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ABSTRACT

Robust vision starts in the retina and is finally accomplished in the cor-
tex — but what role does the dorsolateral geniculate nucleus of the thala-
mus (dL.GN) play at the intermediate stage of the early visual processing
pathway?

In this thesis, I investigated how the dLGN in the awake mouse com-
putes visual representations and how dLGN activity is shaped by retinal
feedforward signals, cortico-thalamic feedback and behavioural state. A
guiding hypothesis was that the dLGN is not a passive relay of retinal
inputs, but an active signal transformer that may improve the reliability,
efficiency, and robustness of the neural population code.

In the first study included in this work, we investigated which func-
tional retinal ganglion cell (RGC) types project to the dLGN and how
multiple RGC types converge onto single dLGN relay cells. The second
study explored the impact of global suppression of V1 cortico-thalamic
feedback on dLGN responses to naturalistic stimuli, and compared the
effects of feedback versus locomotion and natural versus artificial stim-
uli. Lastly, in the third study, we modelled dLGN activity to more com-
plex movie stimuli and used a more selective optogenetic feedback sup-
pression method and assessed if and how the model benefits from ad-
ditional information about feedback, as well as locomotion and pupil
size.

To summarize our results, we first found that the majority of func-
tional RGCs project to the dLGN, which displays a large response di-
versity, and that an average of five types converge onto a given relay
cell, two of which exert the strongest functional impact. Secondly, global
feedback suppression reduced dLGN firing rates and increased burst-
ing, with stronger effects observed for naturalistic stimuli than artificial
ones, and similar but independent effects of feedback versus locomo-
tion. Lastly, the third study confirmed that dLGN mean firing rates are
decreased by direct feedback suppression, and increased during periods
of running and large pupil sizes. These observations are reflected in the
model, whose predictions benefit mostly from additional feedback but
not behavioural state information, but which nevertheless manages to ex-
tract dLGN spatio-temporal receptive fields (STRFs) for complex movies
as well as artificial stimuli.

In conclusion, in vivo mouse dLGN activity is shaped mostly by the
influences of sparse functional retino-thalamic convergence, and is mod-
ulated to a lesser degree by cortico-thalamic feedback and behavioural
state. This suggests that the dLGN is not a passive relay but instead ac-
tively transforms visual signals by combining its visual and extra-visual
inputs, in agreement with the consensus view on the subject.
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INTRODUCTION

Vision allows us to see and navigate the world around us, and the fact
that it works so reliably is at the same time one of its most remarkable
and least noticeable features. Most remarkable, because it works in vi-
sual environments that are highly complex, diverse and variable, with
noisy and limited visual information. Least noticeable, because most of
its workings happen effortlessly and subconsciously.

Visual perception is more than mere sensation of light, more than a
simple, passive and direct translation of the retinal image (Gibson, 1972
— it is an active process of transformation and interpretation of visual
information (Uliman,
tion in the mind's eye. While the term interpretationmay evoke conscious
control, perception is largely the product of, as Hermann von Helmholtz
put it, unconscious inferenqgon Helmholtz, 1867).

Visual processing is physically implemented in the visual system (Marr
& Poggio, 1976, a complex neuro-computational machinery that extracts
information at every single stage. All biological vision begins in the eye,
the sensory organ that transduces light energy in the visible spectrum
of electromagnetic radiation into the neural code. When patterns of pho-
tons stimulate the retina, they trigger a cascade of signals through a
massively interconnected hierarchical neural network of converging and
diverging feedforward pathways (Felleman & Van Essen, 19971 Siegle
et al., 2021) and recurrent feedback connections (Riesenhuber & Poggio,
1999. Whereas the visual feedforward hierarchy is generally thought to
underlie the increase of neural receptive eld ( RF) size and feature com-
plexity at successive levels (Hubel & Wiesel, 1962 Lamme & Roelfsema,
2004 Riesenhuber & Poggio, 1999, feedback is hypothesized to serve
diverse concepts involving top-down, contextual and predictive process-
ing (Gilbert & Sigman, 2007 Rao & Ballard, 1999, as well as attention,
working memory and prior experience (Gazzaley & Nobre, 2012. Inso-
far as feedforward and feedback processes provide pattern recognition,
they can be regarded as active inference and interpretation mechanisms
for perception in the above sense.

Yet, our understanding of the computations in the visual system is
incomplete (Carandini et al., 2009, as evidenced, for instance, by recent
efforts in computer vision to algorithmically emulate the visual object
recognition abilities of biological systems (Yamins et al., 2014). Despite
the recent breakthroughs the eld experienced owing to the develop-
ment of deep neural network ( DNN) (LeCun et al., 2015, the robustness
and ef ciency of those networks still falls short of human performance
levels by a large margin (Dodge & Karam, 2016 Szegedy et al.,2013.

Already at the early precortical stages of the image-forming visual
pathway connecting the retina, the thalamic dLGN, and the primary vi-
sual cortex (V1) (Seabrook et al.,2017, little is known about if and how
visual representations change between the retina and the dLGN (Us-
rey & Alitto, 2019. The dLGN occupies the rst station after the retina

1980, necessary to create a meaningful representa-

receptive eld:

region of sensory space in
which the presence of a stim-
ulus can alter the neuron's
response.

robustness:

ability of a system to toler-
ate perturbations without
changing its properties, e.g.
neural response reliability or
invariance despite changing
conditions.
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and provides the most direct route for visual informationto V1 (Berson,
2009. Since all sensory info (except olfaction) is rst processed in the re-
spective rst-order nuclei of the thalamus, including the dLGN, before
reaching the cortex, the thalamus has also been dubbed the gateway to
cortex (Usrey & Alitto, 2015. However, this gateway has classically been
viewed as a simple passive relay (Sherman, 2007 Usrey & Alitto, 2015,
implying that it essentially passes on or blocks signals from the sensory
periphery unchanged, and also implying that no information would be
lost if this relay station were skipped (Ghodrati et al., 2017). This stands
in contrast to the view of the dLGN as an active signal transformer that
changes incoming information before passing it on.

