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Abstract

Children learn crucial skills like speech in part by imitating the behavior of skilled
adults. Similarly, juvenile zebra finches learn to sing by learning to imitate adults.
This song learning process enables laboratory study of juvenile imitative learning.
But it also poses behavioral quantification challenges. Juvenile zebra finches pro-
duce hundreds of thousands of complex vocalizations as they learn. These undergo
learned changes with respect to acoustic features that are relevant to the animal but
experimentally unknown a priori. Recent developments in machine learning provide
tools to reduce the dimensionality of complex behaviors like vocalizations, plausibly
simplifying the challenge of characterizing vocal development. These tools have not
been validated on or applied to song learning problems.

Here, I validate the use of a variational autoencoder to extract copying-relevant
features from zebra finch song. Then, I develop tools to quantitatively model the
developmental changes in syllable acoustic distributions over these extracted features.
I also develop a method to score syllable maturity on a rendition-by-rendition basis.
These developmental quantifications reveal circadian behavioral patterns that differ
between normally developing and untutored juveniles. This difference suggests that
tutoring affects juvenile practice behavior beyond its role in determining the target
acoustics. Importantly, the tools developed here operationalize abstract behavioral
concepts at the heart of a long-standing neurobiological theory of song learning, so

this theory’s critical components can be tested in the near future.
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1

Introduction

Children learn speech and other crucial skills by imitating adult behaviors. Con-
straints on these learning problems suggest they involve reinforcement learning, a
collection of processes of great interest in neuroscience. Nonetheless, the mecha-
nisms underlying imitative juvenile learning in particular are not well understood.

Research on song copying by juvenile zebra finches has the potential to address
this void. But without control over the natural learning process, experimenters must
infer relevant behavioral parameters from the behavior itself. These inferences are
especially challenging because vocal behavior is high-dimensional and complex. Past
efforts to quantify vocal behavior have yielded important insights, but also have
limitations and in some cases conflict.

Recently, I participated in a collaboration — led by Jack Goffinet and supervised
by John Pearson — to use variational autoencoders (Kingma and Welling (2013),
Rezende et al. (2014)), an unsupervised dimensionality-reduction technique, to de-
scribe the complex acoustics of individual zebra finch song segments using only a
small number of descriptive variables per segment (Goffinet et al. (2021)). In this the-

sis, I build on this tool by designing methods to describe song development processes
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in terms of these descriptive variables. I focus on methods to describe aspects of
behavior that may rely on basal ganglia-dependent reinforcement learning, although
the descriptions themselves are agnostic to mechanisms generating the behavioral
patterns. In particular, the research in this thesis is aimed to (1) address whether
variational autoencoder song descriptions effectively capture copied song features;
(2) develop a tool to capture developmental changes in the distribution of song syl-
lable acoustics as juvenile birds practice; (3) develop a tool to score the evaluative

quality of individual renditions of juvenile practice song.
1.1 The zebra finch behavioral model and reinforcement learning

Juvenile imitative learning involves practicing in order to adapt behavioral output
towards an imitation target. More generally, the problem of adapting behavior to
achieve a goal through practice arises in studies of animal behavior, neuroscience,
computer science, and engineering, and is referred to as reinforcement learning. Re-
inforcement learning problems share a few defining characteristics that will be useful
concepts throughout this thesis. These problems involve an agent that acts in accor-
dance with a policy, essentially a context-dependent action plan. The agent’s actions
influence a quantity called “reward” through mechanisms that are not completely
known to the agent. Reward has different specific meanings in different reinforcement
learning problems; in general it serves to formalize the agent’s goal as the production
of behavior that maximizes reward. Solutions to reinforcement learning problems are
procedures that allow the agent to acquire policies that maximize reward. Solving a
reinforcement learning problem requires a stochastic policy, so the agent can observe
the differential reward outcomes of different actions taken in similar contexts (Barto
et al. (1983)).

These concepts help to frame practice behaviors, including in the case of juvenile
juvenile imitative learning. I will connect these concepts specifically to a powerful
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laboratory model: juvenile zebra finches learning to imitate adult tutors. My goal in
this thesis is to develop methods that leverage experimentally accessible vocal data
in order to quantitatively describe the policies and rewards of practicing juvenile
zebra finches. I hope this work enables experimental tests of the neurobiological
mechanisms of reinforcement learning in this model system. In this section, I review

the model behavior through the lens of reinforcement learning.
1.1.1 Adult zebra finch song is a fully learned policy

Adult male zebra finches produce hierarchically structured song as a component
of courtship displays to female birds (Morris (1954)). At the highest organizational
level, song occurs in bouts that often last several seconds. Bouts typically begin with
a series of innate introductory notes, after which they are composed of multiple rep-
etitions of a core song “motif,” with multiple motif repetitions usually concatenated
with variable numbers of intervening connective sounds. Although song motifs differ
across individuals, any particular adult produces a single motif with a highly stereo-
typed structure from rendition to rendition. Zebra finch song motifs are composed
of acoustically distinct syllables (usually 2 to 5) produced in a fixed order. Syllables
are produced during expiration, and syllable boundaries are defined by ~50ms silent
gaps, during which adults typically take a “minibreath” of inspiration (Franz and
Goller (2002)).

Although zebra finch song is a courtship display, zebra finches sing readily by
themselves, often over a thousand times a day. Song produced in the absence of a fe-
male target is called “undirected” song. It can be distinguished from female-directed
(or just “directed”) song by its slightly increased rendition-to-rendition acoustic vari-
ability (Kao et al. (2005)) and slightly slower pace (Sossinka and Bohner (1980)).
The subtle differences between directed and undirected song are readily detected by

female birds who prefer the directed song to undirected song (Woolley and Doupe



(2008)).

In the reinforcement learning framework, the various vocal sounds a zebra finch
can produce form the set of possible vocal motor actions he can take. The animal’s
goal is to produce the right sounds in the right order, with respect to his individual
preference. In other words, this goal sequence defines reward-maximizing behav-
ior. Achieving this appropriately sequenced behavior requires a map from intramotif
times to vocal motor actions. So, adult song is a fully learned policy that maps in-
tramotif times to vocal motor actions. This intuitive characterization is additionally

motivated by underlying neurobiology, as I will discuss in Section 1.2.
1.1.2  Tutoring and the reward function

In the wild, zebra finches live in large colonies, and juvenile birds have many oppor-
tunities to interact with singing adult males, including their fathers (Zann (1990)).
The song they hear in these interactions affects their learning goal, in the sense that
they learn to produce similar song themselves (Morris (1954)). Zebra finches will
even learn to copy syllables with species-atypical spectral content if those sounds
are produced by a heterospecific tutor (Clayton (1989)). As with speech acquisition
(Curtiss et al. (1974)), tutor model exposure must occur within a critical develop-
mental window (~20 to ~60 days post hatch (dph); Immelmann (1969)), or animals
will develop abnormal ‘isolate’ songs (Konishi (1965), Immelmann (1969), Marler
(1970), Price (1979)).

Although tutor song acoustics clearly influence the song template that guides ju-
venile learning, careful observation has revealed the influence of experience-independent
influences on this template. Exposure to unusually simple zebra finch song models
increases the likelihood that pupils will incorporate improvised song elements into
their motif (Tchernichovski et al. (2021)). These pupil/tutor mismatches are difficult

to explain on the basis of production constraints in the pupil. Rather, they suggest



a model where prior expectations for the template interact with the experience of a
tutor to produce an updated template.

After tutoring, juveniles must hear their own vocalizations in order to learn to
match their internal template (Konishi (1965); Marler and Waser (1977)). In fact,
Konishi (1965) observed that birds deafened as juveniles produced more abnormal
song than juveniles reared without tutors. He concluded that even without expo-
sure to an external example song, birds use auditory feedback and an ‘innate tem-
plate’ to guide their development, consistent with previously mentioned evidence for
experience-independent template priors.

In reinforcement learning, parameters of the reward function define the agent’s
goal. Thus, in the case of juvenile zebra finch song learning, the internal template is
formalized as these reward function parameters. In particular, the template defines
a reward function that operates at least in part on auditory feedback of the juvenile’s
own vocalizations. For the most part, reward increases with increasing similarity be-
tween the juvenile vocalization and the tutor acoustics, so that a reward-maximizing

learning procedure increases this similarity.
1.1.3 Development of the song policy: syllables and temporal context

Above, I described adult song policies as maps from motif times to vocal motor
gestures. To extend this policy framework to juvenile song, it will be useful to
reframe the description of song policies in terms of syllables. Here I describe patterns
of syllable formation in juvenile song and formulate a syllable-based description of
song policy.

