence it has no particular dynamics and can be solved analytically
(as described in Wiskott et al. (2004)). The network is set as an autoencoder: the output layer
contains as many neurons N as the input layer and aims to reconstruct the input as best as
possible. The hidden layer contains M units with M < N, so the input has to be compressed in
an optimal way to keep most of the information. The weight matrices for encoding (from input
to hidden) and decoding (from hidden to output) can be analytically computed such that
they minimize the reconstruction error of the input. The authors considered inputs coming
from two distributions, A and B. Distribution B is a rotated version of distribution A (only
the orientation in space is different, the eigenvalues of the covariance matrix are identical).
No synaptic plasticity rule is involved: the decoding weights are always set to the analytically
computed optimal values which correspond to the environment to which the network is
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Figure 2.7 — Network for Wiskott et al. (2006) and Appleby and Wiskott (2009). The network
is an autoencoder with an input layer (representing EC layer II) fully feedforwardly connected
to a hidden layer (corresponding to DG/CA3), which is fully feedforwardly connected to the
output layer (representing EC layer V/VI). Neurogenesis is modeled by adding units to the
hidden layer or replacing some existing units by new units. (Reproduced with permission
from Figure 1 of Wiskott et al. (2006).)

“adapted” (meaning from which the current input patterns are drawn). The encoding weights
are either set to the analytically computed optimal values from the same, or the other environ-
ment. The authors first show that an input from distribution A is not well reconstructed when
B-decoding weights are used, no matter if encoding weights are set to A- or B-weights. They
then show that if an additive model of neurogenesis is used, the reconstruction error is lower.
In that case, they start with a network containing M — L hidden units, and whose encoding
weights are fixed to A-weights. Then L units are introduced in the hidden layer, and their
encoding weights are set to B-weights (which are in addition set orthogonal to the encoding
weights of the first M — L hidden units). The network with neurogenesis reconstructs better
patterns drawn from any of the two distributions than the control network. Hence, this model
suggests that adult neurogenesis provides a way to represent novel features of the input space,
which are orthogonal to already stored features.

To make the model more biologically plausible, an extended model was presented in a follow-
up paper (Appleby and Wiskott (2009)). The main differences with the initial model are that:
(1) there is an expansion from EC to DG, meaning that M > N, in agreement with experimental
findings (Andersen et al. (2007)), (2) DG units are nonlinear, the DG layer is modeled as an
artificial single WTA network analogous to Becker (2005), and (3) besides additive neurogenesis,
turnover neurogenesis is modeled as well. In both cases, the total number of DG units at
the end of learning is bounded to M. In the turnover case, the DG units that are replaced
are randomly chosen. Similarly to the earlier paper, all weights are analytically computed
such that they minimize input reconstruction error. Additive neurogenesis appears to be
superior to turnover neurogenesis, as it permits learning of the input statistics of the second,
novel, environment while preserving accurate retrieval of inputs stemming from the first
environment. These results were confirmed in another study with realistic inputs, spatially
organized like grid cells (Appleby et al. (2011)).
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2.4. Modeling of adult dentate gyrus neurogenesis

The view of Wiskott et al. (2006) is similar to the one of Becker (2005), as both suggest that adult-
born DGCs encode memory traces of novel inputs, thus promoting recall. However, Becker
(2005) hypothesizes that DG does not play any role during recall, which conflicts experimental
findings demonstrating that adult-born DGCs are required for recall (Kee et al. (2007); Gu et al.
(2012)). In addition, both Becker (2005) and Wiskott et al. (2006) propose a beneficial effect
of adult-born DGCs in recall no matter the similarity between inputs. This stands against
behavioral studies that have manipulated DG neurogenesis and shown a beneficial effect of
newborn DGCs for discriminating similar patterns, but not distinct patterns (Clelland et al.
(2009); Sahay et al. (2011a)).

2.4.4 Inputdiscrimination

Consistent with the idea that adult-born DGCs are involved in encoding of novel inputs,
Temprana et al. (2015) further proposed that inhibition from local interneurons is crucial
for shaping small non-overlapping receptive fields spanning the (novel) input space. They
supported their idea with a simple model. EC input units are connected to DG units through
feedforward weights that are randomly initialized to nonzero values. Inputs are presented
to the network by setting the activity of the EC units accordingly. Activity is propagated to
the DG units, whose nonlinear activity depends on a value of inhibition which is set based
on the overall DG activity. Hence a soft WTA is implemented even though interneurons are
not explicitly modeled. For each input presentation, the feedforward weights are learned
according to a Hebbian rule, and the weight vectors are normalized at each time step to avoid
runaway dynamics of the weights. The authors showed that the level of inhibition during
learning lead to different outcomes concerning the receptive fields of the DG units. With
low inhibition, DG units develop wide receptive fields which are overlapping between units.
With high inhibition, most DG units are always silent (nonexistent receptive fields) and the
whole input space is represented by a few units with large, but non-overlapping, fields. The
best outcome occurs when inhibition is gradually enhanced from a low to a high value, thus
giving rise to DG units with small non-overlapping fields. Hence different inputs can be
discriminated.

2.4.5 Temporal separation

Building on the observation that adult-born DGCs have enhanced excitability early in their
maturation, Aimone et al. (2006) postulated that they rather deteriorate the pattern separation
function of the dentate gyrus, because they are active for all temporally proximal events,
irrespective of the extent of their contextual similarity. Hence, they suggested that mature
DGCs are responsible for pattern separation, while newborn DGCs promote temporal pattern
integration by associating temporally proximal events (in a timescale of hours/days). They
implemented a complex model to support this idea (Aimone et al. (2009)). It consists in
a spiking network made of 6 neuronal populations of conductance-based model neurons.
Lateral EC and medial EC populations represent the contextual and spatial input, respectively.
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They are feedforwardly connected to DGCs and inhibitory Basket cells, which are recurrently
connected with excitatory Mossy cells and inhibitory Hilar cells. The only plastic connections
are the excitatory connections to DGCs, namely from lateral EC, medial EC and Mossy cells.
The rate of weight change is determined by the age of the synapses. Synapses are formed in an
age- and experience-dependent manner, and initialized at random strengths. They are learned
according to a plasticity rule which has a Hebbian component, but which also depends on
a preset rate of synapse maturation. In addition, connection weights are hard bounded to
minimal and maximal values, which depend on the maturation stage of the corresponding
synapses. A network with additive neurogenesis in the DGC population was compared to a
control network without neurogenesis. For any similarity between EC input patterns (=events),
when events where temporally proximal, the DGC population of the control network had
better pattern separation abilities than the DGC population of the network with neurogenesis.
Conversely, when events were temporally distant, the higher the rate of neurogenesis, the
better the pattern separation in the DGC population. Furthermore, for temporally proximal
events, the extent of temporal pattern integration negatively correlates with the similarity
between EC firing patterns, indicating that adult-born DGCs particularly promote pattern
integration for very distinct input patterns.

2.5 Open questions

In this work, I address some of the above puzzling observations and investigate the following
two questions: First, what is the functional role of the switch from lateral excitation to lateral
inhibition in adult DG neurogenesis? And second, why are newborn DGCs only relevant for
novel stimuli having a high degree of similarity with old ones?

While experimental results suggest that the switch from excitation to inhibition of the GABAer-
gic input onto adult-born DGCs is crucial for their integration into the preexisting circuit
(Ge et al. (2006)), and for proper behavior (Furukawa et al. (2017)), it remains unclear why
such a link between channel properties and behavior arises. To my knowledge, none of the
previous modeling studies ever took this mechanism into account to examine if it could have
an effect on integration of newborn DGCs into a preexisting network. Temprana et al. (2015)
did show with a model that a gradual change of inhibition from low to high levels enhances the
fine-grain discrimination of novel inputs, but they used a simplified model where newborn
DGCs were born already connected with random weights to the preexisting circuit. The model
in Temprana et al. (2015), as all the other models I reviewed, did not address the question of
how newborn DGCs grow connections to neighboring neurons. They bypassed this aspect by
simply setting random weights to those connections.

Besides, experimental observations reveal that adult dentate gyrus neurogenesis improves
behavioral pattern separation performance only if the stimuli that have to be discriminated are
similar, but not if they are distinct (Clelland et al. (2009); Sahay et al. (2011a)). However, it is still
unclear how adult-born DGCs impact pattern separation, if it is through a cell-autonomous
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function as individual encoding units, or through a modulatory role (Sahay et al. (2011b);
Aimone et al. (2011)). Becker (2005) already showed with a model that newborn DGCs could
encode distinct memory traces for highly similar inputs, hence promoting pattern discrimi-
nation of similar inputs. However, the same model promoted a comparable improvement of
pattern separation of distinct inputs with more newborn DGCs. Therefore, it cannot explain
the differential behavioral outcomes for similar versus distinct stimuli. To my knowledge, all
previous models showed a beneficial effect of dentate gyrus neurogenesis, be it through an
additive or a turnover process, by promoting input discrimination and avoidance of catas-
trophic interference. Yet, none of them elucidates the different outcomes that are observed
behaviorally when inputs that have to be discriminated are similar or distinct, and none of
them connects the GABAergic switch from excitation to inhibition with the network function
of adult-born DGCs.
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8] Classification using competitive net-
works

3.1 Introduction

Unsupervised competitive learning is widely used in artificial intelligence to perform clus-
tering of input patterns into a few categories, thus providing generalization or compression
of the input (reviewed in Grossberg (1987b); Hertz et al. (1991); Du (2010)). In these types of
networks, an input layer is fully feedforwardly connected to an output layer through plastic
excitatory connections (Figure 3.1). The “competitive” aspect stems from the recurrent in-
hibitory connections between output units. They ensure that when an output unit is highly
activated, it silences activity of other output units. In some instances of competitive networks,
output units self-excite themselves.

The basic idea is that upon presentation of several patterns, the competitive network unsu-
pervisedly learn to cluster input into different categories. After learning of the feedforward
connections, input patterns that are similar to each others activate the same output unit,
whereas input patterns that are different from each other activate different output units.
Therefore each output unit is said to be selective for a category, or cluster, of input patterns,
and the input patterns can ultimately be classified into several categories.

The simplest form of a competitive network is the single winner-take-all (WTA) network.
As its name suggests, for any input pattern presentation, a single output unit is active, and
it silences all the other output units through the recurrent inhibitory connections. Other
forms of competitive networks exist, where ensembles of output units get activated for a
given input pattern. Hence classification is distributed over the output units, as different
ensemble of output units are selective for different categories. If the output units have a step
gain function (e.g. activity is either 0 or 1) and the number of active output units is set to k for
any input pattern, the network is called k-WTA. On the other hand, if the output gain function
is continuous (e.g. hyperbolic tangent, which is nonlinear and bounded but differentiable),
the number of output units in each ensemble cannot be easily determined, so it is called a soft
WTA network.
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w11

f w34 y

Figure 3.1 — Simple competitive network. An input layer, with firing rate vector X of input
units (black, firing rate of single unit is x;) has all-to-all feedforward connections with an
output layer, with firing rate vector ¥ of output units (blue, firing rate of single unit is y;)
which have all-to-all recurrent inhibitory connections (red). Connections with a triangular
end (black) are excitatory, connections with a round end (red) are inhibitory. w;; denotes the
connection weight from unit j to unit i.

In single WTA settings, the maximum number of categories that can be classified is given by
the number of output units in the network. Therefore it is good to know beforehand how many
categories are present in the input data to build the network architecture accordingly. In some
instances, due to random initialization of the feedforward weight vectors onto the output
units, some of the output units might never win the competition (remain dead units), so the
network clusters the input patterns in fewer categories. Instead, in soft WTA settings, there is
no need to know how many categories are present in the input data to design the network,
because an ensemble of units wins for each input pattern. It is thus more modular.

3.2 Importance of normalization

During presentation of a pattern g, the activity of the input layer is given by: X* = (xi‘ , xg yeeer x%),

with x;‘ =0V j, where N is the number of input units. For the patterns to be comparable, they
should be normalized to the same L2-norm:

||XH]] = 3.1)

with L > 0.

We note here that in the particular case where the input patterns are binary (elements are 0 or
1), L1-normalization ensures L.2-normalization. Indeed, the L1-norm is given by:

N
17 = 1xf1=L Vu (3.2)
j=1
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Figure 3.2 — Importance of weight vector normalization. The input pattern (%, black), the
feedforward weight vector onto a first output unit (i}, blue), and the feedforward weight
vector onto a second output unit (i, red) are represented, as well as the angle a (resp. f)
between X and i} (resp. il2). Vectors with arrow end on the dotted circle have the same norm.
(a) Case where the weight vectors are normalized. (b) Case where the weight vectors are not
normalized: the red arrow is much longer than the blue arrow. Note that the input pattern
does not have to have the same norm as the weight vectors for the argument.

with L an integer positive value which denotes the number of active input units, then the
L2-norm of the input patterns is also identical (||%*|| = v/L V).

The activity of any output unit i upon presentation of pattern X is defined as:
N
vi=[f| ) wijx;|=f@;-3) (3.3)
j=1

with f a gain function which is monotonously increasing, w;; the connection weight between
input unit j and output unit i, and i¥; the feedforward weight vector onto output unit i (the
i™" row of the connectivity matrix between input and output layers).

In a single WTA setting the output unit which wins the competition is, according to equa-
tion (3.3), the one which has the largest dot product between its feedforward weight vector iv;
and the input pattern X. Therefore, it is crucial that all feedforward weight vectors are bounded
to the same norm to ensure fair competition between output units. Indeed, if an input pattern
is presented to the network, we would like that the output unit whose feedforward weight
vector aligns best with the input pattern wins the competition. The norm of the feedforward
weight vectors does not need to be equal to the one of the input patterns, though.

Figure 3.2 provides an illustrative example. We have a < 8, hence the output unit receiving the
blue i, feedforward weight vector should intuitively win the competition because it is closer
to X than the red i, feedforward weight vector. However, according to equation (3.3) the unit
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Figure 3.3 - BCM learning rule. The weight update Aw;; as a function of the postsynaptic
activity y; is plotted for a given value of the presynaptic activity x; and two different neuronal
activity thresholds 6; and 6. When the postsynaptic activity is smaller than the activity thresh-
old (y; < 8;) the weights undergo LTD, otherwise (y; > 6;) they undergo LTP. The maximum
LTD value is — %, hence the blue curve shows smaller LTD updates than the red dotted curve
because 0; <0;.

with i) wins only if i, - X > i - X. Using the definition of the dot product, we have:

Wy - X = |lun |l 1X]] cos(a) (3.4)

b'Dz'J_é:llb'DzllllX'llCOS(ﬁ) (3.5)
Without loss of generality, let’s assume that ||X|| = ||i01 || = 1. Therefore, we obtain:

i - X =cos(a) (3.6)

Wy - X = ||| cos (B) (3.7)
Here, it is clear that if || i2|| = ||iD1 || (normalized case) the first output unit wins the competi-

tion, as it aligns best with the input pattern (cos (@) > cos(f) because a < ), see Figure 3.2a.
However, if || it || > ||i01 || (non-normalized case), it is possible that the second output unit
wins the competition, even though its feedforward weight vector is farther away from the input
pattern than the one from the first output unit, see Figure 3.2b. For example if = 2a = %, it s
sufficient that || i || > v/3 for the second output unit to win the competition (because then

LS 3 o = _ ~
D)% = cos (@) = 4 < iy % = | Wzllcos () = L1,

3.2.1 Example: Runaway dynamics of the weights with the BCM learning rule

Here we illustrate the importance of proper normalization of the feedforward weight vectors
with a learning rule which is frequently used for biologically plausible networks: the BCM
learning rule (Bienenstock et al. (1982)), see Figure 3.3:

Awij = yi (yi—6i) xj —ewj (3-8)
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with y; the activity of the output unit i, x; the activity of the input unit j, € a scalar that
determines the amplitude of weight decay, and 8; a neuronal activity threshold. The BCM rule
is biologically plausible, because it is local (e.g. it uses information available at the synapse:
the presynaptic and postsynaptic activity) and can be implemented online. In addition, it
contains a “triplet” term ( yl? xj) which has been shown to be needed to fit experimental data
(Pfister and Gerstner (2006)).