In this thesis, | investigated how the mouse dLGN processes the com-
bined signals from its various visual and extra-visual input sources (Sher-
man & Guillery, 2002. A central hypothesis that we will revisit through-
out this work is that the dLGN is not a mere passive relay but an active
signal transformer that improves the ef ciency and robustness of the
visual population code (e.g. Andolina et al., 2013 Barlow, 1967%; Briggs
& Usrey, 2011, Dong & Atick, 1995 Ghodrati et al., 2017 Sillito et al.,
2006 Usrey & Alitto, 2015. By now, this view re ects the established
consensus of the recent literature on the mouse model system, to the
point that it may come off as a cliché to say that the dLGN acts as
more than a mere passive relay (Babadi et al., 2010. Making this con-
trast nevertheless provides a useful research framework that continues
to be supported by an emerging body of evidence uncovering a hitherto
unexpected diversity of mouse dLGN feature selectivity (Cruz-Martin et
al., 2014 Marshel et al., 2012 Piscopo et al.,2013. This diversity may be
based on, rstly, massive retino-thalamic feedforward ( FF) convergence
(Ellis et al., 2016 Hammer et al., 2015 Morgan et al., 2016 of the many
different retinal ganglion cell ( RGC) types (Baden et al., 2016, allowing
the dLGN to recombine incoming information into diverse novel fea-
tures. Secondly, signal transformations may be further aided by ubiqui-
tous cortico-thalamic (cT) feedback (F8) connections (Sillito et al., 2009,
adjusting response gain and the spatio-temporal structure of retinal ac-
tivity patterns (Cudeiro & Sillito, 1996 Usrey & Alitto, 2015.

However, the functional roles of feedforward convergence and feed-
back are poorly understood, with con icting evidence arguing either
for (Alitto & Usrey, 2009 or against (Sillito et al., 2009 a signi cant
in uence. Furthermore, the dif culty of interpreting results in either di-
rection is exacerbated by methodological differences including choice of
species, behavioural state of the animal, data type, CT FB manipulation
technique, stimuli, and analysis focus, to name but a few. In particular,
the interpretation of most of the studies is hampered by the fact that
they have probed CT FB effects by manipulating CT FB non-speci cally
while showing arti cial stimuli to anaesthetized cats, which could lead
to a substantial underestimation of feedback effects (Durand et al., 2018).

In this regard, the primary contribution of this work is to provide
in vivo studies of dLGN diversity in the awake, behaving mouse in re-
sponse to various stimuli, including modelling of responses to naturalis-
tic stimuli and behaviour with or without direct L 6 CT FB suppression.



1.1 overview

1.1 overview

In the following introductory sections, | shall rst examine the litera-
ture on the topics of the retino-geniculate feedforward pathway (Sec-
tion 1.2) and the cortico-geniculate feedback pathway (Section 1.3), and
then move on to discussing the use of behavioural state information, in-
hibitory optogenetics, naturalistic movie stimuli and modelling in the
service of neural systems identi cation of the dLGN (Section 1.4).

The subsequent three chapters contain the studies conducted to ad-
dress these topics in more depth. Chapter 2 includes the rst study,
Roman Roson et al., 2019 in which we focussed on the question of
retino-geniculate convergence as the basis of the functional diversity of
the dLGN. Chapters 3 and 4 contain the study published as Spacek et al.,
2022 and the manuscript Bauer et al., 2022 (in preparation, in which we
investigated the functional impact of CT FB via different optogenetic CT
FB inhibition techniques and further assessed the in uence of different
naturalistic movie stimuli and behavioural state. Lastly, in the discussion
chapter (Chapter 5), | will summarize our ndings, discuss their inter-
pretation and provide an outlook for future directions for this work.

1.2 thalamic feedforward inputs — from retina to dign
1.2.1 Retinal outputs

The dorsolateral geniculate nucleus of the thalamus (dLGN) receives its
main feedforward ( FF) input drive from the retina, a thin sheet of light-
sensitive tissue at the back of the eye that converts light into the neu-
ral code at the basis of vision (Dhande et al., 2015. Every aspect of
visual processing is built on the spiking activity of RGCs, the output
layer of the retina (Dhande & Huberman, 2014). Retinal inputs to the
dLGN are of a feedforwardnature insofar as the retina precedes the
dLGN in the image-forming visual path linking retina dLGN V1 (the
retino-geniculo-cortical path). Retino-thalamic RGCs also provide the
only driver synapses input onto dLGN cells, all other inputs synapses
to the LGN being modulatory(Sherman & Guillery, 2002).

It may be tempting to liken the retina to the light-detection functions
of a camera sensor, but that analogy grossly ignores the enormous sig-
nal processing capabilities of the retinal machinery (Gollisch & Meister,
2010. These include single-photon detection (Baylor et al., 1979 Tren-
holm & Krishnaswamy, 2020, edge detection and decorrelation (Franke
et al., 2017 via center-surround RFs (Barlow, 1953, adaptation / gain
control (Fairhall et al., 2003, Wark et al., 2007, image compression, ex-
traction of parallel feature channels (Baden et al., 201§ Lettvin et al.,
1959 Roska & Meister, 2014, to name but some general processes. In
vertebrates, retinal processing is a signal cascade through multiple suc-
cessive neuronal layers. Visual information ows through the vertical
pathway starting with photoreceptor cells, via bilopar cells, and ending
with RGCs. On this route, the signals are extensively shaped by the activ-
ity of interneurons, namely horizontal cells and amacrine cells (Masland,
2012). The RGC layer is thus the nal output layer of the retina.
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The RGC layer comprises many different RGC types (based on func-
tion, morphology, genetics, intra-retinal connectivity, retinal mosaic and
immunohistochemical pro le (Baden et al., 2016). In the mouse retina,
information gets distributed across 40+ functional RGC types (Baden et
al., 2016 Laboissonniere et al.,2019 Peng et al.,2019 Sanes & Masland,
2015 sumbul et al., 2014 extracting distinct features from the visual in-
put in parallel and evenly tiling the retina. A few fundamental response
features include ON-, OFF-, and ON-OFF responses, transient vs. sus-
tained responses, (opponent) colour-coding, orientation selectivity ( 09),
direction selectivity ( DS), suppressed-by-contrast (ShC) responses, loom-
ing responses, and more (Baden et al.,2016 Dhande et al., 2013, which
may also get combined with each other to give rise to a continuum of fea-
ture lIters. For approximately half of the RGC types the precise function
has yet to be determined (Sanes & Masland, 2015, but there are results
promising to continue towards a consensus on a unied classi cation
catalogue of RGC types (Goetz et al.,2021).

It is yet unclear precisely what retinal information is sent to the dLGN
and how it is processed there. The mouse retina projects RGC output ax-
ons to approximately 50+ retino-recipient areas (Martersteck et al., 2017,
including the SC and dLGN as the main targets, as well the ventral LGN
(VLGN), the hypothalamus, the suprachiasmatic nucleus, and pretectal
nuclei of the midbrain, to name but a few. In fact, in the mouse, ca.
90 % of all RGCs project to the SC (Ellis et al., 201§ Seabrook et al.,
2017, compared to ca. 30-40 % projecting to dLGN (Martin, 1986. Of
the dLGN-projecting RGCs, 80 % also innervate the SC (Ellis et al., 201§
Huberman et al., 2008.l Nevertheless, to determine the functional con-
sequences of retinal projection patterns on dLGN visual processing, we
also need to assess both the types of features sent to dLGN, as well as
the patterns of retino-geniculate convergence.