Juveniles begin to produce song around 35dph (Price (1979)). This early pro-
duction mode is termed subsong. Subsong syllable durations have characteristic
exponential decay distributions (Aronov et al. (2011), Veit et al. (2011)), consistent

with syllable termination occurring randomly at a fixed rate after syllable initiation.



Subsong syllable and gap production mechanisms differ from adult mechanisms as
well. In particular, breathing is relatively uncoordinated with subsong vocalizations
unlike its tight coupling to syllable onsets and offsets in adults (Veit et al. (2011)).

Between 40 and 50dph, in the transition to “plastic song,” an overrepresented
syllable duration appears (Aronov et al. (2011), Veit et al. (2011)). Syllables that
share this characteristic modal duration are often acoustically similar to one another,
and are produced as a rhythmic stream of repeating sounds called “protosyllabic
song” (Tchernichovski et al. (2001)). In other cases, several different syllable “types”
that presage future adult syllable types may appear together (Liu et al. (2004)). In
the case that a “protosyllable” with unimodal duration and acoustic distribution
appears first, it can be used to generate novel syllable types through a process called
called “sound differentiation in situ” (Tchernichovski et al. (2001)). In this process,
the unimodal protosyllable acoustic distribution gradually splits into a multimodal
distribution with modes corresponding to different syllable types. Differentiation
often results in bouts composed of sounds from one mode repeated multiple times,
followed by repetitions from another mode, a practice behavior called the “serial
repetition strategy” (Liu et al. (2004)). Renditions of the syllable near bout onsets
can also be “fused” to short bout-initiating sounds to generate a novel syllable type
(bout onset differentiation; Okubo et al. (2015)).

These behavioral patterns complicate the identification of motifs with clear starts
and ends, and in turn complicate the idea that song policy is a map from motif times
to vocal motor actions. In the case of juvenile singing, syllable repetitions suggest
that the animal is repeatedly entering the same song context multiple times in the
same “motif.” These observations lead to a modified view of the song policy. We can
view the juvenile policy as hierarchical: one high-level policy stochastically specifies
syllable sequence. The syllable type specified by this high-level policy provides over-

arching context to a downstream stochastic policy from intrasyllabic times to vocal
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motor actions. The analysis developed in this thesis is concerned with modeling
learning in the downstream, intrasyllable policy. I will use the term policy to refer
to this downstream policy, not the processes that sequence different syllable types.
(The syllable-based framing of song policies also permits extending this framework
to other songbird species, which produce syllables according to syntactic rules rather

than in fixed sequences; see, e.g., Cohen et al. (2020a) for work in canaries.)
1.1.4  Syllable policy modification

By around 60dph, juvenile songs mostly contain identifiable syllable types that are
precursors to syllables appearing in the animal’s final song. As described above, this
behavior constitutes a policy that stochastically maps intrasyllabic times to vocal
motor actions. These policies are modified during plastic song so they maximize
the output of a reward function parameterized by an internal template. My central
aim in this thesis is to develop methods to quantitatively describe these syllable
policies as they develop, as well as this reward function. My efforts build on previous

characterizations of syllable development that are summarized below.
The role of sleep and circadian patterns in syllable modification

Syllable policies are regulated by circadian or sleep-dependent processes (Derégnaucourt
et al. (2005), Miller et al. (2010), Ravbar et al. (2012), Kollmorgen et al. (2020)). In
an initial landmark study, Derégnaucourt et al. (2005) suggested that the approach
of juvenile syllable acoustics to target acoustics exhibited a non-monotonic circadian
pattern. In particular, they suggested that the changes in syllable policies acquired
through daytime practice partially “revert” during sleep. Birds exhibiting greater
sleep reversion ultimately produce better tutor copies. More recently, Kollmorgen
et al. (2020) demonstrated that the tendency of sleep to “revert” prior day sylla-

ble changes depends on the acoustic feature chosen for analysis. Instead of picking



specific acoustic features to analyze, these authors developed a holistic syllable ma-
turity score based on the spectrogram similarity of renditions produced at different
ages. (This procedure has similarities to the independently developed ‘predicted age’
metric | present in Chapter 4.) These authors leverage this maturity score to infer
that, with respect to systematically and slowly changing features, most within-day
changes to syllable distributions consolidate rather than revert overnight; only the
population of syllable renditions that are immature for their age undergo a rever-
sion in maturity overnight. Instead, these authors conclude that “sleep reversion”
occurs principally in learning-orthogonal acoustic dimensions that simply oscillate in
place at long timescales by changing each day and resetting overnight without any
long-term movement.

At present these discrepancies are unresolved. On the one hand, Kollmorgen et al.
(2020) identify legitimate interpretative challenges that arise from hand-selecting
acoustic features to analyze among many possibilities. On the other hand, Derégnaucourt
et al. (2005) specifically analyzed syllables in terms of an acoustic feature that ex-
hibited systematic changes over long time scales, discarding syllable types for which
the feature did not exhibit a systematic trend. In this way, their analysis appears
to contradict the claims of Kollmorgen et al. (2020) because their chosen acous-
tic feature both systematically changes over development and reverts during sleep.
Moreover, the multidimensional space that Kollmorgen et al. (2020) infer from their
one-dimensional maturity score has multiple interpretations, including some that
may be consistent with the conclusions of Derégnaucourt et al. (2005). In particular,
a point in the multidimensional space developed by Kollmorgen et al. (2020) rep-
resents an entire collection of many song renditions. Proximity between two points
reflects the overlap of maturity score distributions from two collections. Intuitively,
rendition collections with maturity score distributions that are centered far from
each other will map to distant points. Less intuitively, rendition collections with
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maturity score distributions of different width will also map to relatively distant
points. This consideration complicates interpretations of the ‘directions’ that Koll-
morgen et al. (2020) identify. In particular, the learning-orthogonal ‘directions’ may
relate to circadian patterns in rendition-to-rendition variability, rather than learning-
orthogonal translations of acoustic distributions. Certainly, the impact of changes in
song variability on the geometry of the space developed by Kollmorgen et al. (2020)

complicates interpretations of their methods.
Policy variability

To support learning, policies must be stochastic maps onto vocal motor actions,
i.e., context-conditioned probability distributions over possible actions. The shapes
of these distributions can influence learning (Zhou et al. (2018)). In juvenile song
learning, the maturation of plastic song syllables is associated with a decrease in
the randomness of syllable policies. In fact, subsyllabic regions appear to decrease
in rendition-to-rendition acoustic variability as they approach their crystallized end-
point, even while other subsyllabic regions of the same syllable are still relatively
immature in both similarity to adult crystallized form and variability (Ravbar et al.
(2012)).

In addition to these multiday changes in policy randomness, multiple reports
indicate that acoustic variability oscillates on a daily timescale. However, one study
reports that variability is low in the morning and high in the afternoon (Miller et al.
(2010)), and another reports that variability is low in the afternoon and high in the
morning (Ravbar et al. (2012)). The first result may owe to daily oscillations in the
acoustic heterogeneity within each individual syllable rendition, rather than owing to
rendition-to-rendition variation in the execution of a syllable policy (Derégnaucourt

et al. (2005), Ravbar et al. (2012)), but this discrepancy is not fully resolved.



1.1.5 Adult learning models of auditory errors and syllable policy modification

As previously reviewed, a variety of behavioral processes occur during juvenile de-
velopment: template updating during tutoring, syllable formation and sequencing,
and syllable policy modification. During syllable policy modification, the animal
listens to his own vocalizations to assess their reward value, and leverages these as-
sessments to improve his performance. Because of the complexity of this process in
juveniles, researchers have attempted to model aspects of this reinforcement learning
process in adults to gain greater experimenter control. In particular, the detection of
low-reward syllable quality, and downstream adaptation of vocal output, have been
modeled in adult birds. These models have enabled testing aspects of a neural hy-
pothesis for syllable policy reinforcement learning (see Section 1.2), so I review these
behavioral models here.

In the primary adult model for detection of low-reward syllable quality, the ex-
perimenter plays an external sound over an ongoing syllable vocalization. In this
way, the acoustic feedback available to the animal consists of his regularly vocal-
ized syllable and an overlaid sound deviating from the target output — an acoustic
“error” (Tumer and Brainard (2007), Andalman et al. (2009)). In a second, related
paradigm, birds are equipped with headphones whose output largely replaces nat-
ural airborne auditory feedback, enabling experimenters to substitute pitch-shifted
distortions of ongoing singing for veridical auditory information (Sober and Brainard
(2009)). These distortions can also be interpreted as acoustic errors.