Let us focus on a neuron i with a single input j, and a monotonically increasing function f
in equation (3.3). The derivative of equation (3.8) with respect to the postsynaptic activity is
given by:

d(Awij(yi))

a; =xj(2yi—0;) 3.9)

If € is small enough, the last term in equation (3.8) is negligible, hence the fixed points and
their stabilities are (keeping in mind that x; >0V j, and 6; =0 Vi):

* y; = 0: Stable fixed point because

d(Awij(yi))

=-xi0; <0 3.10
dy; XU ( )

¥i=0

* y; =0;: Unstable fixed point because

d(Awij(yi))

=xi0;>0 3.11
dy; Xjbi > ( )

J/i:9i

so that w;; increases and y; increases as well because of equation (3.3). The limitations of
these qualitative arguments have been discussed in Zenke et al. (2015) (Turrigiano and Nelson
(2000); Vitureira et al. (2012)).

The neuronal activity threshold 8; is frequently defined as a sliding threshold, which depends
on the average postsynaptic firing activity (y;). Because 8; depends on the activity history of
the postsynaptic neuron, it provides a solution to the stability-plasticity dilemma in neuronal
networks. Indeed, if a postsynaptic neuron remains silent for some time, its activity threshold
decays to 0. As the activity threshold gets lower, the postsynaptic neuron has higher chance
to have an activity y; > 6;, hence increase its weights (Aw;; > 0 for y; > 6;). Conversely, if a
postsynaptic neuron is highly active (y; > 0;) for some time, its sliding threshold increases,
making it harder for it to be active in the future (see Figure 3.3).

Despite its nice properties, the standard BCM learning rule is not appropriate in unsupervised
competitive settings. Indeed, if all output units start with an identical L2-norm of their
feedforward weight vectors, they initially compete fairly for activation. However, as long as
one output unit wins the competition, its feedforward weight vector grows (Aw;; > 0) to a
larger L2-norm. Hence the same output unit has higher chance to win again the competition
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Figure 3.4 — Standard competitive learning. When a standard competitive learning rule is
used, the feedforward weight vector i (blue) onto the winning output unit is updated in the
direction of the input pattern (X, black). (a) Let’s assume that at time ¢, || WD = 1%l = VL.
The weight update AiY) moves the feedforward weight vector onto the winning output unit
in the direction of the input pattern X. (b) At time ¢ + 1, the feedforward weight vector, i+
of the winning output unit has a smaller norm, and aligns better with the input pattern. The
new weight update, A1), is thus smaller.

for the next input pattern, therefore increasing even more its feedforward weight vector. This
positive feedback loop yields to an unbounded increase of the feedforward weight vector onto
one output unit. Therefore that output unit always wins the competition (Figure 3.2b), so the
input patterns cannot be categorized.

3.3 Unsupervised competitive learning

At each input pattern presentation, the feedforward weight connections are learned. The
output units whose feedforward weight vectors align best with the input pattern win the
competition and silence all other output units through the inhibitory recurrent connections.
Therefore if a Hebbian learning rule such as the BCM rule (Bienenstock et al. (1982)) is used,
the winning output units are the only ones which update their weights. Here, using a single
WTA setting for simplicity, we show that the feedforward weight vector onto the winning
output unit moves in the direction of the presented input pattern.

3.3.1 Standard competitive learning rule

The standard competitive learning rule reads (Hertz et al. (1991)):
Aw;ij=ny; (xj— wij) (3.12)

The weight update of the connection between input unit j and output unit i depends on a
learning rate 7, the presynaptic activity x;, the postsynaptic activity y;, and the current weight
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of the connection w; ;. Only the winning output unit i* updates its weights, as y; =0 Vi # i*.
This rule contains a heterosynaptic term, —ny; w; j, which depends on the postsynaptic activity
only and prevents runaway dynamics of the weights. This rule can also be written in a vector
form:

Aw; =ny; (X - w;) (3.13)
where i; is the feedforward weight vector onto output neuron i.

It can be seen mathematically that this learning rule updates the feedforward weight vector
onto each output unit in the direction of the input patterns for which it is the winner. Indeed, at
convergence, the expectation of the weight change over all input patterns is zero: (AiD;) =0 Vi.
Hence, each output unit becomes selective for the center of mass of all input patterns for
which it is the winner: 0;x = ?céM for the winning output unit i in response to patterns from
cluster k, x*.

Figure 3.4 illustrates how the feedforward weight vector onto the winning output unit con-
verges to the presented input pattern. The feedforward weight vector onto each output unit
converges similarly to the input pattern it is closest to. If 7} is set to y+ (if output units have
binary activity, y;+ =¢>0Vi*,son= %), the weight vector i aligns with the input pattern X
in one learning step. Therefore the weight vector would jump for each pattern presentation
for which it wins the competition, so the network learning would be temporally unstable (it
would never reach convergence). Hence to have stable learning, 7 should be set small enough.
Convergence of the feedforward weight vector onto a particular input pattern thus requires a
long input presentation.

Noteworthy, as observable in Figure 3.4, even if all feedforward weight vectors are initialized
to the same norm, during the course of learning, their norm is varying. If the environment is
not well-behaved, it is possible that it poses some problem, as competition between output
units is not fair anymore (Section 3.2). Other learning rules ensure that the feedforward weight
vectors are always normalized to the same norm.

3.3.2 Oja’slearning rule

Oja’s learning rule (Oja (1982)) is a variant of unsupervised learning rules that ensures that
all output units get a feedforward weight vector whose L2-norm is equal to 1 under some
conditions, as will be explained below. It reads (Figure 3.5):

Awij=ny;(xj - yiwij) (3.14)

The only difference with the standard competitive rule is that the heterosynaptic term,
-1 yl? w;j, depends on the square of the postsynaptic activity. Oja’s learning rule is equiv-
alent to the standard competitive learning rule when the activity of the output units is binary
(0 or 1, step gain function).
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Figure 3.5 — Oja’s learning rule. The weight update Aw;; as a function of the postsynaptic
activity y; is plotted for a given value of the presynaptic activity x; and two different weight
values w;; and w;‘j. When the weight is smaller than the presynaptic activity (w;; < x;, blue
curve) we have an LTP-dominated regime. On the contrary, when the weight is bigger than

the presynaptic activity (w; P> X red dotted curve) we have an LTD-dominated regime. The
2

maximum LTP value is %’ hence the blue curve shows bigger LTP updates than the red

dotted curve because w;; < wy;

If the output units have a linear gain function, it can be shown that Oja’s learning rule enforces
all feedforward weight vectors to have an L2-norm of 1. Indeed, at convergence, each weight
has reached a stable value, hence the expectation of the weight update over the presentations
of input patterns is (Aw; ;) = 0 Vi, j. Let’s consider a single output unit for simplicity, and thus
denote by w; the weight from input unit i to that single output unit. Then, at equilibrium:

0=(AWD=<YUﬁ—wa>=<%W—yzwﬁ
N N N
= ((Z wjxj) Xi— ( Wij) (Z wkxk) wi)
j=1

j=1 k=1

M=

N
(xixj)wj—( Z wj<xjxk)wk)w,-
j=1 j=Lk=1
N
Ci]-w]-— Z ijjkwk Wi (3.15)
j=1k=1

M=

j=1

where we have defined the matrix C = (¥%”). Its elements are given as an expectation over the
input patterns: C;; = (x;x;). Therefore it is a symmetric matrix (C;; = Cj;). We now look at the
expectation of the whole feedforward weight vector update by stacking the expected weight
update of each of its elements ((Aw;)):

0=(Ai)=Civ— (' Civ) (3.16)
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It implies that:

Civ = (' Civ) i

Ciww=Aw (3.17)
with A = i0” Cib a scalar. Therefore, i0 is an eigenvector of C, with eigenvalue A. So we have:
A=aT Cw) =" M) =A(@" @) = A(lwDl)> (3.18)

where the second equality comes from equation (3.17), and the third equality from the fact
that A is a scalar. According to equation (3.18), we have (||@|))? = 1. Therefore Oja’s learning
rule yields feedforward weight vectors whose L2-norm is equal to 1 when the gain function of
the output units is linear.

For arbitrary gain functions of the output units, we can still show that Oja’s learning rule
provides feedforward weight vectors whose L2-norm is bounded under some constraints.
Analogously to Section 3.2.1, let us focus on a neuron i with a single input j, whose activity is
X;j = 0. In this particular case, the fixed points of the learning rule (Aw;; = 0) and their stability
are determined. The derivative of equation (3.14) with respect to the postsynaptic activity is

given by:
d(Aw;;(yi)
(Awij(y)) (- 2wi7) (3.19)
dyi

The stability of the fixed points can thus be determined:

* y; =0: Unstable fixed point because:

d(ALUij(yi))

=nx;>0
dyi Ol

yi=0

ey = Lz—f] Stable fixed point, because:

d(Aw:: (v
( ij (yl)) = —nx; <0
dyi *j

w;j

Therefore, during presentation of a single input pattern, the weight w;; moves towards its
stable fixed point w;; = % over the course of learning.

We will now compute the expectation of the L2-norm of the feedforward weight vectors at
convergence of learning, based on a generalized version of Oja’s equation (3.14) with power p
and amplitude «a of the heterosynaptic term:

Aw;j =10 (yixj - ay; wij) (3.20)
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Oja’s learning rule is a special case with p =2 and a = 1. The expectation of the weight update
over all input pattern presentations reads:

Awij) =n(yixg) -y wij)) (3.21)
At convergence of learning, the expectation of the weight update is zero: (Aw;;) = 0, hence:

0=n((yixj) - aly" w;))
(yixj)
a(y )

= wij = (3.22)

We keep in mind that the activity y; of output unit i is a function of its input a; (equation (3.3)):
=flap=f (Z _ Wi ]x]) Therefore, if the gain function f is invertible:

ai=f"(yi)
N

Z wijxj=f" (yi) (3.23)

The gain function f is invertible everywhere except at its zero values. For example, if a
piecewise linear gain function is chosen, it is invertible at all its linear sections, but not at the
breakpoints between linear sections.

The expected L2-norm of the feedforward weight vector is then given by:

N N (ylx )
2 Wi =y| L wi ;
j=1 \ =1 a<y>
1
Naoro (s
—\/ o yif~'a) (3.24)

For a special case with Oja’s learning rule (p = 2, @ = 1) and a linear gain function f: y; =
Zj.V:l w;jx; and f‘l(yi) = yi, we recover (as above):

s <ylyl> (3.25)

For an arbitrary gain function and an arbitrary value of the power p, however, convergence of
the L2-norm should be investigated case by case. For example, in a single WTA settings with
step gain function for the output units (hence y; = 1 when output unit i is a winner, y; =0
otherwise), Oja’s learning rule ensures that the L2-norm of all feedforward weight vectors is
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identical. However, in more complicated settings, such as soft WTA, a classical Oja’s learning
rule cannot be used because different winners for the same input pattern can have different
activity values y;, hence the feedforward weight vectors are not all normalized to the same
norm.

3.3.3 Temporally unstable learning

During unsupervised competitive learning with step gain function, the vector of feedforward
weights onto a given output unit converges to the direction of the center of mass of the
cluster of input patterns for which it is a winner. Therefore, with constant learning rate, the
feedforward weight vector will always move around the center of mass of the patterns it is
selective for, as presentation of each pattern of the cluster will pull the weight vector towards
it. Furthermore, if some clusters are overlapping or very close to each others, it is possible
that some output units switch their selectivity from one cluster to the other over the course of
learning. Hence, for arbitrary input patterns, unsupervised competitive learning is temporally
unstable. Grossberg has demonstrated that stability and convergence of incremental updating
can only be proven if the input space is very sparse, meaning that the minimal overlap between
two patterns of the same cluster is bigger than the maximal overlap between patterns of
different clusters (Grossberg (1987b)).

To overcome the issue of temporally unstable learning, the learning rate can be decreased over
time. It reduces the update of the feedforward weight vectors upon each input pattern presen-
tation, consequently also avoiding a change of the winning output unit upon presentation of
the same input pattern at different time points during learning.

3.4 Initialization of the weights

In standard unsupervised competitive learning, the feedforward weight vectors onto each
output unit are randomly initialized. They cannot start with zero elements, otherwise none
of the output units would ever be activated, because their sole source of activation comes
from the input layer. In addition, they should be initialized to the same L2-norm to ensure fair
competition between output units (see Section 3.2).

Depending on the random initialization, different cases arise during learning, see Figure 3.6.
Ideally, the feedforward weight vectors are each initialized relatively close to different clusters
of inputs, therefore upon learning they each become selective for a different cluster (Fig-
ure 3.6a). However, some instances of random initialization might not be optimal for perfect
clustering of the input patterns, hence subclustering or dead units issues may happen.

Subclustering occurs if two (or more) feedforward weight vectors are initialized close to the
same input cluster (Figure 3.6b). In this case, they will each become selective for a subset of
that cluster, and represent different prototypes of the same category. As it provides a more
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Initialization

After learning

Figure 3.6 — Outcome for different initializations of the feedforward weight vectors. Nor-
malized input patterns are represented by blue dots on the surface of a hypersphere. The
dimension of the hypersphere corresponds to the dimension of the input layer. We restrict
ourselves to positive input activities, hence the input patterns are all located on the positive
quadrant of the hypersphere. Arrows represent the feedforward weight vectors onto three
output units. For simplicity, they all have a norm equal to the one of the input patterns (hence
the arrow ends are on the surface of the hypersphere as well). Upon learning, they move
towards the center of mass of the input patterns for which they are the winner. A case where
one output unit has to win the competition for each input pattern is considered. (a) Ideal
initialization: Each weight vector becomes selective for a different cluster, more specifically the
one they were initialized the closest to (and hence for which they always won the competition).
(b) Subclustering: Two weight vectors (yellow and red) were initialized close to the top cluster,
therefore they alternatively won the competition for some patterns of the top cluster, and
became selective for two different subsets of the same cluster. The orange weight vector is
initialized further away, hence it becomes selective for the center of mass of the two remaining
clusters. (c) Dead unit: One weight vector (yellow) is initialized very far from the subspace
where the input patterns lie, hence it is never updated because the corresponding output unit
never wins the competition. Instead, the output unit with the orange weight vector wins the
competition for all input patterns of the two bottom clusters, therefore the orange weight
vector becomes selective for the center of mass of the two bottom clusters.

44



3.4. Initialization of the weights

fine-grained representation of that cluster, it is not a problem in itself. However, if the network
had been designed as a single WTA network with as many output units as the number of input
categories to classify, it implies that at least one category cannot be properly represented by
the network. More specifically, if the network was set up in a way that enforces a winning
output unit for each pattern presentation, at least one output unit becomes selective for a
mixture of several clusters (case in Figure 3.6b). On the other hand, if a winner is not enforced,
some clusters of input patterns may never succeed in activating any output unit, so they are
not represented by the network.

Dead units are output units that never get activated by presentation of any input pattern. As
they never win the competition, their weights are never updated in the direction of the input
patterns, hence they always stay silent. Dead units arise if some feedforward weight vectors
are initialized in a direction that is too far from the subspace of input patterns (Figure 3.6c).
Dead units do not help network computation, therefore they should be avoided.

3.4.1 Algorithmic solutions to the problem of dead units

Dead units are a common issue in unsupervised competitive learning, and several algorithmic
strategies have been developed to avoid this problem (reviewed in Hertz et al. (1991)).

The first and most straightforward solution is to use smart initialization of the feedforward
weight vectors. By smart, it is meant that each weight vector is initialized close to a cluster of
input patterns (ideal case in Figure 3.6a). They can be each set to one input pattern of each
cluster, or even directly to the center of mass of the clusters. However, this strategy is only
applicable if there is knowledge about the input patterns, which is not the case in unsupervised
settings.

Second, in the leaky learning strategy every output unit updates its feedforward weights
(Rumelhart and Zipser (1985); Grossberg (1987b)). The winner of the competition uses a large
(fast) learning rate, while the losers use a smaller (slower) learning rate. In this way, all output
units move towards the presented input pattern, to different extents. It is not a Hebbian rule
anymore, as silent postsynaptic output units still update their feedforward weights.