1.2.2 Retino-geniculate convergence & the functional diversity of dLGN cells

The issue of retino-geniculate convergence is relevant to the questions of
thalamic functional diversity and signal transformation insofar as con-
vergence can enable recombination of visual feature channels to gener-
ate new features - a result that would run counter to the notion of the
dLGN as a passive relay. It is a matter of current debate which func-
tional RGC types project to the dLGN, what their convergence patterns
are, and how much this contributes to thalamic signal transformations,
if at all (Usrey & Alitto, 2015. The answer mainly seems to depend on
the species and on whether we are considering functional or anatomical
evidence.

On the one hand, classical research in cats and primates has sug-
gested little convergence (reviewed in Sherman & Guillery, 2002. Ev-
idence of parallel retinogeniculate feature channels has typically been
con ned to few channels, the X-, Y-, and W-pathways for cats, or the anal-

This contrasts with the distribution in primates, where the pattern reverses with ca.
10 % of RGCs projecting to the SC vs. 90 % to dLGN (Kremkow & Alonso, 201§
Perry & Cowey, 19849, indicating a potential species-speci c difference in the relative
importance of the pathways.



ogous parvo-, magno-, and konio-cellular pathways in monkeys. Since
the dLGN exhibits the textbook layered structure in those species, which
map on to the termination patterns of these three feature channels, this
might lead to the assumption that the dLGN was just passively relaying
this information en route to V 1, without much recombination (reviewed
in ; ).

However, given the recent discoveries of RGC feature diversity in the
mouse (e.g. ), it seems implausible that RGC types
in cats and primates, who rely on vision as their primary sense and
who have better vision than mice ( ), should
be limited to only three types. Indeed, a retrograde tracing study in
macaques has revealed at leastl3 different retino-geniculate RGC types
( ), which conversely also suggests that the dLGN is
receiving more diverse information than previously assumed.

As regards thalamic signal transformations, earlier evidence also has
largely argued against a substantial dLGN contribution. This view is
based on observations that feature selectivity in the cat and macaque
dLGN closely resembles that of retinal afferents ( ;

), based on so called S-potentials,
extracellular post- synaptlc potential (EPSP) signatures of incoming RGC
spike input into dLGN cells.

On the other hand, dLGN cells have also been shown to have a stronger
inhibitory surround RF, lower ring rates and transmitting only a small
fraction of incoming RGC spikes to cortex ( ), point-
ing towards a role of a signal transformer sharpening RFs, and increas-
ing the sparseness and ef ciency of the visual code (

). Overall then, cat and primate studies are not unequivocal but
seem to point more towards a view of the dLGN as a passive relay.

For the mouse dLGN, there is a parallel debate about the degree of
functional diversity, signal transformations and convergence, yet with a
clear time trend towards more diversity and transformations (

). First quantitative characterizations of dLGN feature diversity
in mice ( ) have concluded that, barring ON-
vs. OFF-center differences, there was overall little evidence for parallel
processing. However, the authors also pointed out that not all recorded
cells could be mapped quantitatively using their stimulus set, which
opens up the distinct possibility that other stimuli, e.g. naturalistic ones,
might elicit different type responses. Furthermore, while the authors did
nd a potential distinction of transient vs. sustained responses, they did
not call this a type distinction because it did not hold up in other spa-
tial and temporal domains. This requirement may arguably be overly
strict, which points to a deeper issue about the criteria for cell type
classi cation. The idea of little dLGN signal transformations sits well
with anatomical evidence of little retino-thalamic convergence.

found convergence of as few as 1-3 RGC types onto dLGN
cells, favouring the idea of a passive inheritance of dLGN properties
such as spatial con guration and size from input RGCs.

On the other hand, we now do have evidence in favour of mouse
dLGN feature diversity, signal transformation and convergence. Clearly
starting to go beyond the classical three dLGN types, like in the retina
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(Baden et al., 2016, more recent studies have revealed more complex
and diverse representations in dLGN cells displaying 0s, Ds and shC
properties, varying transient vs. sustained response latencies, and ON-
and OFF- sign-preferences (Cruz-Martin et al., 2014 Marshel et al., 20172,
Piscopo et al., 2013 Zhao et al., 2013. This shows that dLGN receives
input from a rich diversity of RGC types. Different RGC types also seem
to terminate in different regions of the mouse dLGN, which does not
have a layered structure but is still subdivided into a medial core and
a lateral shell region (Sherman, 2001). Whereas ON-OFF DS RGCs and
ON DS RGCs terminate preferentially in the dLGN shell (Dhande et al.,
2013 Osterhout et al., 2019, transient-OFF alpha RGCs (Huberman et
al., 2008 Huberman et al., 2009 and ON alpha RGCs (Ecker et al., 201G
Osterhout et al., 20149 selectively terminate in the dLGN core.

Still, this diversity could simply be inherited from the retina, with little
need for thalamic signal transformations. Here however, recent anatomi-
cal evidence of massive retino-geniculate convergence favours the idea of
novel dLGN feature generation. Mono-transsynaptic rabies virus tracing
revealed that 40-50 % of single dLGN neurons could receive input from
> 90 RGCs, sometimes from both eyes, and composed of up to 9 differ-
ent types (Rompani et al., 2017). This nding corroborates connectomics,
tracing and chronic imaging studies that uncovered a surprisingly large
degree of anatomicalretino-geniculate convergence and divergence pat-
terns (Ellis et al., 2016 Hammer et al., 2015 Liang et al., 2018 Marter-
steck et al., 2017 Morgan et al., 2016, which also seem to hold for dLGN
inhibitory interneurons (Morgan & Lichtman, 2020).