These acoustic error models have been extended to drive reinforcement learning
in a tractable adult model of syllable modification. During “pitch learning,” the
experimenter targets acoustic perturbation to a target syllable conditional on that
syllable’s rendition-by-rendition pitch. For example, the experimenter may perturb

most target syllable renditions, with only the highest pitch 25% of renditions “escap-
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ing.” After hours under these example conditions, the experimental bird will shift

the distribution of pitches that he sings, producing high pitch renditions that escape
the perturbation more often and low pitch renditions that elicit the perturbation
less often (Tumer and Brainard (2007), Andalman et al. (2009)). The pitch shifts
induced by this paradigm are often subsyllabically localized (Charlesworth et al.
(2011)), reminiscent of evidence that subsyllabic regions of juvenile syllables can
mature somewhat independently (Ravbar et al. (2012)). Similarly, headphone sub-
stitution of pitch-shifted acoustic feedback leads birds to compensate for the pitch
manipulation (Sober and Brainard (2009)). Learning from any of these manipu-
lations permits another adult model of syllable modification: after pitch learning
drives birds away from baseline behavior, removal of experimental error manipula-
tions causes birds to spontaneously “recover” to their baseline acoustic distributions
(Tumer and Brainard (2007), Sober and Brainard (2009)). In these models, birds
modify their syllable policies to maximize reward by eliminating actions that pro-
duce low reward due to experimental perturbations. However, the exact relationship
between this adult behavior and juvenile learning is not known.

A final adult model of syllable modification is deafening-induced song degrada-
tion. Song undergoes spectral and temporal degradation in the weeks following deaf-
ening (Nordeen and Nordeen (1992), Lombardino and Nottebohm (2000), Tschida
and Mooney (2012)). Thus, this manipulation clearly induces vocal motor plasticity,
however it provides much less experimental control than pitch learning and can be

distinguished from other learning models in that the changes are not adaptive.
1.1.6  Summary

Zebra finch song learning has emerged as a powerful model for studying developmen-
tal skill acquisition, especially juvenile imitative learning. This behavior involves

multiple interrelated processes. The overarching motivation of my work is to facili-
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tate clearer mechanistic and algorithmic understanding of this behavior. I focus on
analytic techniques that will facilitate understanding the process of syllable policy
modification. Although I hope these tools will be useful in other applications as well,
my primary motivation is to render experimentally testable a long-standing neuro-
biological hypothesis for reinforcement learning of syllable policies. I describe that

hypothesis in the following section.
1.2 The zebra finch song system and reinforcement learning

Song production and learning depend on the nuclei of the song system, canonically
divided into two interacting forebrain circuits called the Posterior Motor Pathway
(PMP) and the Anterior Forebrain Pathway (AFP). These pathways are homolo-
gous to mammalian hierarchical cortical motor pathways and cortico-basal ganglia
pathways respectively. The PMP implements a stereotyped policy from intrasyllabic
times to vocal motor actions. The AFP implements a stochastic policy from intra-
syllabic times to perturbations of PMP actions. The AFP policy is well suited to
implement a reinforcement learning algorithm. The behavioral analysis developed in

this thesis seeks to operationalize predictions of this theory of AFP function.
1.2.1 The posterior motor pathway

The PMP consists of the Robust nucleus of the Arcopallium (RA) and HVC (proper
name). HVC projects to RA (Nottebohm et al. (1976), Nottebohm et al. (1982)).
Both nuclei are specializations of the bird pallium, the embryological tissue that
in mammals gives rise to the cortex, as well as the olfactory bulb, claustrum, and
pallial amygdala (Striedter (1997)). Although precise homology to the mammalian
brain has been controversial, recent transcriptomic evidence suggests that RA and
HVC projection neurons are homologs of mammalian ventral pallium (non-cortical

pallium), that evolved effector gene expression profiles resembling mammalian cor-
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tical layer 5, subcerebral projection neurons. The interneurons of RA and HVC
appear to be direct homologs of interneuron types found both in mammalian cortex
and mammalian ventral pallium (Colquitt et al. (2021)). Here I present evidence
that these nuclei implement a highly stereotyped policy from song temporal contexts

represented by HVC activity to vocal actions elicited by RA activity.
RA is topographically organized song motor cortex

The robust nucleus of the arcopallium (RA) exerts proximate control over song by
the forebrain song system. RA projects topographically to the brainstem centers
that control breathing, and to nXIIts, which contains myotopically arranged mo-
tor neurons that innervate syringeal muscles (Vicario and Nottebohm (1988), Wild
(1993)). Unilateral RA lesions degrade song syllable spectral content, although they
spare phrase structure in canaries (Nottebohm et al. (1976)). Bilateral RA lesions
lead to “silent song” production, in which birds adopt posture and behaviors asso-
ciated with singing, but do not produce sound (Nottebohm et al. (1976)). Cooling
RA degrades syllable acoustics as well (Long and Fee (2008)).

During song motifs, RA neurons burst in temporally precise patterns relative
to song time (Yu and Margoliash (1996)). RA burst patterns for spectrally similar
syllables are similar (Yu and Margoliash (1996)), and RA neuron bursts can predict
spectral features across syllables, in particular pitch (Sober et al. (2008)). Moreover,
submillisecond variations in the timing of RA bursts correlate with variations in
the timing of acoustic syllable features (Chi and Margoliash (2001)). Together,
these results suggest that RA burst patterns specify vocal motor actions producing

different sounds.
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HVC is a premotor temporal context signal

HVC projects to RA (proper name; Nottebohm et al. (1976)), to form predominantly
AMPAR-mediated synapses (Mooney and Konishi (1991)). This projection is critical
for normal song production. Bilateral HVC lesions in canaries can lead to “silent
singing” (Nottebohm et al. (1976)), though in zebra finches HVC lesions — including
lesions of the HVCgra projection specifically — degrade song quality, leading to the
production of subsong-like behavior (Aronov et al. (2008)), including a subsong-
like relation between breathing and singing, with long expiratory pulses generating
multiple syllables (Veit et al. (2011)).

In adults, each HVCRra projection neuron fires an action potential burst at one
precise moment in the zebra finch motif. Different HVCga neurons fire at different
times, apparently tiling the duration of each motif (Hahnloser et al. (2002)). It is
easy to imagine that if each HVC neuron activates the appropriate effectors in RA for
“its” song moment, the stereotyped cascade of activity through HVC would generate
a stereotyped sequence of RA bursts that in turn generate the song sequence. In
fact, HVC is the dominant influence on RA activity in adult birds (Garst-Orozco
et al. (2014)).

1.2.2  Insufficiencies for learning by HVC and RA may be resolved by the AFP

HVC provides temporal context and RA executes context-specific actions under its
influence. This input-output map can be reasonably viewed as a policy. However,
the neural components described so far are insufficient for reinforcement learning in
two respects. First, the influence of HVC on RA, and therefore on song, is extremely
stereotyped, even in juveniles (Olveczky et al. (2005)). It lacks the stochastic quality
of policies required for a reinforcement learning. Second, no mechanism to convey
reward or reward prediction error directly to HVC or RA has been described, despite

direct efforts to find such a signal (Leonardo (2004), Kearney et al. (2019)). These
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learning insufficiencies are remedied in a model of the AFP, a second collection of song
system nuclei. These nuclei are the Lateral Magnocellular Nucleus of the Anterior
Nidopallium (LMAN), the Medial portion of the DorsoLateral nucleus of the anterior
thalamus (DLM), and Area X. In fact, lesions that spare the PMP but disrupt the
nuclei of the AFP prevent song learning, even though these lesions do not impair
production of song that corresponds to a fully learned policy (Bottjer et al. (1984),
Sohrabji et al. (1990)).

Overall, the AFP perturbs the stereotyped relationship between HVC temporal
context patterns and RA action patterns. As I will review, the AFP receives tem-
poral context information from HVC and generates variable activity along parallel
premotor channels that influence different subregions of RA. In this way, the overall
system can be viewed as instantiating a policy that stochastically maps HVC con-
texts to RA perturbations. This map remedies the first learning deficiency apparent
in our model of the PMP, allowing stochastic exploration of different perturbations. I
will review evidence that the AFP receives dopaminergic reward information for song
learning. This dopaminergic afferent provides a plausible mechanism to remedy the
second learning deficiency of the PMP model; by providing reward feedback, it allows
learning to produce preferences for reward-maximizing AFP perturbations. These
observations motivate a model in which juvenile song learning involves reinforcement
learning with respect to a reward gradient in the space of AFP timing-to-perturbation
policies. This model has support from experiments in adult animals.

In this section, I present the evidence for these claims. At root, the analyses
developed in this thesis are motivated by the goal to operationalize the behavioral

predictions of this reinforcement learning model of the AFP in juvenile song learning.
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AFP output: stochastic perturbation channels

Glutamatergic LMAN projection neurons directly synapse onto RA neurons (Not-
tebohm et al. (1982), Bottjer et al. (1989), Mooney and Konishi (1991)), where
they form predominantly NMDAR-mediated synapses on the same RA neurons that
receive direct HVC input (Mooney and Konishi (1991)). This projection is topo-
graphically structured with different LMAN subregions projecting to different RA
subregions (Iyengar et al. (1999)), suggesting an organization into discrete channels
to perturb RA’s topographically organized output channels (Vicario and Nottebohm
(1988)).