Third, in the “conscience” strategy, every output unit is assigned an activity threshold. It is
increased for the winning output unit, to make it harder for that same output unit to win again
the competition in the future. The activity thresholds of the losing output units are decreased,
therefore making them more likely to win the competition for subsequent input patterns, even
if they were initialized very far from the subspace of input patterns. This algorithm can even
be set up in such a way that every output unit wins for the same proportion of input patterns
on average (Grossberg (1976); Bienenstock et al. (1982); Rumelhart and Zipser (1985); DeSieno
(1988)).
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3.5 Open questions

In this work, I investigate whether adult dentate gyrus neurogenesis might provide a biological
solution to the problem of dead units in unsupervised competitive learning.

The dentate gyrus is frequently modeled as a WTA network because of its numerous inhibitory
recurrent connections (Acsady et al. (1998); Amaral et al. (2007)) and its sparse activity (Chawla
et al. (2005)). In addition, it has been shown to be necessary for discrimination of similar (but
not distinct) stimuli (Gilbert et al. (2001); Hunsaker and Kesner (2008)), and it receives most of
its input from entorhinal cortex (Amaral et al. (2007)) through perforant pathway connections
which exhibit Hebbian plasticity (Schmidt-Hieber et al. (2004); Ge et al. (2007); McHugh et al.
(2007)). Therefore, it is natural to model the whole circuit from entorhinal cortex to dentate
gyrus using unsupervised competitive learning.

Several algorithmic approaches have been developed to avoid that some units of the WTA
network never win the competition and remain dead units in unsupervised learning settings
(Hertz et al. (1991)). However, most of these strategies lack a biological interpretation. The
adult-born dentate granule cells have been shown, however, to promote discrimination of
similar (but not distinct) stimuli (Clelland et al. (2009); Sahay et al. (2011a)), even though they
represent only a small proportion of the whole dentate granule cells population (Van Praag
etal. (1999); Cameron and McKay (2001)). Therefore, they must be integrated in the preexisting
circuit in a way that ensure that they become functional units, and help computation of the
network. To my knowledge, none of the previous modeling studies has taken into account
the particular scheme of integration of adult-born dentate granule cells to investigate if it
facilitates that newborn cells do not remain dead units when behavioral demands are present.

Besides, normalization of the feedforward weight vectors onto the output units is critical in un-
supervised competitive learning to ensure fair competition between output units (Section 3.2).
Some biologically plausible learning rules already make sure that all weight vector keep the
same norm (Oja (1982)). However, they fulfill this requirement only in particular conditions
of the network and gain function of its units. In addition, most of the learning rules that are
used for modeling neurogenesis bypass this issue by simply artificially normalizing the weight
vectors at every learning step (Section 2.4).

Here, to stay closer to biology, we would like to model the entorhinal cortex to dentate gyrus cir-
cuit as a soft WTA network with assemblies of units active for each input pattern presentation.
Therefore, we need to implement an unsupervised learning rule for the feedforward con-
nections which is biologically plausible and ensures normalization of all feedforward weight
vectors to the same norm despite the different activity levels of output units for different input
pattern presentations.

46



47






Integration of adult-born dentate
granule cells

4.1 Introduction

In the adult mammalian brain, neurogenesis, the creation of new neurons, is restricted to a
few brain areas, such as the olfactory bulb and the dentate gyrus (Deng et al. (2010)). The
dentate gyrus is the entry point of input from cortex, primarily entorhinal cortex (EC), to
the hippocampus (Amaral et al. (2007)), which is believed to be a substrate of learning and
memory (Jarrard (1993)). Adult-born cells in dentate gyrus mostly develop into dentate granule
cells (DGCs), the main excitatory cell type (Deng et al. (2010)).

The properties of rodent adult-born DGCs change as a function of their maturation stage,
until they become indistinguishable from other mature DGCs at approximately 8 weeks
(Deng et al. (2010); Johnston et al. (2016)) (Figure 2.2). Many of them die before they fully
mature (Dayer et al. (2003)). Their survival is experience-dependent, and depends on NMDA
receptor activation (Tashiro et al. (2006)). Initially, newborn DGCs have enhanced excitability
(Schmidt-Hieber et al. (2004); Li et al. (2017)) and stronger synaptic plasticity than mature
DGCs, reflected by a larger LTP amplitude and a lower threshold for induction of LTP (Wang
et al. (2000); Schmidt-Hieber et al. (2004); Ge et al. (2007)). Furthermore, after 4 weeks of
maturation adult-born DGCs have only weak connections to interneurons, while at 7 weeks of
age their activity causes strong feedback inhibition of mature DGCs (Temprana et al. (2015)).

Newborn DGCs receive no direct connections from mature DGCs (Deshpande et al. (2013);
Alvarez et al. (2016)), (yet see Vivar et al. (2012)), but are indirectly activated via interneurons
(Alvarez et al. (2016); Heigele et al. (2016)). During maturation, the y-aminobutyric acid
(GABAergic) input from interneurons to adult-born DGCs switches from excitatory in the
early phase to inhibitory in the late phase of maturation (Deng et al. (2010)) (Figure 2.2).
Analogous to a similar transition during embryonic and early postnatal stages (Wang and
Kriegstein (2010)), this transition is caused by a change in the expression profile of chloride
cotransporters, from NKCCI in the early phase to KCC2 in the late phase (Ben-Ari (2002);
Owens and Kriegstein (2002); Ge et al. (2006)). Importantly, it has been shown that GABAergic
inputs are crucial for the integration of newborn DGCs into the preexisting circuit (Ge et al.
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(2006); Chancey et al. (2013); Alvarez et al. (2016); Heigele et al. (2016)).

Adult-born DGCs are preferentially reactivated by stimuli similar to the ones they experienced
during their early phase of maturation, up to 3 weeks after cell birth (Tashiro et al. (2007)).
Even though the amount of newly generated cells per month is rather low, 3 to 6% of the
total DGCs population (Van Praag et al. (1999); Cameron and McKay (2001)), adult-born
DGC:s are critical for behavioral pattern separation (Clelland et al. (2009); Sahay et al. (2011a);
Jessberger et al. (2009)), in particular in tasks where similar stimuli or contexts have to be
discriminated (Clelland et al. (2009); Sahay et al. (2011a)). However, the functional role of
adult-born DGCs is controversial (Sahay et al. (2011b); Aimone et al. (2011)). One view is
that newborn DGCs contribute to pattern separation through a modulatory role (Sahay et al.
(2011b)), via a combination of enhanced excitability (Schmidt-Hieber et al. (2004); Li et al.
(2017)), and absence of inhibition (Alvarez et al. (2016); Heigele et al. (2016)). Another view
suggests that newborn DGCs act as encoding units. This view is supported by the fact that
newborn DGCs have a critical window of maturation when they encode features of their
environment (Kee et al. (2007); Tashiro et al. (2007)). Yet, the mechanism by which they
promote pattern separation is still unknown. Some authors have even challenged the role
of newborn DGCs in pattern separation in the classical sense and have proposed a pattern
integration effect instead (Aimone et al. (2011)).

To address this controversy, we present a model of how newborn DGCs integrate into the pre-
existing circuit. Our results suggest that the switch from lateral excitation to lateral inhibition
during the maturation of newborn DGCs may play a crucial role for their proper integration
into the existing network of DGCs. Our model shows how the particular integration scheme of
newborn DGCs makes them particularly suitable to encode novel stimuli.

4.2 Methods

4.2.1 Network architecture and rate neurons dynamics

DGCs are the principal cells of the dentate gyrus. They mainly receive excitatory projections
from the entorhinal cortex through the perforant path and GABAergic inputs from local
interneurons, as well as excitatory input from Mossy cells. They project to CA3 pyramidal cells,
inhibitory neurons, and Mossy cells (Acsady et al. (1998); Henze et al. (2002); Amaral et al.
(2007); Temprana et al. (2015)). In our model, we omit Mossy cells and describe the dentate
gyrus as a competitive circuit consisting of Npgc dentate granule cells and N; GABAergic
interneurons (Figure 4.1). The activity of Ngc neurons in EC represents an input pattern
X = (x1,X2,..., XN,.), with x; = 0Vi because firing rates are positive quantities. As the perforant
path also induces strong feedforward inhibition in the dentate gyrus (Li et al. (2013)), we
assume that the effective EC activity is normalized, such that ||X|| = 1 for any input pattern X.
We use P different input patterns X*, 1 < u < P in the simulations of the model.

The EC neurons have excitatory all-to-all connections to the DGCs. In rodent hippocampus,
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Figure 4.1 - Architecture of the biologically plausible network. EC neurons (black, rate x;)
are fully connected with weights w;; to DGCs (blue, rate v;). DGCs and interneurons (red,
rate vi) are mutually connected with probability p;r and pg; and weights wllf and wka ,
respectively. Connections with a triangular end (black and blue) are glutamatergic, the others
(red) are GABAergic.

spiking of mature DGCs activate interneurons in DG, which in turn inhibit other mature DGCs
(Leutgeb et al. (2007); Temprana et al. (2015); Alvarez et al. (2016)). In our model, the DGCs are
thus recurrently connected with inhibitory neurons (Figure 4.1). Connections from DGCs to
interneurons exist with probability p;r and have a weight w;g. Similarly, connections from
interneurons to DGCs occur with probability pg; and have a weight wg;. All parameters are
reported in Table 4.1.

Before an input pattern is presented, all rates of model DGCs are initialized to zero. Upon
stimulation with input pattern X, the firing rate v; of DGCs i evolves according to (Miller and
Fumarola (2012)):

dv; [I; — b;]
de—tl =—v; +tanh(lTl+) (4.1)

where [.]+ denotes rectification: [a] = a for a > 0 and zero otherwise. L indicates steepness of
the tanh, b; is a firing threshold and I; the total input to cell i:

Ngc Np

I; = Z wijxj+ Z wfklvi (4.2)
=1 k=1

with x; the activity of EC input neuron j, w;; = 0 the feedforward weight from EC input neuron

j 0 DGC i, and wk! the weight from inhibitory neuron k to DGC i. The sum runs over all

EI

inhibitory neurons, but the weights are set to w;; = 0 if the connection is absent. The firing

k
rate v; is unit-free and normalized to a maximum of 1, which we interpret as a firing rate of 10

Hz. We take the synaptic weights as unit-less parameters such that /; is also unit-free.
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Figure 4.2 - Firing rate distribution. Distribution of the percentage of DGCs (mean with 10th
and 90th percentiles) in each bin of firing rate upon presentation of MNIST patterns: (a) at
the end of the early phase of maturation, and (b) at the end of the late phase of maturation.
Percentages are obtained by normalizing by the number of neurons in each subpopulation
(79 mature neurons in dark grey, 21 newborn neurons in light grey).

The firing rate vi of inhibitory neuron k, is defined as:

dvi I gl o
Tinh - = Vit (I —p Npccl+ (4.3)
with p* a parameter which relates to the desired ensemble sparsity, and ,ﬁ the total input

towards interneuron k, given as:

Npge

L= wiv (4.4)
i=1

with wllcf the weight from DGC i to inhibitory neuron k. (We set wllcf = 0 if the connection is
absent.) The feedback from inhibitory neurons ensures a sparse activity of model DGCs for
each pattern. With p* = 0.1 we find that more than 70 % of model DGCs are silent (firing rate
< 1 Hz (Senzai and Buzsdki (2017))) for each pattern presentation, and less than 10% are highly
active (firing rate > 9 Hz) (Figure 4.2), consistent with the experimentally observed activity
sparsity in dentate gyrus (Chawla et al. (2005)).

4.2.2 Plasticity rule

Projections from EC onto newborn DGCs exhibit Hebbian plasticity (Schmidt-Hieber et al.
(2004); Ge et al. (2007); McHugh et al. (2007)), and NMDA receptors in DGCs are necessary
for discrimination of similar contexts in a fear conditioning task in mice (McHugh et al.
(2007)). Therefore, in our model the connections from EC neurons to DGCs are plastic,
following a Hebbian learning rule which exhibits long-term depression (LTD) or long-term
potentiation (LTP) depending on the firing rate v; of the postsynaptic cell (Bienenstock et al.
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Figure 4.3 — Weight update as a function of postsynaptic activity. Weight update Aw;; as a
function of the firing rate v; of the postsynaptic DGC showing LTD for v; < 6 and LTP for
0< Vi <Vi.

(1982); Artola et al. (1990); Pfister and Gerstner (2006)) (Figure 4.3). Input patterns X*, 1 < u< P,
are presented in random order. Once the firing rate of the DGCs in response to pattern
X" have converged, the weight between any EC input neuron j and a DGC i is updated

) (p=1)

(wl(.s.‘ =w; o+ nAw; ), according to the following plasticity rule:

Awij = —(Xx]'Vi[e —vil+ +yxjv,~[vl~ -0], - ,Bwij [v; —9]+V? (4.5)
with a = %, Y = Y0 —0, x; the firing rate of presynaptic EC input neuron j, and v; the firing
rate of postsynaptic DGC i. The values of the parameters ay, Yo, 8, and @ are given in Table 4.1.
The weights are hard-bounded from below at 0, i.e. if equation (4.5) leads to a new weight
smaller than zero, w;; is set to zero. The first two terms of expression (4.5) are a variation of
the BCM rule (Bienenstock et al. (1982)). The third term implements heterosynaptic plasticity
(Chistiakova et al. (2014); Zenke and Gerstner (2017)). Because the first two terms of the
plasticity rule are Hebbian and proportional to the presynaptic activity x;, the active DGCs
(v; > 0) update their feedforward weights in direction of the input pattern X. Moreover, all
weights onto neuron i are downregulated heterosynaptically by an amount that increases
supra-linearly with the postsynaptic rate v;. Similar to learning in a competitive network, the
vector of feedforward weights onto active DGCs will move towards the center of mass of the

cluster of patterns they are selective for (Kohonen (1989); Hertz et al. (1991)).

As visible on Figure 4.3, for a given input pattern X*, there are three fixed points for the
x

I — 3

postsynaptic firing rate (values for which Aw;;(v;) =0): v; =0,v; =6, and v; = Bur = Vi
ij
(the negative root is omitted, because v; = 0 by construction). For v; < 0, there is LTD, so the

weights move toward zero: w;; — 0, while for v; > 0, there is LTP so the weights move toward:
I

YX; SU . .
w;; — +%. If a pattern X* is presented only for a short time these fixed points are not reached
J ﬁvi

during a single pattern presentation.
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Table 4.1 — Parameters for the simulations of the biologically plausible network

Network

Connectivity

Dynamics

Plasticity

Numerical simulations

Ngc =144
N;=25

LU]EZI
PIE = 0.9

T, =20ms
L=05

g = 0.05
Yo =10
Vo = 0.2

At=0.1ms
np =0.01

Npgc =100
wpp = ——L
pEr*Np
PEI = 0.9
Tiph = 2 MS
p*=0.1
:B =
0 =0.15
n=0.01

Fixed points and their stabilities for a single input pattern

The fixed points of the dynamics for a single input pattern are given by the zero crossings of
the Aw;j(v;) curve. If a slight increase of the activity results in an increase of the weight, this
would further increase the activity and make the fixed point unstable. Therefore, the stability
of the fixed points is assessed by computing the derivative of Aw; ;(v;) with respect to v; and

determining its sign when evaluated on each fixed point. The derivative is given by:

d (Awij (Vi))
dVl'

axjv;—0),ifv; <0

Hence the stability of the fixed points is as follows:

¢ v; = 0: stable fixed point, because:

d(Aw;j(vy))

=—afx; <0
dV,’ J

v;=0

¢ v; = 0: unstable fixed point, because:
- starting from below (v} < 6):

. d(Awij(V,'))
lim ————=
vi—0 dv;

L ®
Vi=V]
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- starting from above (v} > 0):

d(Aw;j(v;
lim —( w](v))

4, = —4Bw; ;0% +3p0w; ;6% +2yx;0 — yOx;

Vi=Vv

(ij pw;;6 )

The last equality holds, because 0 < / ﬁ w -, so it implies that yx; > fw; ]6
We note here that the derivative is not smooth at the point v; = 6.