Nevertheless, this anatomical evidence needs to be brought in line
with evidence about the functional impact of those synapses on dLGN
responses. Indeed, functional studies have usually promoted a much
lower number of functionally relevant RGCs, with recent optogenetic
studies estimating that, while dLGN relay cells may receive inputs from
multiple RGCs, their activity is dominated by the minority (Bauer et al.,
2027 Litvina & Chen, 2017. If functional diversity and novel feature gen-
eration match the anatomical data, then this would speak in favour of a
role of the dLGN as an active signal transformer. If, on the other hand,
it turns out that the impact of massive convergence on functional diver-
sity and signal transformation is insigni cant, this would again speak
in favour of a role of the dLGN as a passive relay, but would also raise
guestions about the purpose of such massive convergence. Perhaps then,
we will be able to reconcile the two types of evidence by considering
the synaptic connection strength, consistent with idea that dLGN cells
may receive massively converging retinal inputs, with just a few domi-
nant ones determining the dLGN cell response and the other weak ones
ne-tuning the response and allowing adult synaptic plasticity. What-
ever the debate on retino-geniculate convergence may settle on, there is
still another candidate mechanism that may shape dLGN signals: cortico-
thalamic feedback.
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1.3 thalamic feedback inputs —the cortico -thalamic loop

In general, feedback (FB) occurs when systems or their parts have re-
current connections, i.e. they are connected to themselves or each other
in such a way as to form a loop, such that outputs also become inputs
in a cyclic cause-and-effect chain of processes. The mammalian visual
system includes numerous brain areas that are profusely interconnected.
Since most of the lateral and top-down connections eventually result
in recurrent feedback connections that far outnumber feedforward (FF)
connections, this has fuelled speculations that feedback plays a critical
role in visual processing (Macknik & Martinez-Conde, 2009.

Hypotheses about the functional role of feedback circuits abound, in-
cluding top-down attention, working memory, expectation, prediction,
(Bayesian) priors, context, and consciousness (Angelucci & Sainsbury,
200§ Bar, 2004 Bastos et al.,2012 Gazzaley & Nobre, 2012 Knill &
Pouget, 2004 Kok et al., 2012 Kreiman & Serre, 2020 Lamme & Roelf-
sema, 200Q Rao & Ballard, 1999 Roelfsema & de Lange, 2016 Summer-
eld & Egner, 2009 van Bergen & Kriegeskorte, 2020). Compared to
theories of FF processing, however, there is little consensus on the spe-
ci ¢ function of FB connections (Gilbert & Li, 2013 Heeger, 2017. In
other words, there is unequivocal evidence for recurrent computation in
the brain, but it is less obvious why and how the brain uses recurrent
algorithms (van Bergen & Kriegeskorte, 2020).

1.3.1 Anatomy of the cortico-thalamic feedback circuit

In the mammalian visual pathway linking retina dLGN V1 (the retino-
geniculo-cortical path), direct feedback from cortex to dLGN arises ex-
clusively from primary visual cortex ( V1) cortical layer 6 (L&) cortico-
thalamic (cT) pyramidal cells (Briggs, 201G Sherman & Guillery, 2002
Sillito & Jones, 2002). These close the cortico-thalamo-cortical (CTC) loop
(Shepherd & Yamawaki, 2027 (henceforth referred to as CT FB loop/cir-
cuit) in multiple ways, including direct excitatory synapses onto dLGN
relay cells, as well as onto dLGN inhibitory interneurons and TRN in-
hibitory neurons, both of which thus provide disynaptic inhibition to
dLGN relay cells, as illustrated in Figure 1.2 In mice, L6 CT cells selec-
tively express the neurotensin receptor 1 (Nisr1) promoter (Bortone et
al., 2014 Gong et al., 2007 and can be targeted genetically via the Cre-
Lox system (Josh Huang et al., 2013 Madisen et al., 201Q Nagy, 2000
in order to investigate their structure and function (Olsen et al., 2012
Velez-Fort et al., 2014). Using Ntsr 1-Cre mouse lines, it has been shown
that Ntsr 1-positive L 6 CT pyramidal cells constitute approximately 65 %
of the L6 pyramidal cell population, and are distinct from L 6 cortico-
cortical (CC) pyramidal neurons ( 35 %) whose axons remain within cor-
tex to communicate intra-cortical information transfer (Olsen et al., 2012
\elez-Fort et al., 2014). As can be seen in the circuit diagram, L6 CT cells
are in a good anatomical position to exert strong control over what infor-

This is not the rst instance of feedback on the visual pathway, which already occurs
as early as the rst visual synapse of the outer retina, between photoreceptor cells and
horizontal cells (Drinnenberg et al., 2018).
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mation reaches the cortex (Sillito et al., 2006: Not only do they provide
extensive feedback connections both to dLGN relay cells and dLGN in-
hibitory cells (Briggs, 2010, as well as GABAergic neurons in the TRN
(in cats known as the perigeniculate nucleus (of the thalamus) ( PGN), the
visual part of the TRN) (Murphy & Sillito,  1996. But also within cortex,
L6 CT cells (in contrast to L6 CC cells) extend their dendrites to the lay-
ers L5a (Kim et al., 2014, L4, and beyond (Augustinaite & Kuhn, 2020
Niell, 2015 Velez-Fort et al., 2014).

Nevertheless, it should be pointed out that L 6 CT typi cation may not
be as clear-cut due to the possible heterogeneity of L6 CT cells (Briggs,
2010. Thus, morphological, transciptomic and electrophysiological data
suggests a possible subdivision into 2-4 subtypes (Frandolig et al., 2019
Gouwens et al., 2019 Tasic et al.,2016. While it is currently unknown
whether L6 CT subtypes mediate separate functional aspects of FB, it
may be possible to disentangle their role through genetic targeting in
the future (Graybuck et al., 2020.

Feedback synapses far outnumber feedforward synapses, and this seems
true for most brains of across most mammal species (Macknik & Martinez-
Conde, 2009. In the cat dLGN, L 6 CT FB synapses constitute 30 % vs.
5-10% retinal afferents (Erisir et al., 19973, The general agreement is that
the cortical-to-retinal input ratio is between 1:2 and 1:6 in both cats and
primates (Erisir et al., 1997 Macknik & Martinez-Conde, 2009 Sherman
& Guillery, 2002. Interestingly, this preponderance of FB over FF connec-
tions also extends to cortex. Peters et al.,1994 showed that only 1-8 %
of the synaptic inputs into primate V 1 layer 4C neurons originate in the
LGN, while Ahmed et al., 1994 puts the estimate of cat dLGN afferents
toV1L4to only 6-9 %, in contrast to 45% from L6 CT cells. Lastly, Dana
Ballard, 2015 made a cross-species estimate of a cortico-cortical FB:FF
ratio of 1:10.