This parallel channel architecture governs connectivity inside the AFP as well.
LMAN axons projecting to RA bifurcate and project to Area X (Nottebohm et al.
(1976), Nottebohm et al. (1982), Vates and Nottebohm (1995)), providing a per-
turbation efference copy that is topographically structured: Area X MSNs do not
receive inputs from different LMAN output channels (Vates and Nottebohm (1995)).
In turn, Area X output neurons project in an almost one-to-one manner onto DLM
projection neurons (Luo et al. (2001)). Finally these DLM neurons projects back to
LMAN (Okuhata and Saito (1987), Vates and Nottebohm (1995)) in a topography-
preserving loop (Luo et al. (2001)).

These parallel projection channels stochastically perturb song-related action pat-
terns in RA. LMAN firing rates increase during singing, and LMAN stimulation
during singing induces brief acoustic distortions (Kao et al. (2005), Kojima et al.
(2018)), indicating the ability of the AFP to modulate ongoing adult song. Al-
though LMAN lesions do not dramatically alter adult singing (Bottjer et al. (1984)),
LMAN neurons exhibit firing pattern variability from rendition to rendition during
undirected song (Kao et al. (2005), Woolley et al. (2014)) and birds with LMAN

lesions produce more stereotyped undirected song (Kao et al. (2005)). Conversely,
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directed song is associated with less variable LMAN activity (Kao et al. (2005),
Woolley et al. (2014)), reduced LMAN bursting (Woolley et al. (2014)), and less
variable behavior (Kao et al. (2005)). In addition to this cross-rendition variation,
within-syllable acoustic fluctuations are reduced following LMAN lesions, and during
directed singing (Kojima et al. (2018)), indicating that the perturbations have fast
temporal dynamics.

LMAN influences the acoustic structure of juvenile syllables as well. Juvenile
plastic song syllable exhibit rendition-to-rendition acoustic variability that distin-
guishes them from adult syllable distributions. LMAN inactivations lead juveniles
to produce highly acoustically stereotyped versions of their plastic song syllables
(Olveczky et al. (2005)) . Moreover, LMAN inactivations in plastic song lead to
prematurely stereotyped song-aligned burst patterns in downstream RA (Olveczky

et al. (2011)).

The AFP is an anatomically distributed map from temporal contexts onto output
channels

The prior section indicates that the output of the AFP is partly stochastic across
repetitions of an HVC temporal context. However, this output must also be sensitive
to temporal context for reinforcement learning to adapt these perturbations if the
perturbation-reward contingency is temporal context-sensitive. In this section, I ar-
gue that the overall AFP architecture maps HVC patterns onto perturbation channel
outputs to accomplish this context sensitivity.

HVC projects to Area X (Nottebohm et al. (1976), Nottebohm et al. (1982).
These HVCx neurons burst in temporally precise pattern like HVCry cells, although
HVCx burst patterns are generally denser than those of HVCgra cells; individual
HVCx cells burst up to 4 times per motif (Kozhevnikov and Fee (2007)). By re-

sponding to its HVC inputs, Area X mediates the context-sensitivity of the AFP’s
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perturbation output. The specific transformation constitutes a policy, and the set
of all possible transformations is a reinforcement learning policy search space. Sug-
gestively, HVCx neurons project widely inside Area X (Nottebohm et al. (1982)), so
each can influence many perturbation channels.

This gross anatomy is consistent with the ability to find adaptive policies among
all possible transformations of song time contexts to RA perturbations. Choice
among policies in this neuroanatomical framework constitutes the specification of
a pattern of synaptic strengths across the HVC to Area X interface. In the next
section I examine how search across policies should be informed by the context-

sensitive action-reward outcome contingency.
1.2.3 The AFP may receive dopaminergic prediction errors

In reinforcement learning theory, policy modifications during search are informed by
feedback about the reward that is observed following action. This feedback often
comes as a reward prediction error signal. In a large body of work outside the song-
bird field, dopaminergic afferents to the striatum have been observed to convey this
kind of information. Next, I motivate the hypothesis that dopaminergic afferents to
Area X convey reward prediction error to update perturbation policies. To motivate
this hypothesis, I review suggestive homologies between the AFP and non-songbird
cortico-basal ganglia-thalamocortical loops for which the dopaminergic pathway is
best characterized. In particular, I present evidence for the current understanding
that Area X contains the cell types and connectivity patterns of mammalian striatum
and pallidum. T also present evidence from recent experiments that directly examine

the dopaminergic afferent to Area X in finches.
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Area X contains mammalian striatal cell type homologs

Like the medium spiny neurons of mammalian striatum, the most numerous cells in
Area X are small, densely spiny neurons with MSN-like intrinsic electrophysiologi-
cal features. These neurons receive monosynaptic excitatory inputs from cortex-like
song nuclei HVC and LMAN (Farries and Perkel (2002), Farries et al. (2005)), ex-
press dopamine receptors (Ding and Perkel (2002), Kubikova et al. (2010)), and are
innervated by a projection from the dopaminergic midbrain (Bottjer et al. (1989),
Lewis et al. (1981)). Moreover, during song these neurons fire sparse, temporally pre-
cise bursts (Goldberg and Fee (2010)) similar to mammalian sparse firing MSNs (but
see Singh Alvarado for discussion of X MSN variability). Transcriptomic analysis of
Area X MSNs reveals that many MSNs express D1 and D5 DA receptor types, and
this expression pattern correlates with FoxP2 expression; many other MSNs express
D2 DA receptors but not D1/D5 (Xiao et al. (2021)). These profiles are suggestive
of the basic distinction between direct and indirect pathway MSNs of mammalian
striatum.

Other interneurons of the mammalian striatum appear represented by homolo-
gous cell classes in Area X. In particular, Chat+ interneurons in Area X (Zuschratter
and Scheich (1990)) have intrinsic electrophysiological properties similar to Chat+
interneurons of mammalian striatum (Farries and Perkel (2002)). Moreover, tonically
active neurons with in vivo characteristics similar to the cholinergic interneurons of
mammalian striatum have been observed during singing (Goldberg and Fee (2010)).
Parvalbumin positive Area X interneurons are aspiny and fast spiking (Farries and
Perkel (2002)), exhibiting narrow action potentials and brief high-frequency bursts
during singing (Goldberg and Fee (2010)), like the fast-spiking interneurons of mam-
malian striatum. Last, somatostatin positive interneurons in X (Xiao et al. (2021))

likely correspond to the low-threshold spike neurons observed slice (Farries and Perkel
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(2002)) and song-selective bursting interneurons recorded during singing (Goldberg
and Fee (2010)), consistent with a putative homology to the LT'S/PLTS interneurons

of mammalian striatum.
Area X contains mammalian pallidal cell type homologs

Area X projects to song motor thalamic nucleus DLM (Okuhata and Saito (1987),
Luo and Perkel (1999a), Luo and Perkel (1999b), Luo et al. (2001)). Like mammalian
GP1i projections to motor thalamus, this projection is GABAergic (Luo and Perkel
(1999a), Luo and Perkel (1999b)). The projectors express pallidal marker LANT6
(Reiner et al. (2004)) and are large with aspiny neurites (Farries et al. (2005)). The
projectors exhibit high spontaneous firing rates in slice (Farries and Perkel (2002))
and fire rapidly without long pauses or bursting during song (Goldberg et al. (2010)).
Although mammalian GPi neurons are inhibited by a long range projection from the
striatum by MSNs, Area X projection neurons receive inhibition from local Area
X MSNs (Farries et al. (2005)), which likely explains their polysynaptic inhibition
by Area X’s cortical inputs (Farries et al. (2005)). It remains unknown whether
the direct MSN projection onto these GPi-like outputs is disproportionately D1R-
expressing, in analogy to the mammalian direct pathway organization. A morpho-
logically similar cell type in Area X was distinguished from the GPi-like projection
neurons described above by the fact that cells of this second type synapse onto the
GPi-like projection neurons but do not themselves project outside Area X (Farries
et al. (2005)). These cells behave similarly to the projection neurons in slice prepa-
rations (Farries and Perkel (2002), Farries et al. (2005)), but can be distinguished
by their firing pattern during singing. In particular, these fast-spiking aspiny non-
projection neurons exhibit long pauses and burst firing during song (Goldberg et al.
(2010)). These firing patterns during behavior are similar to the patterns of mam-

malian GPe neurons of the indirect pathway. Together with their propensity to
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project onto the GPi-like cells of Area X, these neurons appear homologous to the
pallidal cells of the indirect pathway. However, it is not known whether they receive
disproportionate input from the D2-expressioning Area X MSNs, a key feature of

mammalian indirect pathway organization.
Reward prediction error and the dopamine afferent to Area X