* V=, /ﬁYTxf] > 0: stable fixed point, because:

d(Aw;j(vy))
dvi

 apu, T [
Yxj l]ﬂw,] ﬁwl]

| YXj
= —-2yX;j ﬁTjj +2y0x;

YXj
=2yx;|0 - <0
Y ]( ﬁwij)

yx;
Sﬁew”ﬂ ! -+ 27X

Winners, losers, and quasi-orthogonal inputs

We define the winners as the DGCs which become strongly active (v; > 6) during presentation
of an input pattern. Since the input patterns are normalized to have an L2-norm of 1 (||X#|| =1
by construction), and the L2-norm of the feedforward weight vectors is bounded (see Sec-
tion Direction and length of the weight vector), the winning units are the ones whose weight
vectors i0; (row of the feedforward connectivity matrix) align best with the current input
pattern X*. Furthermore, we say that an input pattern X" is “quasi-orthogonal” to a weight

EII

vector w; if I; = ZN Wwijxj+ Z WV < b;. If an input pattern ¥* is quasi-orthogonal to a

j=1
weight vector i0;, then neuron i does not fire in response to X*. Note that for a case without

inhibitory neurons and with b; — 0, we recover the standard orthogonality condition.

Direction and length of the weight vector

Let us denote the ensemble of patterns for which neuron i is a winner by C; and call this the
set of winning patterns (C; = {u|v; > 8}). Suppose that neuron i is quasi-orthogonal to all
other patterns, so that for all u ¢ C; we have v; = 0. Then the feedforward weight vector of
neuron i converges in expectation to:

. Y {G1(v)E) e,

= 4.7
Y B G v e @7

where G;(v;) = (v; —0)v; and Gy (v;) = (v; — 0)1/?. Hence w; is a weighted average over all
winning patterns. (To obtain expression (4.7), set equation (4.5) to zero and solve for w;.)
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The squared length of the feedforward weight vector can be computed by multiplying equa-
tion (4.7) with w;:

Y {G1(v) (@i - X)) pec;
B (Ga(vi))puec,

—

iv;||? = ;- i0; = (4.8)

Since input patterns have length one, the scalar product on the right-hand side can be rewrit-
ten as i; - X = ||w;|| cos(a) where « is the angle between the weight vector and pattern X.
Division by ||10;]| yields the L2-norm of the feedforward weight vector:

¥ (G1(vi) cos(@)) yec;

ol = L 4.9
= s G tv e, (4.9

where the averages run, as before, over all winning patterns.

Let us now derive bounds for ||w;||. First, since cos(a) < 1 we have (G; (vi)cos(@)) pec; <
(G1(vi)) uec;- Second, since for all winning patterns v; > 6, where 0 is the LTP threshold, we
have (G2 (Vi) yec; = ((v; — 0) v;)0?. Thus the length of the weight vector is finite and bounded
by:

. Y (G1(Vi)) pec;

. s e ——
i g G v uec,

v 1
<L _— 4.10
562 (4.10)
It is possible to make the second bound tighter if we find the winning pattern with the smallest
firing rate vy such that v; = v Vi € Cj:

1wl < L @.11)

B (Vmin)2

The bound is reached if neuron i is winner for a single input pattern.

We can also derive a lower bound. For a pattern u € C;, let us write the firing rate of neu-
ron I as v;(u) = v; + Av;(u) where v; is the mean firing rate of neuron i averaged across all
winning patterns and (Av;),ec; = 0. We assume that the absolute size of Av; is small, i.e.,
((Av;)?) pec; <K (¥;)?. Linearization of equation (4.9) around v; yields:

.Y Giv)
il = B G2(¥)) (cos(@)pec; (4.12)
Y G) (Vi){cos(@)AV;) uec, G2 (Vi) — G1 (Vi) {cos(@)) uec, Gy (Vi) (AV;) e,
b (G2(#1))?
G (v G\ (v7)
= % G;gl; (cos(@))pec; + % G;(‘_’i) (cos(@)AV;) uec; (4.13)

Elementary geometric arguments for a neuron model with monotonically increasing frequency-
current curve yield that the value of (cos(a@)Av;) e, is positive (or zero), because an increase
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in the angle a lowers both the cosine and the firing rate, giving rise to a positive correlation.
Since we are interested in a lower bound, we can therefore drop the term proportional to G}
and evaluate the ratio G;/G» to find:

1

———{cos(@))yec; =

Y 1
B (v)?

Y
ﬁ (Vmax)2

[l0;]] = cos(@) (4.14)
where Viay is the maximal firing rate of a DGC and @ = max,cc, {a} is the angle of the winning
pattern that has the largest angle with the weight vector. The first bound is tight and is reached
if neuron i is winner for only two patterns.

To summarize we find that the length of the weight vector remains bounded in a narrow
range. Hence, for a reasonable distribution of input patterns and weight vectors, the value of
|| ;|| is similar for different neurons i, so that the weight vector will have, after convergence,
similar lengths for all DGCs that are winners for at least one pattern. In our simulations with
the MNIST data set, we find that the length of feedforward weight vectors lies in the range
between 9.3 and 11.1 across all responsive neurons.

Early maturation phase

During the early phase of maturation, the GABAergic input onto a newborn DGC with index [
has an excitatory effect. In the model, it is implemented as follows: wfkl = —wgr > 0 with
probability pg; for any interneuron k and wfkl = 0 otherwise (no connection). Since newborn
cells do not project yet onto inhibitory neurons (Temprana et al. (2015)), we have wllf =0VI.
Newborn DGCs are known to have enhanced excitability (Schmidt-Hieber et al. (2004); Li et al.
(2017)), so their threshold is kept at b; = 0 V1. Presentation of all patterns of the data set once

(1 epoch) is sufficient to reach convergence of the feedforward weights onto newborn DGCs.

Because the newborn DGCs receive lateral excitation via interneurons and their thresholds are
zero during the early phase of maturation, the lateral excitatory GABAergic input is always suf-
ficient to activate them. Hence, if the firing rate of a newborn DGC exceeds the LTP threshold 9,
the feedforward weights grow towards the presented input pattern, cf. equation (4.5).

Late maturation phase

During the late phase of maturation (starting at about 3 weeks (Ge et al. (2006))), the GABAergic
input onto newborn DGCs switches from excitatory to inhibitory. In terms of our model, it
means that all existing wfkl connections switch their sign to wg; < 0. Furthermore, since
newborn DGCs develop lateral connections to inhibitory neurons in the late maturation
]IC'ZS = 0 otherwise.
The thresholds of newborn DGCs are updated after presentation of pattern u at time n- T

phase (Temprana et al. (2015)), we set w,lf = wyg with probability p;g, and w

(b;") = bg”_l) +npAby) according to Ab; = v; — vy, where v is a reference rate, to mimic the
decrease of excitability as newborn DGCs mature. Therefore the distribution of firing rates of
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Tl

Figure 4.4 — Center of mass for three ensembles of patterns from the MNIST data set, visu-
alized as 12x12 pixel patterns.

newborn DGCs is shifted to the left (towards lower firing rates) at the end of the late phase
of maturation compared to the early phase of maturation (Figure 4.2). A sufficient condition
for a newborn DGC to win the competition upon presentation of patterns of the novel cluster
is that the scalar product between a pattern of the novel cluster and the feedforward weight
vector onto the newborn DGC is larger than the scalar product between the pattern of the
novel cluster and the feedforward weight vector onto any of the mature DGCs. Analogous to
the early phase of maturation, presentation of all patterns of the data set once (1 epoch) is
sufficient to reach convergence of the feedforward weights onto newborn DGCs.

4.2.3 Input patterns

We use the MNIST 12x12 patterns (LeCun et al. (1998)) (Ngc = 144), normalized such that
the L2-norm of each pattern is equal to 1. The training set contains approximately 6000
patterns per digit (K = 10 clusters), while the testing set contains about 1000 patterns per digit
(Figure 4.4).

4.2.4 Classification performance

To evaluate whether the newborn DGCs contribute to the dentate gyrus network function, we
study classification performance and compare it to control cases (see next section). First, the
feedforward weights are learned upon presentation of many input patterns from the training
set, as described in Section 4.2.2. After convergence, we keep them fixed and determine
classification on the test set using artificial readout units (RO).

To do so, the readout weights wﬁio from model DGC i to readout unit k are initialized to
random values drawn from a uniform distribution: wfl.o ~0%(0,1), with o0 = 0.1. The number
of readout units, Ngp, corresponds to the number of learned classes. To adjust the readout
weights, all patterns of the training data set that belong to the learned classes are presented

one after the other. For each pattern X*, we let the firing rate of the DGCs converge (values at
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convergence: vé‘ ). The activity of a readout unit k is given by:

DGC

vfo'“=g( ROp) ( Z wRO /f) (4.15)

As we aim to assess the performance of the network of DGCs, the readout weights are adjusted
by an artificial supervised learning rule. The loss function, which corresponds to the difference
between the activity of the readout units and a one-hot representation of the corresponding
pattern label (Hertz et al. (1991)):

Nro
1 Neo Npge 2
Z ( g( Y wiv “)) (4.16)

with L’; the element k of a one-hot representation of the real label of pattern X*, I*, is mini-
mized by stochastic gradient descent:

ROu dL(W?9)

Aw; ™" =-1 dwkO
ki
( g( Z wRO ﬂ))g ( ROVN) VIJ
— (k- RO“)g ( RO“ 4.17)

The readout units have a rectified tangent hyperbolic gain function: g(x) = tanh (2[x];), whose
derivative is: g'(x) =2 (1 — (tanh (2 [x]+))2). We learn the weights of the readout units over 100
epochs of presentations of all training patterns with n = 0.01, which is sufficient to reach
convergence.

Thereafter, the readout weights are fixed. Each test set pattern belonging to one of the learned
classes is presented once, and the firing rates of the DGCs are let to converge. Finally, the

activity of the readout units v ROp

is computed and compared to the correct label L’Z of
the presented pattern. If the readout unit with the highest activity value is the one that
represents the class of the presented input pattern, the pattern is said to be correctly classified.
Classification error is given by the number of misclassified patterns divided by the total

number of test patterns of the learned classes.

4.2.5 Control cases

In our standard setting, patterns from a third digit are presented to a network that has previ-
ously only seen patterns from two digits. The question is whether neurogenesis helps when
adding the third digit. We use several control cases to compare with the neurogenesis case.
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In two control cases, we either keep all feedforward connections towards the DGCs plastic
(Figure 4.8¢), or fix the feedforward connections for all selective DGCs but keep unselective
neurons plastic (as in the neurogenesis case) (Figure 4.8b). However, in both instances, the
DGCs do not mature in the two-step process of our model of neurogenesis. Finally, in the third
control case, all three digits are learned in parallel (Figure 4.8a).

4.2.6 Pretraining with two digits

As we are interested by neurogenesis at the adult stage, we pretrain the network with patterns
from two digits, such that it already stores some memories before neurogenesis takes place. To
do so, we randomly initialize the EC neurons to DGCs connection weights: they are drawn from
a uniform distribution (w;; ~ U[0,1]). The L2-norm of the feedforward weight vector onto
each DGC is then normalized to 1, to ensure fair competition between DGCs during learning.
Then, we present all patterns from digits 3 and 4 in random order, as many times as needed
for convergence of the weights. During each pattern presentation, the firing rates of the DGCs
are computed (Section 4.2.1) and their feedforward weights are updated according to our
plasticity rule (Section 4.2.2). We find that we need approximately 40 epochs for convergence
of the weights, and use 80 epochs to make sure that all weights are stable. Such a large number
of epochs is needed (versus only 2 epochs in total for newborn DGCs), because weights are
randomly initialized (while for newborn DGCs, the early phase acts as a “smart initialization”
procedure). At the end of the pretraining, our network is considered to correspond to an adult
stage, because some DGCs are selective for prototypes of the pretrained digits (Figure 4.5a).

4.3 Results

We hypothesize that the two-step maturation process caused by the switch of GABA from
excitation to inhibition is crucial for functional integration of newborn cells: since excitatory
GABAergic input potentially increases cooperativity within the dentate gyrus network, we
predicted that newborn DGCs would respond to familiar representations during the early
phase of maturation, but not during the late phase, when inhibitory GABAergic input leads to
competition.

To test this prediction, we pretrained a model network of 100 mature DGCs with input from
144 EC cells to respond to patterns representing two different digits from MNIST, a standard
data set in artificial intelligence (LeCun et al. (1998)). Even though we do not expect EC
neurons to show a 2-dimensional arrangement, the use of 2-dimensional patterns provides a
simple way to visualize the activity of all 144 EC neurons in our model in the form of digits
(Figure 4.4). Pretraining was based on a synaptic plasticity rule which combines LTP and LTD
(Section 4.2.2, Figure 4.3) (Bienenstock et al. (1982); Artola et al. (1990); Pfister and Gerstner
(2006)).
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b End of the early phase
of maturatlon

C End of the late phase
of maturation
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Figure 4.5 — Newborn DGCs learn novel patterns. Receptive fields, defined as the set of
feedforward weights, are visually represented in a 2-dimensional organization. (a) During
pretraining, patterns from MNIST digits 3 and 4 are presented to the network. At the end of
the pretraining, some DGCs have receptive fields corresponding to the two learned digits,
while others remain non-selective (highlighted by red frames). (b) Unselective neurons are
replaced by newborn DGCs, which adapt their feedforward weights while patterns from digits
3, 4, and 5 are presented. At the end of the early phase of maturation, the receptive fields
of all newborn DGCs (red frames) show mixed selectivity. (c) At the end of the late phase of
maturation, newborn DGCs are selective for patterns from the novel digit 5, with different
writing styles.

4.3.1 Different prototypes are learned during the pretraining period

After pretraining with patterns from digits 3 and 4, we examined the receptive fields of the
DGCs, defined as the set of feedforward weights of connections from all 144 EC neurons
onto one DGC. We observed that out of the 100 DGCs, some developed a receptive field that
corresponds to digit 3, others a receptive field that corresponds to digit 4, and the remaining
ones stayed unselective (Figure 4.5a). We classified the DGCs with non-selective receptive
fields as unresponsive units. Because they are barely activated by any of the input patterns,
their incoming synaptic weights show LTD whenever they are slightly active, causing a further
reduction of the cells responsiveness. In our model, reduction of the cell responsiveness
below a critical value eventually causes cell death. The number of unresponsive units depends
on the value of the  parameter in equation (4.5): the higher it is, the larger the number of
unresponsive units. The selective DGCs represent different prototypes of the two digits, visible
here as different writing styles and inclinations (Figure 4.5a). At the end of pretraining, the
classification error (Section 4.2.4) was low: 0.75% (classification error on digit 3: 1.29%; digit 4:
0.20%), indicating that nearly all input patterns in the two digits are well represented by the
network of mature DGCs.
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Chapter 4. Integration of adult-born dentate granule cells

Figure 4.6 — The representation of novel patterns occupies a previously empty subspace.
(a) Projections of the final firing rates of all 100 DGCs on PC 1 and PC 3 (first row), and on
PC 2 and PC 5 (second row), at the end of the early (al) or late (a2) phase of maturation of
the newborn DGCs. Each pattern of the MNIST test set corresponds to one point. Color
indicates digit 3 (blue), 4 (green) or 5 (red). The PCs were determined at the end of the late
phase of maturation. (b) Trajectories of firing rates in the PC-space for a few example patterns
at the end of the early (b1) and late (b2) phase of maturation of newborn DGCs. It takes about
170 to 200 ms for the trajectories to converge to their final points, where symbols mark the
corresponding patterns. Insets: zoom on trajectories during the first 10 ms. (c¢) Example
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4.3. Results

4.3.2 Newborn neurons can learn novel patterns

After convergence of synaptic weights during pretraining, unresponsive model neurons died
and were replaced by newborn DGCs. Model newborn DGCs go through two maturation
phases (Section 4.2.2). The early phase of maturation is cooperative because, for each pattern
presentation, the activated mature DGCs laterally excite the newborn DGCs via GABAergic
interneurons. This indirect activation of newborn DGCs drives the growth of their receptive
fields in a direction similar to those of the currently active DGCs. As a result, at the end of the
early phase of maturation, newborn DGCs show a receptive field corresponding to a mixture
of several patterns (Figure 4.5b).