At the same time, it would be a potential mistake to assume that a
numerically larger number of inputs means that those inputs are func-
tionally most important (Macknik & Martinez-Conde, 2009 Sherman
& Guillery, 2002. Indeed, the functional impact of a synapse depends
more on its position on the dendrite, as well as its receptor types and
density. Since CT FB inputs contact the distal dendrites of dLGN cells
(Erisir et al., 1997 via synapses containing mGIuR1 metabotropic re-
ceptors (Godwin et al., 1996 and lacking NMDA-receptors (Thompson
et al., 2019, this implies rather small, slow and long-lasting effects on
dLGN processing (Sherman & Guillery, 2002. By contrast, RGC inputs
contact proximal dLGN cell dendrites and exert a strong and fast in-
uence via ionotropic receptors (Sherman & Guillery, 2002. Thus, the
general consensus is that the effects of 16 CT FB synapses are rather
modulatory compared to RGCs, which provide the only driving input to
the dLGN (Sherman & Guillery, 2002. Moreover, as shown in the cir-
cuit diagram, L 6 CT FB contacts onto dLGN relay cells are both directly
excitatory, as well as indirectly inhibitory, both via dLGN inhibitory in-

The remaining proportions of input synapses are divided between 30 % inputs from
GABAergic inhibitory interneurons and TRrRN, and 30 % inputs from the brainstem ( sc
and PBR).



1.3 thalamic feedback inputs —the cortico -thalamic loop

terneurons (Sillito & Jones, 2002 Usrey & Sherman, 2019, and via the
TRN, so the effects of CT FB are expected to be complex.

Nevertheless, the emerging picture of the visual system seems to in-
clude a general pattern of massive and ubiquitous FB connections that
modulate ascending inputs at every stage of visual processing (Sillito
et al., 2009.

1.3.2 The functional role(s) of cortico-thalamic feedback

In contrast to the anatomy of cortico-thalamic ( CT) feedback (FB), there is
much less consensus on its potential functional role(s) as most research
has uncovered diverse and sometimes inconsistent ndings (Briggs &
Usrey, 2017). This is in no small part because of the aforementioned fact
that the modulatory CT FB effects are rather subtle, compared to the
retinal drive, whereby a small percentage of driving RGC inputs seems
to be suf cient to largely determine the STRF properties of dLGN cells
(Weyand, 2016.

A second factor is that L6 CT cells themselves, despite having been
identi ed as the source of CT FB, still play an elusive role in V 1 and
dLGN processing. On the one hand, their aforementioned anatomical po-
sition, taken together with physiological evidence, has been interpreted
to point to a special role of L 6 CT cells as “gain controllers' (Bortone
et al., 2014 Olsen et al., 2012 or "gatekeepers' (Sillito et al., 200§. On
the other, the potential heterogeneity of the L 6 CT population (see Sec-
tion 1.3.1), together with their deep location in cortex and their extremely
sparse ring rates (Velez-Fort et al., 2014, have made it dif cult to target
them via imaging (Andermann et al.,, 2013 Augustinaite & Kuhn, 2020,
electrophysiology (Briggs, 2010, or optogenetics (Denman & Contreras,
2015.

Thirdly, the diversity of ndings may partly be explained by the diver-
sity of methods employed. This diversity arises from the unique combi-
nation of methods in each study, including specieqe.g. cat, macaque,
marmoset, ferret, mouse); behavioural statge.g. anaesthetized, awake,
head- xed, freely moving); feedback manipulation techniquiffering in
spatial and temporal scale, speci city, reversibility, (in-)directness, sign
(e.g. V1 aspiration, V 1 ablation, V1 cooling, V1 muscimol, TMS, GABA
or CGP iontophoresis, optogenetic enhancement (ChR2) of PV-neurons,
or suppression (archaerhodopsin (Arch), halorhodopsin (Halo/NpHR 1)) of
L6 CT cells); recording type(e.g. patch-clamp or multi-electrode array
electrophysiology, functional imaging); stimulus type (e.g. static vs. dy-
namic, arti cial vs. naturalistic); and functional readoufe.g. mean ring
rates, spatial and temporal processing, RF surround suppression, cross-
correlation, precision, reliability, orientation and direction selectivity, r-
ing mode etc.). Understandably, this makes it hard to infer general func-
tional properties of CT FB.

In general, studies on cats, primates and ferrets using pharmacological
or cooling techniques for cortex-wide FB suppression, have found that
CT FB modulates both dLGN spatial integration (Andolina et al., 2013
Cudeiro & Sillito, 1996 Hasse & Briggs, 2017 Jones et al.,2012 Murphy
& Sillito, 1987 Nolt et al., 2007 Rivadulla et al., 2002 Sillito & Jones,
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2002 Wang et al., 2018 Webb et al., 2002, temporal processing (An-
dolina et al., 2007 Hasse & Briggs, 2017 Sillito & Jones, 2002, response
gain (Przybyszewski et al., 200Q Rivadulla et al., 2002 Worgotter et al.,
2002 and transitions between thalamic tonic and burst ring modes (De
Labra et al., 2007 Sherman, 2001, Wang et al., 2006. In these studies,
CT FB removal has been associated with decreasedsTRF precision, less
extra-classical RF surround-suppression, and increased bursting.

In mice, comparatively fewer studies exist, though arguably with higher
CT FB manipulation speci city and precision. While Olsen et al., 2012re-
ported increased dLGN ring rates during optogenetic CT FB silencing,
Denman and Contreras, 2015 using optogenetic suppression of L6 CT
cells via the light-driven proton pump Archaerhosopsin- 3 (Arch) (Chow
et al., 2010 in Ntsr 1-Cre mice, found a mix of inhibitory and excitatory
effects without any clear net effect. Other researchers also failed to nd
any effects of CT FB on the above dLGN properties (Hasse & Briggs,
2017 King et al., 2018 Li et al., 2013 Lien & Scanziani, 2013, or argued
that some reported effects were implausible (Alitto & Usrey, 2009.

But the dif culty of getting a uni ed framework of CT FB function
is not simply a matter of correctly generalizing from the diversity of
methods. The interpretation of most of the studies is hampered by the
fact that they have probed CT FB effects by manipulating CT FB non-
speci cally while showing arti cial stimuli to anaesthetized animals,
which could lead to a substantial underestimation of feedback effects
(Durand et al., 2016. Firstly, anaesthesia may signi cantly affect the re-
sponsiveness of L6 CT FB neurons (Briggs & Usrey, 2011 Keller et al.,
2020. And secondly, CT FB might be most relevant not for processing
simple stimuli, but instead for processing complex (Gulyas et al., 1990,
dynamic (Sillito & Jones, 2002, naturalistic stimuli seen during wake-
fulness, consistent with the notion of FB providing context based on
an internal model built from the statistics of the natural visual world
(Cudeiro & Sillito, 1996 Rao & Ballard, 1999. Therefore, a paradigm
that probes dLGN activity in the awake, behaving mouse in response to
naturalistic movie stimuli during direct L 6 CT cell suppression, would
appear well-suited to address these points.