These homologies between Area X and basal ganglia structures are significant be-
cause of our more detailed understanding that, in other systems, dopamine afferents
to the striatum convey reward prediction error, and influence corticostrial plastic-
ity in ways that reinforce reward-maximizing policies. This homology suggests that
dopaminergic reward prediction errors in Area X could control HVCx,,, in ways
that optimize the temporal context-to-perturbation policy. In adult acoustic er-
ror models (see 1.1.5), some auditory cortical neurons detect acoustic errors during
singing (Keller and Hahnloser (2008)). This “error detection” response pattern is
characteristic of auditory cortical neurons projecting to the dopaminergic midbrain
(Mandelblat-Cerf et al. (2014)). Downstream, the dopaminergic projection from
ventral tegmental area (VTA) to Area X exhibits firing rate modulations to these
acoustic errors: after birds acclimate to repeated, stochastic perturbation of a tar-
get syllable, some VTA neurons, including VTAx neurons, exhibit phasic inhibition
in response to the perturbation. On the other hand, withholding the perturba-
tion induces target time-locked phasic bursting in these same cells (Gadagkar et al.
(2016)). The authors describe these responses as “performance errors,” explicitly
analogizing them to classical reward prediction errors believed to support learning
in other basal ganglia systems (Schultz et al. (1997)). To be explicit, the authors
suggest that the bird predicts some probability of error. True error trials are worse
than expected (probability of error resolves to 1) eliciting a negative performance

error and dopaminergic cell inhibition. Escape trials are better than expected (error
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probability resolves to 0), eliciting a positive performance error and dopaminergic

cell bursting.
1.2.4 Policy updates and the AFP

Evidence reviewed in the previous sections suggests that the AFP implements a
stochastic context-to-perturbation policy, and may receive rendition-by-rendition
performance evaluations of action outcomes. These ingredients are necessary to
adapt policies to maximize reward through reinforcement learning. In this section, I

present evidence that adaptive AFP policy updates underlie song learning.
Necessity for learning

All the neural components that play a role in the AFP-based reinforcement learning
theory are in fact essential to song learning. Juvenile LMAN lesions lead to produc-
tion as an adult of unusually quiet singing, and simple song composed of a small
number of repeating notes (Bottjer et al. (1984), Scharff and Nottebohm (1991)).
Juvenile Area X lesions also prevent accurate song copying, however the adult song
produced following juvenile Area X lesions is not simple and repeating. Instead,
it is composed of “rambling,” variable notes that are often unusually long (Scharff
and Nottebohm (1991)). Dysregulation of FoxP2 expression in juvenile Area X also
leads to unusually variable adult singing (Haesler et al. (2007)). In adults, Area X is
required for pitch learning (Ali et al. (2013)) and deafening-induced song degrada-
tion (Kojima et al. (2013)). Similarly Lesions of VTAx cells or long-term blockade
of Area X D1Rs impair juvenile learning outcomes (Hisey et al. (2018)) and impair

adult pitch learning(Ali et al. (2013)).
Dopamine-perturbation correlations drive policy updates

In other systems, manipulation experiments reveal action-contingent DA release to
cause operant conditioning (Tsai et al. (2009)). The comparison to other dopaminer-
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gic prediction error signals invites the question whether Area X dopamine dynamics
reinforce song variants. In fact, pitch-contingent syllable-targeted phasic activation
of the terminals with optogenetics positively reinforces targeted pitches (Hisey et al.
(2018), Xiao et al. (2018)), while similarly targeted phasic optogenetic inactivation

of these terminals negatively reinforces targeted pitches (Xiao et al. (2018)).
Policies updated by acoustic error require AFP premotor activity to express

The results above suggest that dopamine action on D1Rs in Area X, under the dy-
namic control of acoustic feedback, critically underlies syllable modification in pitch
learning through negative reinforcement of error trial variants and positive reinforce-
ment of escape variants. No direct tests have explored whether Area X makes vocal
“successes” more likely in a pitch learning paradigm. However, after birds have
learned to avoid syllable pitches targeted by experimental acoustic perturbations,
inactivation of LM AN blocks the expression of this learned bias in subsequent behav-
ior; birds “revert” to singing pitches targeted by the perturbation (Andalman et al.
(2009), Warren et al. (2011)). Expression of this adaptive premotor bias depends
specifically on the projection from LMAN to RA (Warren et al. (2011)). Moreover,
self-driven recovery to baseline from a pitch-shifted repertoire is accomplished by
LMAN output biasing behavior back towards its baseline distribution (Warren et al.
(2011)).

1.2.5 Consolidation outside the AFP

The previous sections present evidence that the AFP implements a stochastic context-
to-perturbation policy that is adaptively updated in response to acoustic song feed-
back. This attractive model cannot fully explain policy learning in juvenile finches,
however. In particular, well learned adult song can be produced by the PMP with-

out AFP perturbations. The AFP learning model requires another mechanism to
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incorporate AFP-dependent perturbations into the stereotyped policy implemented
by the PMP. An adaptive AFP policy can be expected to induce novel correlations
between RA action patterns and HVCgra context patterns. These correlations could
in principle drive Hebbian plasticity at HVCga synapses, eventually enabling HVC
to causally induce those RA patterns with which it was previously only correlated.
This “two-stage learning” can be accomplished by model neural circuits with appro-
priately tuned plasticity rules (Tegileanu et al. (2017)).

In fact, the average strength of existing HVCgra synapses rises throughout devel-
opment (Garst-Orozco et al. (2014)) indicating at least that this interface is dynamic
during song learning. The most compelling tests of this consolidation model come
from adult pitch learning experiments. In long-term pitch learning experiments, the
pitch threshold defining perturbation “hits” and “escapes” is continually updated so
that a fixed fraction of song renditions are targeted (say, the lower 75% of pitch vari-
ants) despite ongoing adaptive pitch modifications by the bird. These experiments
can run for multiple days and induce the bird to sing pitches well outside his baseline
range (Andalman et al. (2009)). In these experiments, the learned deviation from
baseline acoustics can only be partly explained by AFP bias. In one report of mul-
tiday pitch learning, AFP bias, measured as the difference in mean pitch produced
with and without AFP influence, accounted for learning accomplished in the 24 hours
prior to LMAN inactivation (Andalman et al. (2009)), suggesting that song changes
depend on AFP premotor influence for around a day before those changes are con-
solidated and become AFP-independent. Another study found that the dependency
of learned changes on AFP premotor activity was several days long, but nonetheless
found that the learned changes were slowly consolidated outside the AFP. This study
also found that the dependence of ‘recovered’ baseline-distributed singing after pitch

learning on AFP premotor bias was temporary (Warren et al. (2011)).
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1.2.6 Summary and current limitations

Studies in adult learning models have generated exciting mechanistic hypotheses
about song system support for song learning, but the applicability of these mech-
anisms to juvenile song copying remains unclear. There are intrinsic differences
between the learning problems. Adult pitch learning is guided by experimentally
applied feedback conditioned on variation in the baseline behavior of the animal.
Juveniles guide themselves without an obvious external reinforcer, and their target
is often outside the range of variation they can produce. Relatedly, juveniles songs
and tutor songs exist in a multidimensional acoustic space where many comparisons
between the two are plausible. This increases the policy search space and plausibly
complicates the feedback signal compared with the adult situation with a univari-
ate meaningful control parameter (pitch) and a binary feedback signal (presence
or absence of noise). The policy space may require intelligent search strategies to
be efficient. Thus, the hypothesis formulated above strongly motivates testing its
component ideas in juveniles. (See Appendix B for current work on this problem.)
A major challenge to such testing — the reason pitch learning has been a popular
substitute — is the complexity of juvenile syllable policies and the changes they un-
dergo during development. The feasibility of testing these hypotheses as they relate
to juvenile learning depends strongly on the ability to analyze and interpret juvenile
vocalizations. I next briefly review the strengths and limitations of existing methods
for juvenile song analysis. Then I present a novel approach called the variational
autoencoder (VAE), which underlies the research in this thesis. I collaborated in the
development of the vocal VAE, and in this thesis work I aim to validate its use as a
descriptor of song copying, and to develop tools that leverage VAE descriptions to

quantify juvenile developmental song changes.
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1.3 Quantifying juvenile song behavior