In the late phase of maturation, model newborn DGCs receive inhibitory GABAergic input
from interneurons, similar to the input received by mature DGCs. Given that at the end
of the early phase, newborn DGCs have receptive fields similar to those of mature DGCs,
lateral inhibition induces competition with mature DGCs for activation during presentation
of patterns from the novel digit. Model newborn DGCs start the late phase of maturation
with a low threshold (high excitability), while mature DGCs are less excitable. Since the
distribution of firing rates of newborn DGCs is shifted to lower firing rates in the late phase
of maturation compared to the early phase (Figure 4.2), the activation of newborn DGCs is
facilitated for those input patterns for which no mature DGC has selectivity. Therefore, in the
late phase of maturation, competition drives the synaptic weights of newborn DGCs towards a
receptive field corresponding to patterns from the ensemble of novel input patterns, i.e. digit
5 (Figure 4.5c).

To better characterize how DGCs represent various input patterns, we performed Principal
Component Analysis (PCA) on the vector of final firing rates of all DGCs in response to MNIST
test patterns representing digits 3, 4, and 5. We then projected the firing rates on Principal
Components (PCs) that were selected based on their visualization power (Figure 4.6a2). The
firing rates of all DGCs were also projected on the same PCs at the end of the early phase
of maturation (Figure 4.6al). First, we observe that ensembles of firing rate responses are
scattered, rather than concentrated, even for a single digit, indicating good pattern separation
abilities of our network within and between digits (Figure 4.6a2). Second, the representations
of a few extremal patterns seem to span a low-dimensional manifold (Figure 4.6¢). Third, we
observe that the representation of novel patterns lies close to the representation of pretrained
patterns at the end of the early phase of maturation of newborn DGCs (Figure 4.6al), while
during the late phase of maturation the representation expands into a previously empty
subspace (Figure 4.6a2), consistent with the experimentally observed promotion of pattern
separation of newborn DGCs. Finally, by examining the trajectories of the firing rates of the
DGCs for a few example patterns, we further notice that two novel patterns (orange swiss cross
and orange triangle) are located far from each other (and close to the familiar patterns) at the
end of the early phase (Figure 4.6b1), but close to each other (and far from familiar patterns)
at the end of the late phase of maturation of newborn DGCs (Figure 4.6b2). The zoom in insets
further show the influence of lateral inhibition on firing rate dynamics of the DGCs.

63



Chapter 4. Integration of adult-born dentate granule cells

a Simultaneous learning of
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Figure 4.7 - Two novel digits can be learned. (a) Several novel digits can be learned simulta-
neously. After pretraining with patterns from digits 3 and 4 as in Figure 4.5a, unresponsive
neurons are replaced by newborn DGCs. When patterns from digits 3, 4, 5, and 6 are presented
in random order, newborn DGCs exhibit after maturation receptive fields with selectivity for
the novel digits 5 and 6. (b) Several novel digits can be learned sequentially. After pretraining
with digits 3 and 4, ten randomly selected unresponsive neurons are replaced by newborn
DGCs. Patterns from digits 3, 4, and 5 are presented in random order, while newborn DGCs
mature and develop selectivity for the novel digit 5, with different writing styles. Later, the
eleven remaining unresponsive neurons of the network are replaced by newborn DGCs. When
patterns from the novel digit 6 are presented intermingled with patterns from digits 3, 4, and 5,
the newborn DGCs develop selectivity for digit 6.
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To test the quality of the learned representations, we compute classification performance
by a linear classifier for the three ensembles of digits (Section 4.2.4). We obtain an overall
classification error of 5.44% (classification error for digit 3: 9.50%; digit 4: 1.83%; digit 5:
4.82%). We compare this performance with that of a network where all three digit ensembles
are simultaneously pretrained (Figure 4.8a). In this case, the overall classification error is
7.91% (classification error for digit 3: 13.17%; digit 4: 1.22%; digit 5: 9.30%). Classification
performance is therefore slightly better when a novel ensemble of patterns is learned sequen-
tially by newborn DGCs, than if all patterns are learned simultaneously. This is due to the fact
that there are similar numbers of unresponsive neurons at the end of pretraining, regardless
of how many patterns are learned (compare Figure 4.5a and Figure 4.8a). The number of
unresponsive units is similar because the 8 parameter value in equation (4.5) is identical in all
simulations, and the MNIST patterns all lie in a comparable subspace.

Furthermore, if two novel ensembles of digits (instead of a single one) are introduced during
maturation of newborn DGCs, we observe that some newborn DGCs become selective for one
of the novel digits, while others become selective for the other novel digit (Figure 4.7a). There-
fore, newborn DGCs can ultimately promote separation of several novel ensembles of patterns,
no matter if they are learned simultaneously (Figure 4.7a) or sequentially (Figure 4.7b).
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Figure 4.8 - Control cases. (a) Training on digits 3, 4 and 5 simultaneously without neurogen-
esis. Patterns from digits 3, 4 and 5 are presented to the network while all DGCs learn their
feedforward weights. After pretraining, some DGCs have receptive fields corresponding to the
three learned digits, while some remain non-selective (as in Figure 4.5a). (b) Control without
maturation. After pretraining with patterns from digits 3 and 4 as in Figure 4.5a, only the
unresponsive neurons stay plastic, but they fail to become selective for digit 5 when patterns
from digits 3, 4, and 5 are presented in random order. (c) If all DGCs stay plastic when patterns
from digit 5 are introduced, some of the DGCs previously responding to patterns from digits 3
or 4 become selective for digit 5 because they have strong weights and their receptive fields
are close enough from some of the patterns from digit 5 for the cells to be activated.

4.3.3 The switch from excitation to inhibition is necessary for learning of novel
representations

To assess whether maturation of newborn DGCs promotes learning of a novel ensemble of
digit patterns, we compare with a case without neurogenesis. Similar to the neurogenesis
case, patterns from the novel digit 5 are introduced after pretraining with patterns from
digits 3 and 4. In the control case, the thresholds and weights of all unresponsive neurons
remained plastic after pretraining, similar to the neurogenesis case, while the feedforward
weights and thresholds of DGCs that developed selectivity during pretraining were fixed. The
only differences with the neurogenesis case are that unresponsive neurons (i) keep their
feedforward weights (i.e., no reinitialization), and (ii) keep the same connections from and to
inhibitory neurons.

We find that without neurogenesis, the previously unresponsive DGCs do not become selective
for the novel digit 5, no matter during how many epochs patterns are presented (we went
up to 100 epochs here) (Figure 4.8b). Therefore, if patterns from digit 5 are presented to the
networlk, it fails to discriminate them from the previously learned digits 3 and 4: the overall
classification error is 18.31% (classification error for digit 3: 14.06%; digit 4: 2.44%; digit 5:
40.58%). This result suggests that inclusion of newborn DGCs is beneficial for sequential
learning of novel patterns.

As a further control, we compare with a case where all DGCs keep plastic feedforward weights.
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Chapter 4. Integration of adult-born dentate granule cells

We observe that in the case where all neurons are plastic, learning of the novel digit occurs
at the cost of loss of selectivity of mature neurons. Several DGCs switch their selectivity to
become sensitive to the novel ensemble of patterns (Figure 4.8c), while none of the previously
unresponsive units becomes selective for the novel digit (compare with Figure 4.5a). This
induces a drop of classification performance to 9.08% error (classification error for digit 3:
14.55%; digit 4: 1.63%; digit 5: 11.10%). We observe that the classification error for digit 3 is
the one which increases the most. This is due to the fact that many DGCs previously selective
for digit 3 are now selective for digit 5.
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Adult-born dentate granule cells
promote discrimination of similar
stimuli

5.1 Introduction

Adult dentate gyrus neurogenesis has been shown to affect behavioral pattern separation in a
variety of tasks (Clelland et al. (2009); Sahay et al. (2011a); Jessberger et al. (2009)). Clelland
and colleagues have shown that ablation of adult dentate gyrus neurogenesis in mice impairs
performance in a spatial, navigable, radial arm maze task and a spatial, but non-navigable,
touch screen task for spatially close stimuli, but not for stimuli having large spatial separation
(Clelland et al. (2009)). Furthermore, Sahay and colleagues have observed that adult dentate
gyrus neurogenesis is necessary for discrimination of similar but not distinct contexts in a fear
conditioning in mice, and that enhanced neurogenesis promotes better context discrimina-
tion (Sahay et al. (2011a)). However, it is still unclear how adult-born DGCs impact pattern
separation, if it is through a cell-autonomous function as individual encoding units, or through
a modulatory role (Sahay et al. (2011b); Aimone et al. (2011)).

We suggest that adult-born DGCs are properly integrated into the existing network only
if the stimuli that are encountered during their maturation are similar enough to already
experienced stimuli. Indeed, in the early cooperative phase of maturation, newborn DGCs can
only be indirectly activated by interneurons if the latter are sufficiently activated by mature
DGCs. And for mature DGCs to be activated, the stimuli that are presented should be similar
enough from their receptive field. If instead the presented stimuli are very distinct from
the selectivity of mature DGCs, none will be sufficiently activated to indirectly activate the
maturing newborn DGCs. Therefore, adult-born DGCs become selective for novel stimuli
similar to familiar (already stored) stimuli, but not for distinct stimuli. Consequently, our
model reveals why newborn DGCs promote pattern separation of similar stimuli, but do not
impact pattern separation of distinct stimuli. We propose that the direct connection from EC
to CA3, and then the backprojection from CA3 to dentate gyrus could be used as an alternate
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Chapter 5. Adult-born dentate granule cells promote discrimination of similar stimuli

pathway to represent distinct stimuli with high valence in the dentate gyrus.

5.2 Methods

5.2.1 Simplified rate network

We use a toy network and an artificial data set to determine if our theory for the integration of
newborn DGCs can explain why adult dentate gyrus neurogenesis helps for the discrimination
of similar, but not for distinct patterns.

The rate network described above is simplified as follows. We use K dentate granule cells for
K clusters. Their firing rate v; is given by:

dv;
T’”d_zl =—v;+ A (; - b;) (5.1)

where # is the Heaviside step function. As before, b; is the threshold, and I; the total input
towards neuron i:

Ngc Npge
Ii=) wijxj+ Y, WrecVi (5.2)
j=1 k#j

with x; the input of presynaptic EC neuron j, w;; the feedforward weight between EC neuron
j and DGC i, and vy the firing rate of DGC k. Inhibitory neurons are modeled implicitly:
each DGC directly connects to all other DGCs via inhibitory recurrent connections of value
Wrec < 0. During presentation of pattern ¥*, the firing rates of the DGCs evolve according to
E’;) = wE’;_D +NAw;;.
The synaptic plasticity rule is the same as before, see equation (4.5), but with the parameters
reported in Table 5.1. They are different from those for the biologically-plausible network

equation (5.1). After convergence, the feedforward weights are updated: w

because we now aim for a single winning neuron for each cluster. Note that for an LTP
threshold 0 < 1 all active DGCs update their feedforward weights, because of the Heaviside
function for the firing rate (equation (5.1)).

Asssuming a single winner i* for each pattern presentation, the input (equation (5.2)) to the
winner is:

Ij» = W~ X, (5.3)
while the input to the losers is:

I = W X+ Wrec. (5.4)
Therefore, two conditions need to be satisfied for a solution with a single winner:

LT),'* -X> bi (5.5)
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Table 5.1 — Parameters for the simulations of the simplified network

Network Ngc=128 Npgc=3
Connectivity Wree =—1.2
Dynamics T, =20ms
. @y =0.03 B=1
Plast
asticity Yo=165  6=0.15
Numerical simulations | Af=1ms 1n1=0.01

for the winner to actually be active, and:
Wi X+ Wree < b; (5.6)

to prevent non-winners to become active. The value of b; is lower in the early maturation
phase than in the late maturation phase to mimic enhanced excitability (Schmidt-Hieber et al.
(2004); Li et al. (2017)).

5.2.2 Input patterns

We use hand-made artificial patterns designed such that the distance between the centers
of any two clusters is the same. All K clusters lie on the positive quadrant of the surface of a
hypersphere of dimension Ngc—1 (Figure 5.1a). The cluster centers are Walsh patterns shifted
along the diagonal (Figure 5.1b):

P’lzCi(l+f,1—5,1+5,1—é,...,1+f,1—6,1+£,1—<f)
0

132:Ci(1+é’1+€»1_érl_5’---)1+6»1+6)1_é’1_€)
0

(5.7)

13K=i(1+{,1+£,1+§,1+5,...,1—§,1—5,1—f,1—5)
Co

with || < 1 a parameter that determines the spacing between clusters. ¢y is a normalization
factor to ensure that the center of mass of all clusters has an L.2-norm of 1:

co =1/ Nec (1+¢&2). (5.8)

The number of input neurons Ngc is Ngc = 2K The scalar product, and hence the angle Q,
between the center of mass of any pair of clusters k and [ (k # ) is a function of ¢ (Figure 5.1¢):

pk.pl = L =cos(Q) (5.9
T1+E2 :

69



Chapter 5. Adult-born dentate granule cells promote discrimination of similar stimuli

a
C .
0.9 60
72, 0.81 —
< — 401
0.7 1 =
0.6 1 207
0.5 : : : : 0 ' ' ' . .

0 0.2 04 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
§ §

Figure 5.1 - Handmade dataset. (a) Center of mass of clusters k and [ of the artificial data
set (P and P; respectively, separated by angle Q) are represented by arrows that point to the
surface of the positive quadrant of a hypersphere. Blue and green dots represent individual
patterns. (b) Center of mass of the first three clusters of an artificial data set visualized as 16x8
pixel patterns. The 2-dimensional arrangement is chosen for visualization only. (c) Separation
between the center of mass of the clusters of the artificial dataset. Left: The scalar product
between the center of mass of any two clusters is a function of {. Right: The angle a as a
function of ¢.

To make the artificial data set comparable to the MNIST 12x12 data set, we choose K =7, so
Ngc =128, and we generate 6000 patterns per cluster for the training set and 1000 patterns
per cluster for the testing set. The patterns ¥*) of a given cluster k with center of mass B¥ are
sampled from a Von Mises-Fisher distribution (Mardia and Jupp (2009)):

FHK) (‘ /11— a2) Z+ aPk (5.10)

with ¢ an L2-normalized vector taken in the space orthogonal to P¥. The vector { is obtained
by performing the singular-value decomposition of PX (UXV* = P¥), and multiplying the
matrix U (after removing its first column), which corresponds to the left-singular vectors in
the orthogonal space to P¥, with a vector whose elements are drawn from the standard normal
distribution. Then the L2-norm of the obtained pattern is set to 1, so that it lies on the surface
of the hypersphere. A rejection sampling scheme is used to obtain a (Mardia and Jupp (2009)).
The sample a is kept if ka + (Ngc — 1)In(1 — ywa) — ¢ = In(u), with x a concentration parameter,
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Y= %, ¢ =xy + (Ngc — 1)In(1 — ¢?), u drawn from a uniform distribution u ~ U[0,1], a =

1-(1+b)z _ Ngc—-1

—anz b= , and z drawn from a beta distribution z ~ Be(Nec=1 Nec=ly
z V42 +(Ngc—1)2+2x

2 2

The concentration parameter x characterizes the spread of the distribution around the center
P*. In the limit where x — 0, sampling from the Von Mises-Fisher distribution becomes
equivalent to sampling uniformly on the surface of the hypersphere, so the clusters become
highly overlapping. In dimension Ngc = 128, if k¥ > 10° the probability of overlap between
clusters is negligible. We use a value x = 10*.