A last note of caution: given the heterogeneity of previously discov-
ered effects, it might not make sense to expect to nd a single functional
role of CT FB, but instead acknowledge the potential existence of a cor-
responding multitude of roles.

1.4 modelling dlgn activity to movies , feedback & behaviour
1.4.1 Behavioural state in uences on dLGN activity

While the brain is classi ed into sensory areas and motor areas, it has
long been evident that the activity of sensory brain areas is also in u-

enced by behavioural state (Busse,2018 McCormick, 1992 Sherman &
Guillery, 1996 Swadlow & Weyand, 1987). The term “behavioural states'
can refer to a range of phenomena, including sleeping, waking, anaes-
thesia, attention etc., and here, the focus will be on locomotion and pupil

size during wakefulness, which are often also used as proxies to binarize
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behavioural states into periods of arousal vs. quiescence®. Their effects
on neural activity have been reported across sensory domains, including
visual (Niell & Stryker, 2010, auditory (Pluta et al., 2015 and somatosen-
sory (Schneider et al., 2019 cortices.

In the mouse visual system, behavioural state effects extend through-
out, apparent not only in V 1 (Niell & Stryker, 2010, but also further
upstream in dLGN (Ayd n et al., 201§ Erisken et al., 2014, and even
as early as in the retina (Schroder et al., 2020). Interestingly, these be-
havioural state effects in the visual system are not limited to stimulus
periods but also extend into periods of spontaneous behaviour in the
absence of visual stimulation (Stringer et al., 2019. In V1, locomotion in-
creases the neural response gain of orientation contrast and size tuning
(Erisken et al., 2014 Niell & Stryker, 2010 and shifts spatial (Mineault
et al., 2016 and temporal (Andermann et al., 2011 frequency tuning
towards higher resolutions. In the dLGN, locomotion enhances neural
ring rates, shifts thalamic ring mode from burst to tonic mode and
also increases spatial integration (Erisken et al., 2014).

Similar to locomotion, pupil size has also been studied as a proxy
of arousal. Indeed, a common observation is that periods of increased
locomotion are accompanied by increases in pupil size, and periods of
sitting with decreased pupil size (Erisken et al., 2014). However, it has
been shown that, even in the absence of locomotion, increased pupil size
coincides with sharpened sensory coding (under constant illumination
to rule out the pupil light re ex) (Reimer et al.,, 2014 Vinck et al., 2015
in V1, and are correlated with dLGN relay cell activity (Molnar et al.,
2027).

The underlying neural circuits mediating locomotion-related activity
effects in dLGN seem to be located in the brain stem McCormick, 1992
Nestvogel and McCormick, 2021 Sherman and Guillery, 1996 speci -
cally cholinergic pathways originating in the mesencephalic locomotor
region (MLR), a brain stem structure encompassed by the parabrachial
region (midbrain) ( PBR) (Lee et al., 2014). The MLR projects cholinergic
axons both directly to dLGN, and indirectly to V 1, via the basal fore-
brain (Lee et al., 2014). Stimulation of MLR axons in the basal forebrain
or direct stimulation of the basal forebrain have both been shown to in-
duce effects in V1 similar to those of locomotion (Lee et al., 2014 Pinto
et al., 2013, and activity of cholinergic axons in V 1 is correlated with
locomotion (Reimer et al., 2016.

In conclusion, thalamic activity is in uenced not only by retinal feed-
forward and cortico-thalamic feedback signals, but also by behavioural
state. What is less clear is what the individual contributions of these
factors to dLGN activity are when they all act in concert.

14.2 Feedback suppression via inhibitory optogenetics

Optogenetics refers to the integration of optics and genetics in order to
excite or inhibit speci ¢ neurons with light via the genetic introduction
of microbial opsins (light-sensitive membrane proteins) into the neural

Although these motor readouts can also be independent from the more abstract state
of arousal or alertness (Vinck et al., 2015).
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system (Boyden et al., 2005 Deisseroth, 2011, Dugué et al., 2012 Fenno
et al., 2017; Yizhar et al., 2017°. This selective and reversible control
of targeted neurons enables researchers to investigate their causal role
within the complex, dynamic neural system with unprecedented spatio-
temporal resolution. Thus, optogenetics offers clear advantages to alter-
native manipulation techniques mentioned in the previous section (e.g.
cooling, ablation) that are neither as spatio-temporally precise nor re-
versible.

Since excitatory optogenetics alone only establish the causal suf ciency
of the manipulated neural population for a given neural readout mea-
sure, inhibitory optogenetics are required to supplement their causal
necessity (Yizhar et al., 2017). Yet, in contrast to opto-excitation (typi-
cally done via cation-conducting channelrhodopsins ( chrs) (Nagel et al.,
2002), optogenetic suppression has long been more challenging in a
number of ways (Wiegert et al., 2017).

One technique has been to inhibit the target neurons indirectly by acti-
vating inhibitory neurons via the channelrhodopsin ChR 2, which bene-
ts from the sensitivity and ef ciency of ion channels (e.g. Atallah et al.,
2012 Vaiceliunaite et al., 2013. However, the indirect nature of this ma-
nipulation may result in diffuse circuit effects, so care must be taken to
compare the observed effects to more direct manipulation methods.

Alternatively, direct inhibition may be achieved via hyperpolarizing
ion pumps such as the outward-proton pump archaerhodopsin ( Arch)

(Mattis et al., 2017 or the inward-Chloride pump halorhodopsin ( Halo/NpHR )

(Matsuno-Yagi & Mukohata, 1980. However, issues arise from limited
light-sensitivity and ef ciency (Wiegert & Oertner, 2016, which are par-
ticularly severe for deep targets such as L6 CT cells, because light inten-
sities are highly variable in light-scattering brain tissue (Berndt et al.,
2014). The need for continuous, high-intensity light may pose problems
by denaturing brain tissue, creating non-physiological tissue tempera-
tures, or creating photo-electric artefacts. Moreover, since ion pumps can
work against the electrochemical gradient, they are at risk of producing
physiologically abnormal ion concentrations. This may result in “para-
doxical' depolarizing currents caused by NpHR-induced reversed chlo-
ride (CI) resting potentials that trigger Cl -~ ef ux upon GABA A receptor
opening. Similarly, archaerhodopsin-induced alkalization of presynaptic
boutons might trigger opening of pH-sensitive Ca 2*-channels, leading
to undesired vesicle fusion into the synaptic cleft and thus unintentional
synaptic signalling (Mahn et al., 201§ Wiegert & Oertner, 2016).