Studying syllable modification requires a description juveniles’ changing syllable poli-
cies, and a method to infer rendition-by-rendition vocal quality, that is, its reward
value. Though pitch learning allows an experimenter to define these attributes, in
juvenile learning we must infer them from an animal’s spontaneous behavior instead.
However, the high-dimensional and complex nature of vocal behavior, and corre-
sponding complex changes during development, make the inference of important
behavioral features challenging. Research in this area has produced useful results,
but also has conceptual and interpretive limitations. More recently, an unsupervised
learning technique called the variational autoencoder has emerged as an alternative
that addresses some of these limitations (Goffinet et al. (2021), Kingma and Welling
(2013), Rezende et al. (2014)). My thesis research applies this technique to the
specific problems of song copying. Here I review influential analysis approaches in-
cluding the autoencoder, and argue that the autoencoder may address limitations of

prior methods.
1.3.1 Feature-based approaches

Early song behavioral research relied on qualitative descriptions of song spectro-
grams, as well as simple quantitative descriptions, for example syllable duration
(e.g., Price (1979)). The development of Sound Analysis Pro (SAP; Tchernichovski
et al. (2000)) significantly extended this quantitative approach, facilitating many
novel observations. SAP automatically calculates a variety of spectral features from
song audio, such as pitch, spectral entropy, frequency modulation, etc. Two key
insights motivate the feature-based approach in SAP. First, complex interdepen-
dencies between the elements of a spectrogram make it difficult to quantitatively

compare two raw spectrograms with linear techniques like correlations. Second, al-
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though spectrograms themselves are high-dimensional and unwieldy representations,
neural and peripheral production constraints imply that a much smaller number of
carefully chosen features should capture the animals’ behavioral variability. How-
ever, although SAP has generated many insights, some challenges arise from its
reliance on experimenter-defined features. In general, it is difficult to assess whether
an experimenter-defined feature is capturing significant amounts of variation in the
underlying behavior. Including uninformative features decreases the ability to find
meaningful behavioral patterns. SAP features are correlated (Goffinet et al. (2021)),
so even a feature that captures behavioral variation may be redundant with other
measurements, and therefore constitute an uninformative additional dimension. On
the other hand, it is difficult to assess whether significant behavioral variation re-
mains unaccounted for in an experimenter-chosen feature set. Overall, it is difficult
to assess the relative and combined importance of hand-picked features, and deci-
sions to include or discard features when characterizing a sound can be challenging
to justify. Many SAP results are reported as patterns in single features picked out
on a post hoc basis. In fact, despite SAP’s prevalence, other experimenter-defined
feature sets have been proposed and justified on account of their utility in distin-
guishing pupil/tutor animal pairs from arbitrary animal pairs (Mandelblat-Cerf and
Fee (2014)). In addition, the SAP summary characterization of syllable renditions
collapses temporal organization inside syllables. Syllables are represented as a mean
and variance for each acoustic feature, even though the intrasyllabic sequence with

which they visit different feature values is copied by pupils from their tutors.
1.3.2  Nearest neighbor age classification

Motivated by the limitations of SAP features, Kollmorgen et al. (2020) published
an analysis of song development that does not depend on hand-picked acoustic fea-

tures. Those authors calculate the median age at production time of every syllable’s
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nearest neighbors in raw spectrogram space. They use this “neighborhood time”
to score the maturity of the query syllable. This approach has similarities to the
independently developed predicted age score that will be presented in chapter 4 of
this thesis. Both approaches leverage the developmental correlation between age
and song acoustics to calculate a sort of maturity score from syllable sound. How-
ever, after discarding hand-picked features, the authors only measure neighborhood
time, limiting insight into the multidimensional variability of song. To address this
limitation, the authors use multidimensional scaling to embed points representing
collections of songs at different ages, such that point proximity reflects the overlap
in neighborhood time distributions across song collections. However, this embedding
is difficult to interpret. It can be affected in similar ways by the locations and the
widths of the neighborhood time distributions. We cannot conclude that translations
in this space reflect translations in an underlying acoustic space. Additionally, this
neighborhood time-based space also has no interpretation for single song renditions,
limiting its applicability in experiments that make single-trial brain measurements

or manipulations.
1.3.8 Variational autoencoders

Variational autoencoders are a method of unsupervised dimensionality reduction
(Kingma and Welling (2013), Rezende et al. (2014)). In the context of song, they
leverage the key insight of feature-based analysis approaches: large spectrograms are
determined by relatively few parameters. To a first approximation, VAEs discover
information-preserving, low-dimensional encodings of spectrograms. The preserva-
tion of information in this encoding is enforced by the requirement that the low-
dimensional representation suffice to reconstruct the input spectrogram (albeit via
a complicated neural network function). In this framework, possibly the most im-

portant experimenter decision relates to the evaluating the reconstruction because
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this reconstruction loss function guides the machine learning objective. Here I use
a simple and generic loss, the sum of squared pixel errors (Goffinet et al. (2021)).
Thus, this analysis approach returns a multidimensional but tractable feature space
that requires fewer experimenter assumptions than analyses based on hand-picked

acoustic parameters. An in-depth presentation of VAEs is given in Appendix A.
1.3.4  Summary

Here I have reviewed influential prior methods for analyzing bird song, including the
use of low-dimensional latent spaces learned by VAEs. This latter method shares
the motivations and insights of SAP-based feature analysis, but in principle avoids
the limitations that come from hand-picked features. At the same time, it provides
more information and easier interpretation than the approach from Kollmorgen et al.
(2020) that also avoids hand-picked features. However, VAEs have not been applied
to the analysis of song copying. Moreover, even if autoencoders capture relevant
behavioral variation, their feature space lacks a straightforward physical or biolog-
ical interpretation. Thus we must develop suitable methods to relate autoencoder
descriptions of sounds to the problems of song copying we originally identified: de-
scribing the syllable policy development, and assessing rendition-specific song qual-
ity. Work on these goals constitute the main research advances of this thesis, and is

explained in chapters 2, 3, and 4.
1.4 General summary

Juvenile song learning models developmental skill acquisition, especially imitative
learning. It is subserved by well defined forebrain circuits. In particular, research
suggests a model of reinforcement learning and consolidation by the AFP and HVCra
synapses, respectively. However, this model’s predictions depend on abstract param-

eters of juvenile behavior, like the “reward quality” of a rendition, and changing
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syllable policies in vocal motor space. Existing analysis techniques have limitations
that have hindered our ability to transform abstract behavioral predictions into read-
ily measurable and testable ones. The variational autoencoder is well positioned to
address these limitations, but it has not been applied to song learning problems, so its
suitability is experimentally untested. Moreover, realizing this technique’s potential
as a low-dimensional description of developmental syllable change requires tools to
study changing latent distributions over time. Now I turn to my research, which aims
to experimentally assess the suitability of this technique to studying song copying,
and to develop analyses of autoencoder representations to describe developmental

syllable change.

30



2

Variational Autoencoder Learns Copied Song
Features

2.1 Introduction

Existing acoustic measures of zebra finch song are subject to a variety of limitations,
as described previously in Section 1.3. For example, SAP (Tchernichovski et al.
(2000)) calculates several features, but some, like pitch, are not applicable to all
zebra finch song elements, some of which lack tonality. More generally, song analysis
with hand-picked features requires experimenter decisions about which features to
calculate and which to exclude. Mandelblat-Cerf and Fee (2014) argue that relevant
acoustic features are those that adopt relatively diverse values across arbitrary col-
lections of song sounds but adopt relatively similar values for tutor model sounds and
their corresponding pupil copy sounds. This argument motivates evaluating whether
pupil and tutor songs are more similar than arbitrary songs under the feature set
learned by an autoencoder. I collaborated with Jack Goffinet (at the time, a research
technician working with Dr. John Pearson and Dr. Richard Mooney) to make this

evaluation. I collected the pupil and tutor song data in this chapter, and analysis

31



was subdivided such that I performed most of the “shotgun” song analysis and Jack
performed most of the segmented “syllable” analysis. The figures are reproductions
or modifications of figures appearing in a joint publication (Goffinet et al. (2021)).
We found that the syllable and shotgun VAE approaches learn copying-relevant song

features.

2.2 Results

2.2.1 Syllable VAE captures pupil/tutor similarity

First, we aimed to evaluate the suitability of VAE latent syllable representations for
analyzing the quality of a pupil’s copy of its tutor song. Suitable syllable representa-
tions should capture the learned song features that are reliably transmitted through
tutoring but also distinguish the song of pupils that were exposed to different tutors.
To evaluate VAE latent syllable representations, we recorded song from adult male
zebra finches and the tutors they were exposed during juvenile life (n=10 pupil /tutor
pairs), and segmented their song motifs into syllables. An example motif from a sin-
gle tutor and his pupil are depicted in Fig. 2.1A, along with example segmentation
boundaries. We trained a single VAE over syllable renditions from all these animals
(see methods). After model training, we calculated the 32-dimensional latent poste-
rior mean for each syllable rendition and used this as our latent space representation
of the syllable sound.