Similar versus distinct patterns with the artificial data set

Using the artificial data set with [{| < 1 (equation (5.7)), the scalar product between the
center of mass of two different clusters, given by equation (5.9), satisfies: 0.5 < rlfz < 1. This
corresponds to 0° < Q < Q¢ = 60° (Figure 5.1c¢).

After stimulation with a pattern %, it takes some time before the firing rates of the DGCs
converge. We call two patterns “similar” if they activate, at least initially, the same output unit,
while we consider two patterns as “distinct” if they do not activate the same output unit, not
even initially. We now show that, with a large concentration parameter x, patterns of different

clusters are similar if £ </ ”'Z—f” —1 and distinct if £ >/ ”L;;’—_"” -1.

We first consider a DGC i whose feedforward weight vector has converged towards the center
of mass of cluster k. If an input pattern ** from cluster k is presented, it will receive the
following initial input:

I = ;- 30 = 10y |17*F)| - cos (D) = 11| - cos (D) (5.11)

where 9y is the angle between the pattern ¥*(® and the center of mass P¥ of the cluster to
which it belongs. The larger the concentration parameter « for the generation of the artificial
data set, the smaller the dispersion of the clusters, and thus the larger cos(9y). If instead, an
input pattern from cluster [ is presented, that same DGC will receive a lower initial input:

|03l
1+¢2

1= ;- 0 = 1] - 117#7)] - cos(Bh) = (5.12)
The approximation holds for small dispersion of the clusters (large concentration parameter
k). We note that there is no subtraction of the recurrent input yet, because output units are
initialized with zero firing rate before each pattern presentation. By definition, similar patterns
stimulate (initially) the same DGCs. A DGC can be active for two clusters only if its threshold
is:

1]l

b -
S1re

(5.13)

Therefore, with a high concentration parameter x, patterns of different clusters are similar if
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&</ ”f—f” — 1, while patterns of different clusters are distinct if § > 4/ ”Z’—["” -1.

Parameter choice

The upper bound of the expected L2-norm of the feedforward weight vector towards the DGCs
at convergence can be computed, see equation (4.11). With the parameters in Table 5.1, the
value is (|| i;||) < 1.5. Moreover, the input patterns for each clusters are highly concentrated,
hence their angle with the center of mass of the cluster they belong to is close to 0, so we have
(Il@;|1) = 1.5. Therefore, at convergence, a DGC selective for a given cluster k receives an input
I+ = ;- - ¥® = 1.5 upon presentation of input patterns ¥*¥) belonging to cluster k. We
thus set b; = 1.2 to satisfy condition (5.5). The threshold value &j,resh, for which two clusters
are similar (and above which two clusters are distinct) can be determined by equation (5.13) :
Eihresh = 0.5. We created a handmade data set with & = 0.2 for the case of similar clusters, and a
handmade data set with ¢ = 0.8 for the distinct case.

Let us suppose that the weights of DGC i have converged and made this cell respond to

patterns from cluster i. If another DGC k of the network is selective for cluster k, it ultimately

gets the input I = @y - THE) 4 ee ~ %?2 + Wrec UpON presentation of input patterns FHE)

belonging to cluster k (k # i). Hence, to satisfy condition (5.6), we need wrec < b; —maxg (1&?2 )
Furthermore, a newborn DGC is born with a null feedforward weight vector, hence at birth, its
input consists only of the indirect excitatory input from mature DGCs: I; = — wyec > 0. For the
feedforward weight vector to grow, the condition —wrec > bpirt is also necessary (with by
the neuronal threshold of a newborn DGC at birth). We set wyec = —1.2 and by = 0.9, which
satisfy the two above conditions.

Neurogenesis with the handmade data set

To save computation time, we initialize the feedforward weight vectors of two mature DGCs at
two randomly chosen training patterns of the first two clusters, normalized such that they have
an L2-norm of 1.5. We then present patterns from clusters 1 and 2, and let the feedforward
weights evolve according to equation (4.5) until they reach convergence.

We thereafter introduce a novel pattern cluster as well as a newborn DGC in the network. The
sequence of presentation of patterns from the three clusters (a novel one and two pretrained
ones) is random. The newborn DGC maturation follows the same rules as before: it is born
with a null feedforward weight vector. In the early phase, GABAergic input has an excitatory
effect (Ge et al. (2006)) and the newborn DGC does not inhibit the mature DGCs (Temprana
et al. (2015)). This is modeled by setting wrlgéw = — Wi for the connections from mature
to newborn DGC, and w}Y = 0 for the connections from newborn to mature DGCs. The
threshold of the newborn DGC starts at 0.9 at birth, mimicking enhanced excitability (Schmidt-
Hieber et al. (2004); Li et al. (2017)), and increases linearly up to 1.2 (same threshold as the
mature DGCs) over 12000 pattern presentations, reflecting loss of excitability with maturation.
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The exact time window is not critical. In the late phase of maturation of the newborn DGC,
GABAergic input switches to inhibitory (Ge et al. (2006)), and the newborn DGC recruits
feedback inhibition onto mature DGCs (Temprana et al. (2015)). It is modeled by switching
the sign of the connection from mature to newborn DGC: wN¥M = w;., and establishing
connections from newborn to mature DGCs: wrl\ch = Wrec. All patterns are presented once for

the early phase.

The above paradigm is run separately for each of the two handmade data sets: the one where
pattern clusters are similar (¢ = 0.2), and the one where pattern clusters are distinct (¢ = 0.8).

5.3 Results

5.3.1 Newborn dentate granule cells become selective for a similar novel cluster

To investigate whether our theory for integration of newborn DGCs can explain why adult
dentate gyrus neurogenesis promotes discrimination of similar stimuli, but does not affect
discrimination of distinct patterns (Clelland et al. (2009); Sahay et al. (2011a)), we used a
simplified competitive winner-take-all network (Section 5.2.1) and constructed an artificial
data set (Section 5.2.2) (Figure 5.1). The MNIST data set is not appropriate to tackle this
question, because all digit clusters are similar and highly overlapping, reflected by a high
within cluster dispersion compared to the separation between clusters.

After pretraining such that a first mature DGC responds to patterns of cluster 1 and a second
mature DGC to those of cluster 2 (Figure 5.2b1,b2), we introduce a newborn DGC in the
network, and present patterns from three clusters (the two pretrained ones, as well as a novel
one). We observe that the newborn DGC ultimately becomes selective for the novel cluster
if it is similar (¢ = 0.2) to the two pretrained clusters (Figure 5.2d1), but not if it is distinct
(¢ = 0.8, Figure 5.2d2). Indeed, if the novel cluster is similar to one or several of the pretrained
clusters, a pattern from the novel cluster activates the mature DGC that has a receptive field
closest to the novel pattern. This activated mature DGC induces the activation of the newborn
DGC via lateral excitatory GABAergic connections, to a level where LTP is triggered at active
synapses. Similarly, excitatory GABAergic connections will also cause LTP of a newborn DGC,
whenever one of the patterns of the pretrained clusters is presented. Thus, in the early phase
of maturation, the feedforward weight vector onto the newborn DGC grows in the direction of
the center of mass of all three clusters (the two pretrained ones and the novel one, because for
each pattern presentation, one of the mature DGCs becomes active (compare Figure 5.2c1
and Figure 5.2el). On the other hand, if the novel cluster is distinct (i.e. has a low similarity to
pretrained clusters), patterns from the novel cluster do not activate any of the existing mature
DGCs, whereas patterns from the pretrained clusters indirectly activate the newborn DGC.
Hence plasticity makes the feedforward weight vector onto the newborn DGC move to the
center of mass of the pretrained clusters (compare Figure 5.2c2 and Figure 5.2e2).

As a result of the different orientation of the feedforward weight vector onto the newborn DGC
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Figure 5.2 — A newborn DGC becomes selective for similar but not distinct novel stimuli.
(a) Example patterns from clusters 1 and 2 if clusters are similar (al, { = 0.2), and distinct
(a2, £ =0.8). The receptive fields of the mature DGCs are initialized at example patterns. The
schematics below the receptive fields represent the surface of the hypersphere, with dots
corresponding to patterns. (b) After pretraining with patterns from two clusters, the receptive
fields exhibit the noise-free prototypes (blue and green crosses) of each cluster. (c) If the
clusters are similar, the receptive field of the newborn DGC (red cross) moves towards the
center of mass of the three clusters during its early phase of maturation (c1), and if the clusters
are distinct towards the center of mass of the two pretrained clusters (c2). (d) Receptive field
after the late phase of maturation for the case of similar (d1) or distinct (d2) clusters. (e) Center
of mass of all patterns of the blue and green clusters (left column) and of the blue, green
and red clusters (right column) for the case of similar (el) or distinct (e2) clusters. For better
visualization, the receptive fields are normalized such that they have an L2-norm of 1. Hence
the color scale is valid for the example patterns, the receptive fields, and the center of mass of
the first two and the first three clusters.
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5.3. Results

at the end of the early phase of maturation, two different situations arise in the late phase of
maturation, when lateral GABAergic connections are inhibitory. If the novel cluster is similar to
the pretrained clusters, the weight vector onto the newborn DGC at the end of the early phase
of maturation lies at the center of mass of the three clusters, and thus is closer to the novel
cluster than the mature DGCs (Figure 5.2c1). So if a novel pattern is presented, the newborn
DGC wins the competition between the three DGCs, and its feedforward weight vector moves
towards the center of mass of the novel cluster (Figure 5.2d1). To the contrary, if the novel
cluster is distinct, the weight vector onto the newborn DGC at the end of the early phase of
maturation is located at the center of mass of the two pretrained clusters (Figure 5.2c2). If a
novel pattern is presented, no output unit is activated since their receptive fields do not match
the input. So the newborn DGC always stays silent and never updates its feedforward weights
(Figure 5.2d2). These results are consistent with studies that have suggested that dentate gyrus
is only involved in the discrimination of similar stimuli, but not distinct stimuli (Gilbert et al.
(2001); Hunsaker and Kesner (2008)). For discrimination of distinct stimuli, another pathway
might be used, such as the direct EC to CA3 connection (Fyhn et al. (2007); Vazdarjanova and
Guzowski (2004)).

In conclusion, our model suggests that adult dentate gyrus neurogenesis promotes discrimi-
nation of similar patterns because newborn DGCs can ultimately become selective for a novel
stimulus which is similar to already learned stimuli. On the other hand, newborn DGCs fail
to represent a novel distinct stimulus, precisely because it is too distinct from other stimuli
already represented by the network. Presentation of the novel distinct stimulus therefore does
not induce synaptic plasticity of the newborn DGCs feedforward weight vector toward the
novel cluster. In the simplified network, the transition between similar and distinct can be
determined analytically (Section 5.2.2).

5.3.2 Similar clusters drive the receptive fields of newborn DGCs closer to the
novel cluster in the early phase of maturation

To better characterize the evolution of the receptive field of the newborn DGC, we examine
the growth of the norm of the feedforward weight vector onto it, as well as its angle with the
center of mass of the novel cluster, as a function of maturation time (Figure 5.3).

In the early phase of maturation, the feedforward weight vector onto the newborn DGC grows,
while its angle with the center of mass of the novel cluster stays constant. The norm stabilizes
at a higher value in the case of similar patterns (£ = 0.2, Figure 5.2c1 and Figure 5.3al) than in
the case of distinct patterns (¢ = 0.8, Figure 5.2c2 and Figure 5.3b1). It is due to the fact that
the center of mass of three similar clusters lies closer to the surface of the sphere than the
center of mass of two distinct clusters (Section 5.3.3).

In the late phase of maturation, the angle between the center of mass of the novel cluster
and the feedforward weight vector onto the newborn DGC decreases in the case of similar
patterns (Figure 5.3a2), but not in the case of distinct patterns (Figure 5.3b2), indicating that
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Figure 5.3 — Evolution of the norm and angle. Evolution of the total synaptic strength || i;|| =

VX j (wi j)z of the newborn DGC (top row), and of its angular separation ¢ with the center of
mass of the novel cluster (bottom row), as a function of the number of pattern presentations
for the early phase of maturation (al,bl) and the late phase of maturation (a2,b2). (a) The
three clusters are similar (¢ = 0.2). (b) The three clusters are distinct (¢ = 0.8). Red line shows
the mean value of the synaptic strength of the mature DGCs.

the newborn DGC becomes selective for the novel cluster for similar but not for distinct
patterns. In addition, we observe a slight increase of the L.2-norm of the feedforward weight
vector onto the newborn DGC concomitantly with the decrease of angle with the center of
mass of the novel cluster (Figure 5.3a2), because the center of mass of the novel cluster lies
closer to the surface of the sphere than the center of mass of the three clusters.

5.3.3 Analytical computation of the L2-norm and angle

We consider the case where two mature DGCs have learned their synaptic connections, such
that the first mature DGC with feedforward weight vector i is selective for cluster 1, and
the second mature DGC with feedforward weight vector i, is selective for cluster 2. By
construction, we have i, = (|| ||)B; and @, = (||iW»|]) Po, where (||i|]) is the expected L2-
norm of the feedforward weight vector onto mature DGC k that is selective for pretrained
cluster k. We remind here that the L2-norm of the center of mass of the clusters are normalized
to one by construction, hence IIﬁkII =1 Vk. In addition, the upper bound for the L2-norm of
the weight vectors of the mature DGCs is (|| i ||y = (|| @-]|) = 1.5 (Section 5.2.2). In our case, we
obtain (|| i ||) = {||i-|]) = 1.49 because of the dispersion of the patterns around their center
of mass, hence we will use this value for the numerical computations below.

We represent the feedforward weight vector i; onto a newborn DGC as an arrow which points
below the surface of a sphere with radius (||i;||) (Figure 5.4). We compute analytically its
L2-norm at the end of the early phase of maturation of the newborn DGC, as well as its angle
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5.3. Results

Figure 5.4 - Schematic for computation of the norm and angle. Schematic drawing for the
analytical computation of the L2-norm of the weight vector i; onto the newborn DGC at
the end of the early phase of maturation, and its angle ¢ with the center of mass of the novel
cluster, for (a) similar clusters ({ = 0.2), and (b) distinct clusters (£ = 0.8). The sphere has a
radius (||i01]]). The projection of the center of mass of the first two clusters (represented by
the two mature DGCs) are represented by the blue and green dots. The red dot represents the
projection of the center of mass of the novel cluster, B;, on the sphere.

¢ with the center of mass of the novel cluster P;, to confirm the results obtained in Figure 5.3.

Similar clusters

The angle between the center of mass of any pair of similar clusters (¢ = 0.2) is given by
equation (5.9):

1
Qg = arccos(m) (5.14)

Half the distance between the projections of the center of mass of any pair of two similar
clusters on a concentric sphere with radius (|||} is given by (Figure 5.4a):

. . Qs
z:<HwnD-$n(7;) (5.15)

The triangle which connects the projections on the sphere of the center of masses of the three
clusters is equilateral, and y separates one of its angle in two equal parts (/6 [rad] each). So
the length y can be calculated:

y=— (5.16)
cos (%)
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Chapter 5. Adult-born dentate granule cells promote discrimination of similar stimuli

Using Pythagoras formula, we can thus determine the expected L2-norm (|| i;||) of the feed-
forward weight vector onto the newborn DGC at the end of the early phase of maturation:

Mailly = /@12 = y?, (5.17)

and finally its angle with the center of mass of the novel cluster:

w;:
¢= arccos(u) (5.18)
Al
The numerical values are: {||i0;||) = 1.47 and ¢ = 9.21[°], which correspond to the values on
Figure 5.3al.
Distinct clusters

In the case of distinct patterns (¢ = 0.8), the angle between the center of mass of any pair of
clusters is given by equation (5.9):

(5.19)

1
Qp =arccos|———=|>Q
b (1+0.82) 5

We can directly compute the expected L2-norm of the feedforward weight vector onto the
newborn DGC at the end of the early phase of maturation (Figure 5.4b):

~ ~ Qp
;1) = <ty 1) 'COS(T) (5.20)
Using Pythagoras formula, we can then calculate the length z between the projection of the

center of mass of one of the two pretrained clusters on a concentric sphere with radius (|| ||)
and the feedforward weight vector onto the newborn DGC:

2=\l D2 = (li]? (5.21)

Analogous to the similar case, we observe that y separates one angle of the equilateral triangle
connecting the projections of the center of mass of the clusters on the sphere in two equal
parts, consequently:

z
_ (5.22)

" tan(Z)

Finally, the angle between the center of mass of the novel cluster and the feedforward weight
vector onto the newborn DGC at the end of the early phase of maturation is:

U112 + i 11)2 - y?