Recent developments and discoveries of anion-conducting channel-
rhodopsins promise to address these issues, enabling direct photosup-
pression with higher sensitivity and ef ciency (Berndtetal.,, 2014 Berndt
et al., 2015 Govorunova et al., 2015 Wietek et al., 2017. The high ef -
ciency arises from the channel-opening acting like a shunting inhibition,
which additionally avoids creating abnormal concentration gradients
seen in ion pumps (Berndt et al., 2014). In particular, the soma-targeting

I will refer synonymously to the terms of excitation, depolarization, activation, and
gain-of-function on the one hand, and inhibition, hyperpolarization, inactivation, loss-
of-function, and suppression, on the other, although it should be pointed out that
optogenetic manipulation may not completely activate or inactivate a neuron so that
gain-of-function and loss-of-function would most accurately describe the effects.
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Guillardia Thetaanion channelrhodopsin 2 (stGtACR2) (Mahn et al., 2018
exhibits high light sensitivity and improved photocurrents. Importantly,
stGtACR2 also offers the additional bene t of being expression-restricted
to the region around the soma and the axon-initial segment (AlS), which
is achieved via the insertion of a soma-targeting motif of the soma-
localized voltage-gated potassium channel Kv2.1 (Baker et al., 2016).
This is especially relevant to photosuppression in the light of reports
of reversed chloride membrane potentials in the axons of some neurons
under normal, physiological conditions, where axonal Cl - currents may
inadvertently trigger action potentials (Mahn et al., 2018).

Taken together, stGtACR2 thus seems to be a good candidate for di-
rect silencing of L6 CT cells. Yet, it is not perfect, and remaining issues
regarding this optogenetic suppression tool will be considered in the
Discussion (Chapter 5).

1.4.3 Naturalistic stimuli

The purpose of a biological organism's visual system is to process visual
information about its natural environment, and so it has been shaped by
natural visual statistics through the forces of evolution and experience-
dependent development (Felsen & Dan, 2009.

Yet historically, the fundamental insights of visual neuroscience into
the computations of the visual system (such as basic STRF structure
and feature selectivity) have mostly been informed by arti cial stimuli
(Felsen & Dan, 2005. This is in large part because arti cial stimuli offer
the advantage of experimental control: being simple and easily parame-
terized into the component of interest (Felsen & Dan, 2005 Mante et al.,
2008 Rust & Movshon, 20095.

Over the recent years, the debate over the ecological validity of visual
neuroscience experiments (Sonkusare et al.,2019 has also taken hold
in the emerging view that arti cial stimuli may not be suf cient for vi-
sual systems identi cation and that naturalistic stimuli may be needed
as a complement (Felsen & Dan, 2009. Indeed, with regards to feed-
back processing, naturalistic stimuli may shed light into the previously
discussed inconsistent ndings about the functions of feedback in the
cortico-thalamic feedback circuit. Speci cally, if the role of feedback was
to provide context based on an internal model built from the statistics
of the world (Lee & Mumford, 2003 Rao & Ballard, 1999, natural stim-
uli would be expected to best comply with this model, and likely drive
these feedback mechanisms in a more robust way.

However, naturalistic stimuli present their own challenges, so much
so that they have stirred a controversy over their usefulness (Rust &
Movshon, 2005. Conceptually, natural or naturalistic stimuli are not
yet well-de ned and often imbued with an anthropocentric perspective,
ranging from static images to movies of man-made objects and environ-
ments and nature scenes. Commercial movies may have rather unnatural
characteristics such as multiple camera angles, zooms, pans, scene-cuts,
the inclusion of music and exaggerated sound effects, the ability to skip
time, etc. (Vanderwal et al., 2019.

13



14

Lf-like power spectrum:
" 1/f-like noise' refers to a
stochastic phenomenon whose
spectral energy S decreases
in proportion to frequency, f.
That is, the spectral density
has the fornS(f) 1=f 2,
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In the case where at the
energy scales inversely with
frequency and is called “pink
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are widely found in nature,
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Nevertheless, they may be united by the key elements of being com-
plex, dynamic and rich (Hasson et al., 2009, and individual movie frames
share certain statistical properties with natural still images, most no-
tably a distinctly (non-Gaussian) 1/f-like spatio-temporal power spec-
trum (adapted from Felsen & Dan, 2009.

A key challenge of naturalistic movies lies in the analysis of their ef-
fects on neural responses, as naturalistic stimuli do not offer the same
experimental control as arti cial stimuli. Here, various modelling ap-
proaches may prove increasingly necessary (Ghodrati et al., 2017). These
modelling approaches will also help us in evaluating various empirical
guestions regarding naturalistic stimuli themselves, such as what key
features naturalistic movies must have to mimic the natural world and
evoke naturalistic patterns of neural activity, and what differences, if any,
exist between naturalistic movies and arti cial stimuli that matter to the
visual system. On the one hand, non-linear coding mechanisms in the
visual system, such as adaptation, contrast gain control, and burst mode
may operate differently for different classes of stimuli at different pro-
cessing stages on the visual path (Felsen & Dan,2005 Lesica et al.,2007
Lesica & Stanley, 2004 Olshausen & Field, 2005. On the other, compar-
isons of model responses to arti cial and naturalistic movies of different
types have indicated that stimulus class may not be so important in
predicting neural activity in dLGN accurately (Mante et al.,, 200§, but
have cautioned that this might not be true for fast adaptation, bursting
and stimulus coding downstream in V 1 (Mante et al., 2008 Olshausen &
Field, 2009. Further studies in this direction will allow us to standardize
naturalistic movie stimuli and understand their key properties from the
perspective of the different processing stages of the visual system.

1.4.4 Modelling dLGN cell activity

The dLGN has been extensively modelled at a variety of levels, from
the biophysical properties of its neurons to feedback network models
dealing with issues in high-level vision (reviewed in Ghodrati et al.,
2017. Modelling approaches abound in various model types (descrip-
tive, mechanistic, prescriptive) and architectures (broadly, spiking or r-
ing rate models), in order to explore various dLGN activity phenomena
such as its basicsTrFstructure (e.g. using a difference of Gaussians (0OG)
model to describe the centre-surround RF (Irvin et al., 1993), tempo-
ral dynamics (Keat et al., 2001), non-linear phenomena like bursting
(Lesica et al., 2007 Lesica & Stanley, 2009, contrast gain control (Bonin
et al., 2009 and adaptation (Mante et al., 2009; or general visual system
phenomena such as decorrelation and coding ef ciency (Dong & Atick,
1999, synchronous oscillations (Robinson, 2006, reliability (Wang et al.,
2010 and predictive coding (Jehee & Ballard, 2009.