To visualize the relative locations of our latent vectors across syllable renditions,
we embedded our latent descriptions for all syllables into 2 dimensions using the
UMAP algorithm (MclInnes et al. (2020)). These embedding values are depicted for
syllable renditions from the example pupil/tutor pair in Fig. 2.1B, and for the en-
tire population of syllables in Fig. 2.2A. The embedded points suggest that latent
syllable representations form clusters, consistent with other work from our group

(Goffinet et al. (2021)). These clusters correspond to different syllable types (for ex-
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FIGURE 2.1: Similarity analysis of example tutor and pupil. A Spectrogram of
a tutor motif (top) and adult pupil motif (bottom). Sound amplitude segmenta-
tion typically divided occurrences of these motifs into the syllables labeled above
the spectrograms. These syllable segmentation decisions underlie the subsequent
syllable-based VAE analyses we performed. Shotgun VAE analysis was based on
60ms windows, such as the windows labeled numerically under the spectrograms.
Scale bar denotes 100ms. B UMAP embedding of the latent description of all syl-
lable renditions from the two animals in A. Note that tutor syllables A and B were
sometimes fused, leading to separate tutor clusters A, B, and AB. C Pairwise MMD
between tutor and pupil syllables for these birds. D UMAP embedding of the latent
description of all 60ms segments from the these animals. Numbers are positioned
near points generated by embedding the numbered windows in A. E Pairwise MMD
between tutor segment collections and pupil segment collections.
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FIGURE 2.2: Syllable-based similarity analysis for all birds. A UMAP embedding
of the latent representation of all syllables. B Pairwise MMD between every tutor
syllable and every pupil syllable. Rows and columns are ordered first by bird identity.
Next they are ordered by within-motif syllable order.

ample correspondences, see labels in Fig. 2.1A and B). We also observed that pupil
syllable clusters often either overlapped or were near clusters from their correspond-
ing tutors. These cluster pairs correspond sensibly to copied syllables, suggesting
that the VAE found an underlying acoustic representation in which copied sounds
are generally close to one another (for examples, see Fig. 2.1A). These visualiza-
tions suggest that in the learned latent feature space, tutor syllable clusters and
corresponding copied pupil syllable clusters lie closer together than arbitrary syl-
lable cluster pairs. Although the UMAP visualizations are broadly suggestive, the
embedding into two dimensions distorts syllable relationships and does not precisely
reflect similarity in latent space. To measure latent space similarity between syl-
lable types quantitatively, we assigned labels to syllable renditions such that such

that renditions of the same syllable type (A vs B vs C, e.g.) from the same ani-
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mal shared a label; otherwise renditions received different labels (see Methods). We
then calculated a distance between categorical collections of syllable renditions us-
ing Maximum Mean Discrepancy (MMD), see methods; Gretton et al. (2012)). Two
collections that mostly overlap in their acoustic distributions have an MMD near
0; two collections with mostly non-overlapping distributions generate larger MMD.
In particular, we calculated the MMD between every pair of collections consisting
of a tutor syllable collection and a pupil syllable collection. These comparisons are
presented for collections from the example pupil/tutor pair in Fig. 2.1C, and for
every pupil/tutor pair in Fig. 2.2B. In the example pair matrix (Fig. 2.1C), collec-
tion pairs consisting of a pupil syllable collection and tutor syllable collection that
are situated in similar intramotif ordinal locations in the pupil song and the tutor
song, respectively, lie near the matrix diagonal. These similarly located syllables are
most likely to a tutor syllable and its corresponding copy syllable in the pupil song a
priori. In the larger matrix (Fig. 2.2B), submatrices along the diagonal correspond
to syllables from tutors and their respective pupils; these submatrices are arranged
like the example matrix with diagonal entries depicting the MMD between syllables
with similar intramotif ordinal positions in the tutor and pupil songs. The pattern of
low MMD scores along the matrix diagonal indicates that syllables with an a prior:

expected copy relationship have nearby representations in VAE latent space.
2.2.2  Shotgun VAE captures pupil/tutor similarity

The syllable-based analysis above relies on the premise that syllable boundaries in
pupil song correspond reliably to syllable boundaries in tutor song. However, pupils
sometimes fail to copy their tutors’ syllable boundaries, as demonstrated by a miss-
ing syllable boundary in the example pupil compared with his tutor in Fig. 2.1A.
Therefore, we sought to develop an analysis of song copying that was independent

of syllable boundary definitions, and that could also examine copying at subsyllable
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temporal resolution. To this end, we leveraged a “shotgun” VAE method previ-
ously developed by our group (Goffinet et al. (2021)). The VAE in this approach is
identical to the one used for syllable analysis but training datasets are constructed
differently. We identified song motifs, and sampled random onset times within mo-
tifs. The shotgun VAE was is trained on 60ms duration song spectrogram windows
with these random onset times. Thus the shotgun VAE learns to represent arbitrary
song segments. To evaluate this approach, we trained a shotgun VAE over 60ms song
windows from all birds (see Methods). From a hand-labeled subset of motifs, we gen-
erated sliding 60ms spectrogram windows, and calculated a latent feature vector for
each such window.

To visualize the relationship between songs encoded in this way, we used a mod-
ified 2-dimensional UMAP embedding of the latent encodings. The modification en-
couraged embeddings that keep temporally adjacent windows from individual motif
renditions near one another.The modification was naive to the relationships between
different motif renditions and song from different animals (see methods; Fig. 2.4).
These embeddings are depicted for the same example pupil/tutor pair described pre-
viously in Fig. 2.1D, and for all animals in Fig. 2.3A. The pupil and tutor song
embeddings form distinct parallel “strands” that often overlap and occasionally di-
verge in the UMAP projection. The location of each point along a strand reflects
the intramotif position of the sliding window that generated that point. Windows
in the pupil motif that correspond through copying to windows in the tutor motif
appear as overlapping pupil /tutor strands, as indicated by examining the underlying
spectrograms from nearly overlapping points on pupil/tutor strands (Fig. 2.1A and
D). By contrast, the embeddings of sounds from arbitrary animal pairs had no con-
sistent relationships. They were generally non-overlapping and often quite far apart
in the UMAP projection. Thus, both the modified UMAP and underlying shotgun
latent vectors reflect learned acoustic features that relate pupil and tutor songs but
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FIGURE 2.3: Shotgun similarity analysis for all birds. A UMAP embedding of all
segments from all birds. B Pairwise MMD between all tutor segment collections and
all pupil segment collections. Rows and columns are ordered first by bird identity.
Next they are ordered by the within-motif timing of the segment collection.

distinguish arbitrary song pairs.

To quantitatively assess the tutor-pupil relationships in latent space generated
using a shotgun VAE, we assigned labels to windows based on the bird that pro-
duced them and the window’s intra-motif position. This labeling procedure defines
collections of windows: each collection contains sounds produced by a single animal
and coming from similar intra-motif times. We calculated the MMD between la-
tent points belonging to every collection pair consisting of a pupil collection and a
tutor collection. These comparisons reveal a simple structure unrelated to copying.
Some collections are relatively similar to almost all comparison collections; others are
relatively different from almost all comparison collections (Fig. 2.5A). To highlight
MMD structure that owes to copying, we examined the deviations from a rank-1

approximation of the MMD matrix (see methods and Fig. 2.5). These deviations
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are distributed around 0 with a long negative tail corresponding to comparisons of
collections that are much more similar than predicted by the simple rank 1 structure.
In Fig.2.1E, a subset of MMD deviations from the rank 1 factor are depicted in a
matrix with rows and columns sorted by the intramotif time of the window collection.
The negative deviations near the matrix diagonal reflect the fact that similar pupil
tutor sounds occur in a similar sequence in the two motifs. These deviations also
explain patterns in the UMAP visualization. The MMD deviations corresponding to
the start of pupil syllable D and tutor syllable D are less negative than elsewhere on
the diagonal, suggesting that the shotgun VAE identified the start of syllable D as
relatively poorly copied. The divergence between these animals’ respective UMAP
strands (point 2 in Fig. 2.2A and D) corresponds to the start of syllable D for both
animals. In fact, this subsyllabic divergence can explain the relatively poor copying
of syllable D quantified and visualized in the syllable-level analysis (Fig. 2.2B and
C). Across all pupils and tutors, the on-diagonal, large-magnitude negative MMD
deviations reflect the relative similarity of sequential sounds from pupil/tutor pairs,
compared with other possible comparisons of sound collections (Fig. 2.3B). This re-
sult extends our observation that a syllable-based VAE identifies relevant, learned
acoustic syllable features by showing that the shotgun VAE approach does not require

syllable segmentation and can be used to quantify copying of subsyllabic structure.
2.3 Conclusions

As summarized in Section 1.3.3 and elaborated in Appendix A, variational autoen-
coders formalize the insight that variation in vocal behavior reflects a relatively small
number of choices impacting acoustics. In many cases those choices are constrained
by copying because pupils disproportionately make the same acoustic “choices” as
their tutors after successful learning. In fact, previous work has emphasized the value
of acoustic features along which pupils and tutors are more similar than arbitrary
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animal pairs (Mandelblat-Cerf and Fee (2014)). Since the autoencoder method has
not been applied to song learning analysis before, we tested whether training an
autoencoder to encode sounds from many animals would find acoustic features with
this desirable property. We also tested visualization and quantification methods to
explore the autoencoder feature code with respect to cross-bird similarity. We found
that, both with and without syllable-level segmentation, the autoencoder readily
identified acoustic features according to which pupil and tutor songs were similar,
but arbitrary animal song pairs were different. These results advance syllable and
shotgun VAE methods as tools that can be used to map the entire process of juvenile
song copying at single rendition resolution. Chapters 3 and 4 of this thesis develop
and test methods for such a comprehensive and detailed account of sensorimotor

learning in the zebra finch.