= — (5.23)
2(l1w; 11 <H w11

¢ = arccos
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5.3. Results

We obtain the following approximate values: (||i0;]|) = 1.34 and ¢ = 47.2[°], which correspond
to the values on Figure 5.3b1. The angle ¢ is smaller in the similar case than in the distinct
case, hence the norm is larger in the similar case, as observed in Figure 5.3al,b1.
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Discussion

While experimental results stemming from the manipulation of the ratio of NKCC1 to KCC2
suggest that the switch from excitation to inhibition of the GABAergic input onto adult-born
DGCs is crucial for their integration into the preexisting circuit (Ge et al. (2006, 2007); Alvarez
et al. (2016)) and that adult dentate gyrus neurogenesis promotes better pattern separation
(Clelland et al. (2009); Sahay et al. (2011a); Jessberger et al. (2009)), the link between channel
properties and behavior has remained puzzling (Sahay et al. (2011b); Aimone et al. (2011)).
In this work, we have shown with a model that the switch enables newborn DGCs to become
selective for novel features of presented stimuli which are similar to familiar, already stored,
representations, consistent with the experimentally-observed function of pattern separation
(Clelland et al. (2009); Sahay et al. (2011a); Jessberger et al. (2009)). Previous modeling stud-
ies already suggested that newborn DGCs integrate novel inputs into the representation in
dentate gyrus (Chambers et al. (2004); Becker (2005); Crick and Miranker (2006); Wiskott
et al. (2006); Chambers and Conroy (2007); Appleby and Wiskott (2009); Aimone et al. (2009);
Weisz and Argibay (2009); Temprana et al. (2015)). However, they either (i) used an abstract
framework of additive or turnover neurogenesis in autoencoders; or (ii) used classical algo-
rithmic competitive Hebbian learning with weight vector normalization, thus bypassing the
two-phase integration issue. To our knowledge, we present the first synaptic plasticity model
that can explain both how adult-born DGCs integrate into the preexisting network and why
they promote pattern separation of similar stimuli.

Our work emphasizes why a two-phase maturation of newborn DGCs is beneficial for proper
integration in the preexisting network. From a computational perspective, the early phase
of maturation, when GABAergic inputs onto newborn DGCs are excitatory, corresponds to
cooperative unsupervised learning. Therefore, the synapses grow in the direction of patterns
that indirectly activate the newborn DGCs (via GABAergic interneurons), see Figure 6.1a. At
the end of the early phase of maturation, the receptive field of a newborn DGC represents
the center of mass of all input patterns that led to its (indirect) activation. In the late phase
of maturation, GABAergic inputs onto newborn DGCs become inhibitory, so that lateral
interactions change from cooperation to competition, causing a shift of the receptive fields of
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Figure 6.1 — Explanatory schematics. Schematics of the hypersphere surface that contains
three clusters of patterns (colored dots) and the feedforward weight vectors towards the output
units (colored arrows, ending slightly below the surface). The blue and green clusters are
stored before patterns from the novel red cluster are presented to the network. (a) During
the early phase of maturation, the newborn DGC grows its vector of feedforward weights (red
arrow) in the direction of the subspace of active previously stored patterns. (b) During the
late phase of maturation, the red vector moves away from previously stored patterns and
towards the novel cluster. (c) Control scenario with an unresponsive neuron (with magenta
feedforward weight vector), unable to learn the novel cluster.

the newborn DGCs towards novel features, see Figure 6.1b. At the end of maturation, newborn
DGCs are thus selective for novel inputs. This integration mechanism is in agreement with
the experimental observation that newborn DGCs are broadly tuned early in maturation,
and get high input selectivity at the end of maturation (Marin-Burgin et al. (2012)). Loosely
speaking, the cooperative phase of excitatory GABAergic input promotes the growth of the
synaptic weights coarsely in the relevant direction, whereas the competitive phase of inhibitory
GABAergic input helps to specialize on detailed, but potentially important differences between
patterns.

In the context of theories of unsupervised learning, the switch of lateral GABAergic inputs to
newborn DGCs from excitatory to inhibitory provides a biological solution to the “problem of
unresponsive units” (Hertz et al. (1991)). Unsupervised competitive learning has been used
to perform clustering of input patterns into a few categories (Rumelhart and Zipser (1985);
Grossberg (1987a); Kohonen (1989); Hertz et al. (1991); Du (2010)). Ideally, after learning of the
feedforward weights between an input layer and a competitive network, input patterns that are
distinct from each other activate different neuron assemblies of the competitive network. After
convergence of competitive Hebbian learning, the vector of feedforward weights of a given
neuron points to the center of mass of the cluster of input patterns for which it is selective
(Kohonen (1989); Hertz et al. (1991)). Yet, if the synaptic weights are randomly initialized, it is
possible that the set of feedforward weights onto some neurons of the competitive network
point in a direction “quasi-orthogonal” (Section 4.2.2) to the subspace of the presented input
patterns, see Figure 6.1c. Therefore, those neurons called “unresponsive units” will never
get active during pattern presentation. Different learning strategies have been developed in
the field of artificial neural networks to avoid this problem (Grossberg (1976); Bienenstock
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et al. (1982); Rumelhart and Zipser (1985); Grossberg (1987a); DeSieno (1988); Kohonen (1989);
Hertz et al. (1991); Du (2010)). However, most of these algorithmic approaches lack a biological
interpretation. In our model, the synapses onto newborn DGCs form spontaneously after
neuronal birth. The excitatory GABAergic input in the early phase of maturation drives the
growth of the synaptic weights in the direction of the subspace of presented patterns that
succeeded in activating some of the mature DGCs. Hence the early cooperative phase of
maturation can be seen as a smart initialization of the synaptic weights onto newborn DGCs,
such that they end up close enough to the novel patterns to be able to become selective for
them in the late competitive phase of maturation.

Our results are in line with the classic view that dentate gyrus is responsible for decorrelation
of inputs (Marr (1969); Albus (1971); Marr (1971); Rolls and Treves (1998)), a necessary step
for storage of similar memories in CA3, and with the observation that dentate gyrus lesions
impair discrimination of similar but not distinct stimuli (Gilbert et al. (2001); Hunsaker and
Kesner (2008)). To discriminate distinct stimuli, another pathway might be involved, such
as the direct EC to CA3 connection (Fyhn et al. (2007); Vazdarjanova and Guzowski (2004)).
Our theory for integration of newborn DGCs readily explains why enhanced adult dentate
gyrus neurogenesis promotes better discrimination of similar stimuli, but not distinct stimulli,
as observed experimentally (Clelland et al. (2009); Sahay et al. (2011a)). In our model, the
early cooperative phase of maturation can only drive the growth of synaptic weights onto
newborn cells if mature DGCs are activated by presented stimuli. Hence the stimuli should be
similar enough to familiar stimuli that are already represented by the network. If only distinct
stimuli are presented, none of the mature DGCs becomes active, so the newborn DGCs are not
indirectly activated and their synaptic weights do not grow. Consequently, in an experimental
paradigm with distinct patterns, newborn cells are, according to our model, silent. As they
are poorly integrated into the preexisting circuit, they will probably not survive (Tashiro et al.
(2006)).

Experimental observations support the importance of the switch from early excitation to late
inhibition of the GABAergic input onto newborn DGCs. An absence of early excitation using
NKCCI1-knockout mice has been shown to strongly affect synapse formation and dendritic
development in vivo (Ge et al. (2006)). Conversely, a reduction in inhibition in the dentate
gyrus through decrease in KCC2 expression has been associated with epileptic activity (Pathak
et al. (2007); Barmashenko et al. (2011)). An analogous switch of the GABAergic input has
been observed during development, and its proper timing has been shown to be crucial
for sensorimotor gating and cognition (Wang and Kriegstein (2010); Furukawa et al. (2017)).
In addition to early excitation and late inhibition, our theory also critically depends on the
duration of the switch. Indeed, it supposes that a sufficient number of newborn DGCs are just
about -within a few hours- to switch the effect of their GABAergic input when novel inputs are
presented, in order for them to become selective for new features of the environment. Several
experimental results have suggested that the switch is indeed sharp and occurs within a single
day, both during development (Khazipov et al. (2004); Tyzio et al. (2007); Leonzino et al. (2016))
and adult dentate gyrus neurogenesis (Heigele et al. (2016)). Furthermore, in hippocampal
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cell cultures, expression of KCC2 is upregulated by GABAergic activity but not affected by
glutamatergic activity (Ganguly et al. (2001)). A similar process during adult dentate gyrus
neurogenesis would increase the number of newborn DGCs available for representing novel
features by advancing the timing of their switch. In this way, instead of a few thousands of
newborn DGCs ready to switch (3 to 6% of the whole population (Van Praag et al. (1999);
Cameron and McKay (2001)), divided by 30 days), a larger fraction of newborn DGCs would be
made available for coding, if appropriate stimulation occurs.

To conclude, our theory for integration of adult-born DGCs suggests that newborn cells have a
coding — rather than a modulatory - role during dentate gyrus pattern separation function.
Our theory highlights the importance of GABAergic input in adult dentate gyrus neurogenesis,
and links the switch from excitation to inhibition to the integration of newborn DGCs into
the preexisting circuit. Finally, it readily illustrates how Hebbian plasticity of the synapses
from EC to DGCs makes newborn cells suitable to promote pattern separation of similar but
not distinct stimuli, a long-standing question in the field of adult dentate gyrus neurogenesis
(Sahay et al. (2011b); Aimone et al. (2011)).
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gd My contributions

In adult dentate gyrus neurogenesis, the link between maturation of newborn neurons and
their function, such as behavioral pattern separation, has remained puzzling. Besides, unsu-
pervised competitive learning in ANN brought up the beneficial aspect of incorporation of
new nodes in the network. But no consensus has been reached about the functional role of
adult-born dentate granule cells. Moreover, the question of how new nodes integrate into the
network has been avoided by all sorts of initializations of their weights.

In my work, I bridge the gap between biology and theory. I base my model on the accumu-
lated experimental knowledge about the integration of adult dentate granule cells, and show
that a solution to the problem of dead units in unsupervised competitive learning directly
derives from it. By analyzing a theoretical model, I show that the switch from excitation to
inhibition of the GABAergic input onto maturing newborn cells is crucial for their proper
functional integration. In the early excitatory phase of GABAergic inputs, cooperativity makes
the feedforward connections onto adult-born dentate granule cells grow in the direction of
the subspace of previously presented inputs, thus preventing the newborn cells to become
unresponding dead units. In the late inhibitory phase, competition kicks in, and drives the
feedforward weights away from previously stored clusters. This enables adult-born dentate
granule cells in my model to code for concepts that are novel, yet similar to familiar ones. To
my knowledge, this theory of maturation of newborn cells is the first that can explain: (i) how
adult-born dentate granule cells integrate into the preexisting dentate gyrus network, and
(ii) why they promote pattern separation of similar stimuli.
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.\ Determination of the plasticity pa-

rameters

To make sure that for a smaller 8, and hence a LTP-dominated regime, the L2-norm of the
weight vectors at convergence is slightly bigger than for a higher 8, we choose =1, and set
Y =70 — 6 with y( = 10. To investigate the dynamics of the system around the high fixed point
(LTP regime, where v; > 8), we compute the phase portrait for a simple case without inhibition,
bias equal to zero, and 7, =1 = 1, see Figure A.1a,b. The trajectories of the dynamical system
for a single postsynaptic neuron with a single postsynaptic partner (hence y corresponds to v;
and x to x; for convenience) are given by:

dy _ [wx]+
i y+tanh( )
dw 9
5 S Yo-0(rx-pwy’)

The cases for 8 = 0 (Figure A.1a) and 6 = 0.15 (Figure A.1b) are represented, with the y-nullcline
in red and the w-nullcline in blue. By construction, the y-nullcline corresponds to the neuronal
gain function. The w-nullcline has a vertical component at v; = 8, and another component on
which the high stable fixed point of the firing rate lies (at the intersection with the red nullcline).
We observe on Figure A.1c,d that the bigger the 0, the smaller the w at convergence to the high
stable fixed point, hence the smaller the L2-norm of the weight vector. Furthermore, we note
that for this choice of parameters, 6 has to be smaller than about 0.8, otherwise the high fixed
point is lost, and thus all weights ultimately converge to zero.

In addition, the maximum extent of LTP and LTD can be computed. To do so, we determine y*

dg(vi)
such that a; |vi:y

amount of LTP is reached at v; = y*. The expression of y* is complicated because it depends

. =0, and then compute g(y*). In the LTP regime (v; > ), the maximum

on several parameters: y* = f(0,6,y,x j» wij). Hence, we set 0 and y as above and fix the
other parameters at different values, see Figure A.le,f. Similarly, in the LTD regime (v; < 0),
the maximum amount of LTD is reached at y* = g, which corresponds to an LTD update of
Awij=—ax; ‘1—2. To get amount of LTP and LTD of similar order of magnitude, we set @ = %,

see Figure A.2.
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Figure A.1 — High stable fixed point and maximum LTP update. Dynamical trajectories with
the y-nullcline in red and the w-nullcline in blue, for (a) 6 = 0 and (b) 6 = 0.15. (c) w-Nullclines
for different values of 8, and (d) zoom in around the high stable fixed point. Maximum LTP
vizye and corresponding postsynaptic firing rate value y* as a function of 8 and
(e) the presynaptic rate x, or (f) the weight w.
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Figure A.2 — Maximum LTD update. Location (y*) and value of the maximal LTD update
(Awly+) for different values of the presynaptic firing rate x, and threshold values 6 (keep in
mind that y* = g).
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Single Winner-Take-All network

Initially, the theory for newborn DGCs integration was implemented in a simple network
to thoroughly investigate the conceptual aspects of the model before moving to a more
biologically plausible network, which is presented in the main text. The original network was
a single WTA network with Oja’s learning rule for the feedforward connections.

B.1 Methods

B.1.1 The network of mature DGCs as a WTA network

In our model, we describe the network of mature DGCs as a WTA circuit consisting of Npgc
laterally coupled neurons. The WTA network has the task to represent K clusters of input
patterns. For each input pattern X, only one of the Npgc neurons is activated. An input
pattern consists of the activity of Ngc neurons in EC. We assume that inhibition controls EC
activity such that || X|| = 1.

The input layer (EC neurons) is fully connected to the layer of DGCs neurons. The feedforward

f

connections from EC to DGCs are excitatory (weights w; /> 0). They are initialized randomly

J
wlf] /e [0,1], and normalized such that }_ j (wf] f )2 = 1. In rodent hippocampus, the spiking
of mature DGCs activates interneurons in dentate gyrus, which in turn inhibit other mature
DGCs (Leutgeb et al. (2007); Alvarez et al. (2016)). In our model, we replace the indirect
DGC-to-interneuron-to-DGC connection by a direct inhibitory DGC-to-DGC connection: the
output neurons are laterally connected all-to-all with identical inhibitory weights w”¢. No

neuron in the network has self-connections.

The total input to output neuron i is given by:

Ngc £f Npge rec
I; = Z w;; Xj+ Z MW Vk (B.1)
j=1 k=1
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Appendix B. Single Winner-Take-All network

with X = (x1, %2, ..., Xn,.) the input pattern, and vy the firing rate of the output neuron k.
In a mature network, the elements m;j are —1 (inhibitory lateral connections). W/f is the
feedforward connectivity matrix. W'°¢ is the recurrent connectivity matrix with diagonal
elements w;/* = 0 and off-diagonal elements w;° = w™ > 0.

Before a stimulus is presented, all rates are initialized at zero. Upon stimulation, the lowpass-
filtered firing rate of output neuron i evolves according to (Miller and Fumarola (2012)):

dv;
rd—t’ =—v;+ f(I)) (B.2)
with 7 a time constant, and f a Heaviside function

f(2)=FA(z—b) (B.3)

with some bias b.