Focusing on descriptive models of dLGN activity in anaesthetized
cats viewing naturalistic stimuli, a surprising fact is that pure feedfor-
ward (FF) models perform quite well even without the inclusion of feed-
back (FB) mechanisms (Ghodrati et al., 2017). Estimating dLGN STRFs by
training linear convolution models (Wang et al., 2007, leaky integrate-
and- re ( LIF) models (Lesica et al., 2007 Lesica & Stanley, 2004, or RC



1.4 modelling dlgn activity to movies , feedback & behaviour

(resistor-capacitor) circuit models (Mante et al., 2009 on different stim-
uli, it was possible to explain a large fraction of variance of dLGN ac-
tivity based on retinal inputs or the stimulus input itself, and elucidate
the contribution of adaptation and contrast gain (Mante et al., 2009 or
bursting (Lesica et al., 2007 Lesica & Stanley, 2004). In addition, these
studies have also been informative with regards to the debate about the
usefulness of natural stimuli in dLGN systems identi cation (see previ-
ous subsection). But the good performance of purely FF models raises
guestions about the importance of FB mechanisms in dLGN processing.

Despite the apparent irrelevance of FB, we should bear in mind that FB
mechanisms might still have been incorporated tacitly into the models
(Ghodrati et al., 2017, in a similar manner that retinal computations may
sometimes be approximated in a single step of dALGN STRF construction
(e.g. Mante et al., 2009, rather than being used as explicit input into
dLGN (e.g. Wang et al., 2007). On the other hand, there are models that
do integrate FB, albeit implicitly via modi ed FF transfer characteristics
(e.g. Einevoll & Plesser, 2012), and accurately predict its effects on dLGN
spatial integration in line with experimental ndings (Cudeiro & Sillito,
1996 Sillito & Jones, 2002, but this model type does not include an
explicit FB loop and is solely based on responses to arti cial stimuli.

Another major caveat is that most of the studies mentioned are based
on recordings in anaesthetized cats, and since FB is strongly affected by
anaesthesia (Briggs & Usrey,2017%; Keller et al., 2020, there might not be
any FB effect to account for in the rst place.

Furthermore, dLGN activity has also been shown to be modulated
by locomotion (Erisken et al., 2014 and arousal (as indicated by pupil
diameter) (Molnar et al., 2021), raising questions about the potential con-
tribution of behavioural state variables in model performance.

Therefore, in order to disentangle the combined in uences of reti-
nal inputs, cortico-thalamic feedback and behavioural state on dLGN
response properties to arbitrary visual stimuli, what is required is an
approach that combines the following elements: recordings of dLGN ac-
tivity, locomotion and pupil size in awake, behaving animals; direct and
reversible L6 CT FB suppression; modelling of each of these elements
to yield quantitative, interpretable results on their respective in uence.
Here, generalized linear models (GLMs) provide a powerful descriptive
framework that has already been used to great effect in numerous stud-
ies to predict responses in the early visual system (Pillow et al., 200§
Schwartz et al., 2006, including the dLGN (Babadi et al., 2010. While
GLMs have been employed to show the independent in uences of reti-
nal and extra-retinal inputs as well as and spike-history (Babadi et al.,
201G Butts et al., 2017), to our knowledge, they have not yet been used to
show their combined in uence in the way proposed above, and so this
approach holds much promise in disentangling the combined in uences
of retinal inputs, cortico-thalamic feedback and behavioural state on in
vivo mouse dLGN response properties to naturalistic stimuli.

15



16

introduction

Figure 1| The cortico-thalamic feedback circuit.  Visual signals are trans-
duced in the retina, from whence RGC project output to the thalamic dLGN
relay cells (black) via strong driver synapses (Sherman & Guillery, 2002).
These relay cells project driver synapses to V1 L4 excitatory cells (black),
the main subcortico-cortical input layer, which contact the dendrites of V. 1
cortical layer 6 (L6) cT pyramidal cells (blue). L 6 CT cells in turn send
direct excitatory modulatory synapses to dLGN relay cells, thus closing
the feedback loop (Sillito et al., 2006. In addition, at every stage, there
are numerous axon collaterals to other areas, making the feedback cir-
cuit effect on dLGN cells more complex. To begin with, RGC axons also
project dLGN inhibitory neurons (red), as well as superior colliculus (mid-
brain) (sc) (greyed out) (Ellis et al., 2016, the main retino-recipient area
in the mouse (other 50+ targets (Martersteck et al., 2017 not shown here),
which feeds back onto dLGN shell relay cells (Bickford et al., 2015. DLGN
core relay cells (core-shell distinction (Seabrook et al., 2017 not shown
here) also contact GABAergic thalamic reticular nucleus ( TRN) cells (red),
in turn inhibiting dLGN relay cells. They also projectto V. 1L6, to V1L5
(grey), which feeds back onto the dLGN shell region, and to V 1 L4 in-
hibitory interneurons (red) contacting L 4 excitatory cells. DLGN shell relay
cells further project (grey dotted line) to V 1 layers 1, 2, and 3 (not shown).
L6 CT cells also project subcortically to dLGN inhibitory interneurons, as
well as TRN inhibitory neurons (Montero, 1991), thus also providing indi-
rect, disynaptic, inhibitory feedback to dLGN relay cells; intracortically to
V1L5 (Kimetal, 2014 and L4 excitatory neurons (Sillito et al., 2006; and
to L6 translaminar inhibitory neurons projecting to layers 6 - 2/ 3 (Bortone
et al., 2014. Lastly, dLGN inhibitory cells receive modulatory inhibitory
inputs from the parabrachial region (midbrain) ( PBFR) (grey), which encom-
passes the mesencephalic locomotor region (ILR) (Sherman & Guillery,
2009).



RETINO-GENICULATE FUNCTIONAL
CONVERGENCE IS DIVERSE BUT SPARSE

21 romanroson & baueretal . (2019

summary: In the mouse, the parallel output of more than 30 func-
tional types of retinal ganglion cells (RGCs) serves as the basis for all
further visual processing. Little is known about how the representa-
tion of visual information changes between the retina and the dorso-
lateral geniculate nucleus (dLGN) of the thalamus, the main relay sta-
tion between the retina and cortex. Here, we functionally characterized
responses of retrogradely labeled dLGN-projecting RGCs and dLGN
neurons to the same set of visual stimuli. We found that many of the
previously identi ed functional RGC types innervate the dLGN, which
maintained a high degree of functional diversity. Using a linear model to
assess functional connectivity between RGC types and dLGN neurons,
we found that the responses of dLGN neurons could be predicted as a
linear combination of inputs from on average ve RGC types, but only
two of those had the strongest functional impact. Thus, mouse dLGN re-
ceives input from a diverse population of RGCs with limited functional
convergence.
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