Once the firing rates in the output layer have converged, the feedforward weights from each
EC neuron j to each DGC i are updated in our model according to Oja’s rule (Oja (1982)):
Awifjf =nv; (xj - wlfjfv,-) (B.4)
with 17 a learning rate. Since in a WTA circuit all neurons except one have a rate v; = 0, only the
winning unit (v; = 1) updates its inwards feedforward weights in direction of the input pattern
X. Note that the weight update rule (B.4) is applied once for each pattern presentation, after
convergence of equation (B.2) to a stationary state. After the weight updates, all firing rates
are reset to zero. Therefore, the WTA network is ultimately performing clustering: each output
unit feedforward weight vector will move towards the center of mass of the cluster of patterns
it is selective for (Hertz et al. (1991)).

Winners, losers, and quasi-orthogonal inputs

We define the winner as the neuron for which the scalar product of feedforward weights with
the input pattern is the largest:

(B.5)

Since both the input patterns and the feedforward weight vectors are normalized to have an
L2-norm of 1, the winning unit is the one whose weight vector Wif ! (row of the feedforward
connectivity matrix) aligns best with the input pattern X. Furthermore, we say that an input

pattern X is “quasi-orthogonal” to a weight vector Wif T Zﬁvjf wlf] T j < b. Note that for b — 0,
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we recover the standard orthogonality condition. Under the condition

w+b>1, (B.6)

].Vfc w x>
j=1 "ij
b is satisfied for at least one neuron, then the winner will become active and thus will inhibit

we get at most one active neuron in the output layer. In addition, if the condition }°

the other output neurons through the inhibitory recurrent connections w”*¢ of equation (B.1).

To prove the above claims we assume that we have inhibitory lateral connections (m; = —1).
At steady state we obtain v; = f(I;) Vi, cf. equation (B.2). Assuming 7 active neurons i *, we
get

Ngc

vie =Jf’(z wﬁf;xj—(n—l)w’e”—b) (B.7)
=1

for the active neurons, and
R
vi=H| ). w; xj—nw"-b (B.8)
j=1

for the inactive neurons. Hence Z]. 1 w{;];.x j > b is a necessary condition for the winner.

Furthermore, knowing that ||X|| = 1 (by construction), and that IIWif f <1 Vi (the feedfor-
ward weights are initialized such that ||Wl.f ! [| = 1, and Oja’s rule enforces that ||Wl.f ! [| will
stay smaller or equal to 1 during learning), the condition w"* + b > 1 is sufficient to ensure

that there is only one active neuron. As we initialize all output firing rates to 0 before pat-
Ngc wf f
j=17ij

competition is the output unit i* with the largest input I;=.

tern presentation, equation (B.1) is initially I; =" xj, and therefore the winner of the

Figure B.1b shows the evolution of the firing rate of four output neurons during presentation
of an input pattern. In this example, three units initially show an increasing firing rate, because
the total input I; they receive is bigger than the bias b, see Figure B.1a, whereas the fourth
(orange) unit is quasi-orthogonal to the input pattern, and thus stays silent the whole time.
With time, as activity of the output neurons increases, lateral inhibition increases as well. It
has the effect of lowering the total input to all neurons, and consequently the firing rate. The
blue unit, which is the one whose feedforward weight vector matches best the input pattern,
ultimately wins the competition, while input to the purple and the yellow units falls below the
firing threshold.

Two exceptional cases can arise: (1) all inward weight vectors towards the output units are

quasi-orthogonal to the input pattern (Zj\[ff

will stay silent (v; =0 Vi). However, the more output units we have, the lower the probability

wlf] f xXj<b Vi). In this first case, all output units
that this situation arises since the feedforward weight vectors are initially randomly chosen

from a uniform distribution on the positive quadrant of the surface of the hypersphere. (2) The
scalar product between the weight vector and the input pattern is identical for several output
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a b

. —

Total input I;
Firing rate v;

Time Time

Figure B.1 — Activity dynamics in a single WTA network. Activity dynamics of four DGCs
(i €{1,2,3,4}) during presentation of an input pattern. The four output units have different
feedforward weight vectors. (a) Total input I; towards each output neuron (the green dotted
line represents the bias b), and (b) resulting firing rate v; as a function of time.

units. If the output units that share the same identical scalar product with the input patterns
are also the ones with largest scalar product, it will follow that all of them will become winners
of the competition. Yet, this case becomes more and more unlikely as the dimension of the
input patterns is increased. Moreover, such a symmetric solution of equations (B.1) (B.2) (B.3)
is dynamically unstable in the presence of noise.

B.1.2 Neurogenesis and integration of newborn neurons

Before neurogenesis occurs, we store K prototype patterns in the existing network of DGCs
(Npgc = K). To do so, the feedforward weights are initialized randomly wlf] I e [0,1], and

2
lf] ! ) = 1. Patterns of the K different clusters are then presented to

the network, and the feedforward weights are updated as explained in section B.1.1. At the end
of pretraining, each output unit has a feedforward weight vector that aligns with the center of
mass of one of the clusters Hertz et al. (1991), see Figure B.2a.

normalized such that }_ j (w

The feedforward weights towards the mature DGCs are then frozen, and a newborn DGC
is added to the output layer. This corresponds to the neurogenesis step. The feedforward
connections to this newborn DGC are plastic and initialized to small positive values: wlf] s

|A (0, 10~%)|. The lateral connections onto a newborn cell are set to the same value w’*¢

as
for the other DGCs, while the outward connections from a newborn cell to mature cells are
set to 0. Once the newborn DGC has been added to the network, a cluster of novel patterns is
presented, intermingled with the K previously stored clusters. Thus we present K + 1 clusters
of patterns onto K mature DGCs and one newborn DGC. Learning of the feedforward weights

onto the newborn DGC occurs in two phases.
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Figure B.2 — Architecture of the single WTA network. The entorhinal cortex input layer
(black) is fully feedforwardly connected to the output layer, consisting of mature DGCs (red)
and a newborn DGC (blue). (a) Pretraining: input patterns are presented to a network of DGCs,
and all feedforward connections are learned. (b) Early phase of maturation of the newborn
DGC: lateral input from mature DGCs (red) has an excitatory effect onto the newborn DGC
(blue). (c) Late phase of maturation: all lateral connections are inhibitory. Full lines depict
fixed connections, dashed lines represent plastic connections; round endings mean excitation,
while T endings represent inhibition.

Early maturation phase: cooperative

During the early phase of maturation, the GABAergic input onto a newborn cell has an excita-
tory effect, see Figure B.2b. In the model, using the subscript notation m for mature DGCs
and n for the newborn DGC, it is implemented as follows: my,;,;, = +1 (and m;,, = —1 for two
different mature DGCs, as before). Furthermore, since newborn cells do not recruit feedback
inhibition onto the mature DGCs, we have m,,;, = 0.

After each pattern presentation, the dynamics of the firing rate of the output units evolve until
convergence as before. However, the newborn DGC receives indirect lateral excitation, instead
of inhibition, from the mature DGCs. Based on equation (B.1) and the elements m,;, = 1, the
total input towards the newborn DGC is given by:

L=Y wllxj+ Y witv (B.9)
j k#n

where w{:{ (resp. w;‘;c) stands for the feedforward (resp. recurrent) connectivity weight from
neuron j to the newborn DGC with index n. If we assume that the conditions to have a single
active neuron among the mature DGCs are satisfied, the newborn neuron is indirectly excited
by the winner of the competition. The necessary condition for the lateral excitatory GABAergic
input to be sufficient to activate the newborn neuron is: w”*¢ > b. If this requirement is met,
the activation of the newborn DGC drives the growth of its feedforward weights. Therefore,
together with condition (B.6), we require w'"°¢ > % and w"°¢ > b.

From the perspective of the newborn DGC, the early phase is cooperative because, for each
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pattern presentation, the winning mature DGC laterally excites the newborn DGC. Since in our
model mature DGCs have non-plastic connections, the winning mature DGC will not update
its feedforward weights, but the newborn DGC will. Under these conditions, the feedforward
weights onto the newborn DGC will grow in the direction of the subspace of the feedforward
weights of those output units that win the competition for some input patterns. In other words,
they will move towards the subspace of the weight vectors of DGCs that are winners for the
presented patterns, hence the learning is cooperative.

Late maturation phase: competitive

During the second phase of maturation, the GABAergic input onto the newborn DGC switches
from excitatory to inhibitory. In terms of our model, it means that m,,, switches from +1 to
—1. Equation (B.9) becomes:

In=). ngj - 2wk (B.10)
j k#n

which is equivalent to the input onto the mature DGCs, hence competitive. Furthermore, in

this second phase, inhibitory lateral connections from the newborn DGC to the mature DGCs

are added (m;;,, = —1), see Figure B.2c.

B.1.3 Control case

In the control case, we start directly with a number of output neurons equal to the final
number of clusters of patterns, that is Ngc = K+ 1. The feedforward connections to all
DGCs are plastic. As for the mature DGCs of the neurogenesis model, they are initialized

randomly wlfj /e [0,1], and normalized such that }; (wlf] f )2 = 1. The DGCs are all-to-all
identically inhibitory recurrently connected with value w”°“. There are no self-connections.
The pretraining, where only K pattern clusters are shown to the network, is identical to the
one for the neurogenesis case, except there are K + 1 output DGCs with plastic feedforward
connections instead of K. Once we add the novel cluster of patterns, we keep all feedforward
connections towards the DGCs plastic. So the network is equivalent to the one in Figure B.2a,

except that there are always K + 1 output neurons.

B.1.4 Classification performance

After convergence of the feedforward weights, they are fixed, and classification performance of
the DGC layer is assessed by computing classification error on the corresponding test set (Diehl
and Cook (2015)). First, every DGC neuron of the output layer is assigned its corresponding
label (the cluster it represents best). This is done by presenting each pattern of the training set
to the network. The index of the output neuron which wins the competition is kept in memory
together with the known label of the pattern. Once all training patterns have been presented,
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Figure B.3 - Classification error with the single WTA network Boxplots representing the
classification error on the test set after learning using the training set (MNIST 12x12 dataset).
Levene’s test confirmed that the data came from distributions with similar variances, so a
two-sample t-test was used to test if the data from two different distributions had similar
means or not: the p-values are displayed.

each output neuron is assigned the label of the digit to which it responded most often. Second,
all patterns of the testing set whose clusters have been presented during learning are classified
by observing which output neuron wins the competition, and comparing its assigned label to
the real label of the pattern. The classification error is computed by dividing the number of
incorrectly classified patterns over the total number of presented patterns.

B.2 Results

B.2.1 Maturation of a newborn DGC in a WTA network of mature DGCs is better
for learning a novel cluster than a population of same size of plastic neu-
rons

We wondered whether a network that was previously trained on three clusters of input patterns
was able to learn a novel cluster. In the control network, we used four DGCs with input from
144 EC cells. In the scenario with neurogenesis, we started with three DGCs to which we added
a fourth one when patterns from the novel cluster were included. The four clusters of EC
inputs correspond to training patterns belonging to four digits of the MNIST 12x12 dataset.

First, the classification error at the end of the learning phase with three clusters is similar
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Figure B.4 - Evolution of the angle and norm in the single WTA network. Evolution of the
angle between the center of mass of the novel cluster and the feedforward weight vector onto
the output neuron of interest (top row), and of the norm of that feedforward weight vector
(bottom row). (a) Neurogenesis case: evolution of the feedforward weight vector onto the
newborn DGC. The red vertical line represents the switch from excitation to inhibition of
the GABAergic input onto the newborn DGC. (b) Control case: evolution of the feedforward
weight vector onto the output unit that ultimately represents the novel cluster, if there is one.
One epoch corresponds to the presentation of all the training patterns of the selected clusters
once.

for the neurogenesis model and the control, see Figure B.3. Since in the control there are
four output units to store only three clusters, the classification error is slightly lower, but
the difference is not significant. Second, after presentation of a novel cluster, the network
performs significantly better in the neurogenesis model than in the control. This is reflected
by a significant increase of the classification error upon inclusion of a novel cluster in the
control, but not in the neurogenesis model. We conclude that concurrently including a novel
cluster and adding a plastic output unit is beneficial for learning a novel cluster. Even though
in the control case all output units always keep plastic feedforward weights, a novel cluster
included at a later learning stage is not properly learned.

Next, we asked why there is such a difference in classification performance between the
neurogenesis model and the control. We focused on the evolution of the feedforward weight
vector onto the newborn DGC as a function of maturation. Similarly, in the control, we
looked at the evolution of the feedforward weight vector onto the output unit that ultimately
represents the novel cluster (if there is one). First, as expected by design, we observe that the
norm of the weight vector is relatively stable in the control, while it increases as a function
of maturation in the neurogenesis model, see bottom row of Figure B.4. Second, and more
importantly, the angle between the weight vector and the center of mass of the novel cluster
decreases more and faster in the neurogenesis model than in the control, see top row of
Figure B.4. Consequently, when the weight vector has converged, it is more selective for the
novel cluster in the neurogenesis model than in the control.
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Figure B.5 - Pretrained subclusters of digit one of the MNIST 12x12 training set. (a) repre-
sents 48% of the training set. (b) represents 1% of the training set. (c¢) represents 51% of the
training set.

B.2.2 Neurogenesis is a biological solution to the problem of dead units

In the control case, all output units have plastic feedforward weight vectors with a norm close
to one. At the end of the learning of the first three clusters, they are each represented by at
least one output unit. The fourth output unit is thus either unselective to any of the pretrained
clusters (dead unit), or is also selective for one of the three clusters (subclustering of one
cluster). Thus, there are two situations where the novel cluster cannot be learned. (1) The
dead unit is quasi-orthogonal to the novel cluster, see Figure 6.1c. Most probably, the magenta
unit was not updated during pretraining, because the blue and green vectors always won the
competition. Then, at the end of learning of the blue and green clusters, the magenta unit
still points where it got initialized. When the novel red cluster is added, ideally the magenta
unit should become selective for it. However, if the magenta weight vector is quasi-orthogonal
to the novel cluster, it will never be activated, and thus stay a dead unit. (2) All units are
already assigned to the initial clusters (subclustering). The blue cluster got divided into two
subclusters during pretraining: two weight vectors are pointing in its direction. Therefore,
when the novel red cluster of patterns is added, it may be quasi-orthogonal to all weight
vectors, and thus the novel cluster is never learned. Another possibility is that the novel cluster
might actually activate one of the output units. So the feedforward weight vector will move in
its direction. However, presentation of any pattern from the corresponding pretrained cluster
will bring back the weight vector towards it. In all these cases, classification performance over
all presented clusters is impaired, because no output unit represents the novel cluster.

B.2.3 Similar clusters can be learned, while distinct clusters cannot

Depending on how the network parameters are chosen, the newborn DGC is either able to
become selective for the novel cluster, or not. For example, we can start by pretraining three
subclusters of digit one in three mature DGCs, see Figure B.5. After convergence of the weights,
we fix them. Then, we include a novel digit cluster in the presentation, and add a newborn
DGC to the network whose feedforward weights are learned. At the end of maturation, we look
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Figure B.6 - Receptive field of the newborn DGC at the end of maturation. The feedforward
weight vector onto the newborn DGC is visualized as a 2-dimensional arrangement of its
elements. (a) The novel cluster is similar (digit seven). (b) The novel cluster is distinct (digit
zero). (c) Center of mass of all patterns of the training set that are labeled as digit seven.
(d) Center of mass of all patterns of the training set that are labeled as digit zero.

at the feedforward weight vector to the newborn DGC, see Figure B.6. We observe that when
the novel cluster is similar (digit seven) to the pretrained clusters, the newborn DGC becomes
selective for it, see Figure B.6a. On the other hand, if the novel cluster (digit zero) is distinct,
the newborn DGC does not become selective for it, see Figure B.6b. It is reflected by a lower
classification error on the test set in the similar case (8.51%) with respect to the distinct case
(24.30%).
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