2.4 Methods

2.4.1 Recordings

We selected 10 adult, normally reared birds from different breeding cages in our
colony. Until at least 60 dph, each of these pupil birds had interacted with only one
adult male, the tutor from his respective breeding cage. We recorded the adult (>90
dph) vocalizations of these pupil birds for 512 days each with Sound Analysis Pro
2011.104 (Tchernichovski et al. (2000)), then recorded their respective tutors under

the same conditions for 5-12 days each. Audio was recorded at 44.1 kHz.
2.4.2  Audio Segmenting

For approximately 10 min of song-rich audio per animal, we hand labeled song motif
boundaries. These labels were used to train an automated segmentation tool, VAK
0.3.1 (Cohen et al. (2020b)), for each animal. Trained VAK models were used to

automatically label motifs in the remaining audio data for each animal. Automatic
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segmentation sometimes divided single motifs or joined multiple motifs. To correct
for these errors, short (<50 ms) gaps inside motifs were eliminated. After this cor-
rection, putative motif segments with durations outside 0.4-1.5 s were discarded.
Syllable segments were derived from a subset of the VAK motif segments by aligning
the motif amplitude traces and manually determining syllable boundaries, resulting
in 75,430 total syllable segments. To generate the shotgun VAE training set for
Figure 7, 2000 vak-labeled motifs were selected from each animal. A single 60ms
window was drawn from each motif to create a training set of 40,000 total segments

across the 20-animal cohort.
2.4.8 Spectrograms

Audio segments were converted to time-frequency spectrograms using the Short Time
Fourier Transform with Hann windows of length 512 and 256-sample overlap. These
spectrograms were log transformed and interpolated to values at desired frequency
and time points. 128 frequency points were mel-spaced between 0.4 and 8kHz. Short
syllable spectrograms were scaled in time by m Spectrogram values were
clipped to hand-tuned maximum and minimum values and the resulting values scaled
to lie in the interval [0,1]. Syllables shorter than t,,.x were symmetrically zero-padded

so that all spectrograms had 128 time steps and 128 frequency bins.
2.4.4 Model Training

The general variational autoencoder architecture and objective function is described
in the introduction. Its specific architecture is given in Fig. 2.6. Separate models
were trained for the syllable and shotgun analyses, over spectrogram training sets

detailed above. In each case, the model was trained for 10 epochs.
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2.4.5 Shotgun Test Data

After training a VAE over the shotgun training spectrograms, the hand-labeled motif
segments used to train VAK models (see Audio segmenting) were segmented into
overlapping 60 ms windows that spanned each motif with an 8 ms step size between

successive windows (52,826 total windows).
2.4.6 Latent Representation of Sounds

We used VAE models trained according to the procedure above to analyze spectro-
grams from our test datasets. In particular, we calculated the 32-dimensional latent
posterior mean for each spectrogram in our test dataset. This mean, called the latent

vector, was treated as an acoustic feature vector describing the spectrogram.
2.4.7 UMAP

We used the python implementation of the UMAP algorithm (citation) to embed
our test dataset collection of latent means in a two dimensional space while approxi-
mately preserving their local relative distances. In general, we used these parameter
settings: n_neighbors=20, min_dist=0.1, metric=‘euclidean’. For the shotgun VAE
embedding in this chapter, we modified this UMAP calculation as detailed below.
Although the standard UMAP embedding of shotgun VAE latents from single-finch
datasets generates points along smoothly varying strands (Goffinet et al. (2021)),
UMAP typically broke motifs into multiple strand-like pieces in the 20-animal dataset
from Fig. 2.3. To encourage embeddings that preserve the neighbor relationship of
successive windows, we modified the distance measure underlying the UMAP. First,
we computed the complete pairwise Euclidean distance matrix between all windows
in latent space. Then, we artificially decreased the distance between successive win-
dows from the same motif by multiplying corresponding distance matrix entries by

10~3. This precomputed distance matrix was then passed to UMAP as a parameter.
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FI1GURE 2.4: Effect of UMAP modification on motif “strands.” A Standard UMAP
embedding of the latent representation of all song segments. Motifs from single an-
imals often appear as multiple strands. B UMAP embedding after reducing the
pairwise distance between adjacent segment within individual motif renditions. Mo-
tifs typically appear as unbroken strands.

See Fig. 2.4 for a comparison of the two UMAP projections.
2.4.8 Syllable Type Clustering

To prepare our data for syllable-level analyses, we assigned a syllable type category
to every syllable rendition. To make these categorizations, we plotted the syllable
rendition UMAP embeddings, one bird at a time. The clear clustering permitted
drawing category boundaries around syllable groups by hand. These groups were
then validated and labeled according to syllable order (that is, ABCD etc) by exam-
ining the spectrograms underlying several renditions per group in the context of the

sound file in which they were produced.
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2.4.9 Maximum Mean Discrepancy

Maximum Mean Discrepancy (MMD) is a flexible measure of the difference between
distributions P, and F,. In particular, given a flexible function class F, MMD is
Sup sep Eonp, f(2) — Eyp, f(y). That is, MMD is the difference between expected
values of a function f under P, and P,, for the f that maximizes this difference.
Here, f is drawn from the class F of functions on the unit ball in a reproducing
kernel Hilbert space with a fixed spherical Gaussian kernel. We chose kernel width
equal to 25% of the median pairwise distance between latent points in the multibird
test sample. The shotgun MMD matrix between pupil and tutor segments exhibits
row and column “bands,” where a segment collection exhibits especially high or low
similarity to many comparison collections. The underlying reason for this structure
in the encoding is unclear. To focus on the sparse component of the matrix, where
MMD entries are large or small compared to other entries in the corresponding row
and column we decomposed the MMD matrix into a rank-1 and sparse component. In
particular, we modeled the MMD matrix as the sum of a rank-1 matrix and laplace-
distributed error matrix by minimizing the L1 error of a rank-1 approximation. This

decomposition is depicted in Fig. 2.5.
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FIGURE 2.5: Shotgun MMD Decomposition into rank-1 and Laplace-distributed
matrices. A Raw shotgun MMD matrix between tutor and pupil segment collections
(rows and columns ordered as in Fig. 2.3B). B and C are the rank-1 and Laplace-
distributed error matrix, respectively. The residuals in C isolate the effect of copying
on similarity. This matrix is presented in Fig. 2.3B
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3

Developmental Forward Models: Learning the
dependence of acoustic distributions on age

3.1 Introduction

In the Chapter 2, I demonstrated that autoencoder methods to encode copied song
features when trained on datasets that include adult pupils and corresponding tutors.
These copied features emerge during juvenile development through practice, a pro-
cess that has been difficult to study because of behavioral quantification challenges.
In this chapter, I apply the autoencoder in the developmental context directly. I
confirm that latent representations encode the developmentally changing parame-
ters of song. I develop a flexible approach to model song acoustic development as a
time-varying distribution in latent space, accounting for changes at multiple time-
scales from hours to weeks. These models quantitatively describe developmentally
changing syllable-specific policies. They reveal a circadian component to rendition-
to-rendition variability, with variability high in the morning and low in the evening,
consistent with a prior study (Ravbar et al. (2012)). I compare models fitted to

developmental syllable data in normally tutored and in untutored birds, revealing
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that song model isolation reduces this circadian developmental property even though
song development in untutored juveniles also depends on auditory feedback (Konishi
(1965)) and is thought to involve similar reinforcement learning processes as operate

in tutored juveniles.

3.2 Results

3.2.1 Developmental changes in latent space reflect developmental spectrogram changes

By ~60dph, juveniles sing plastic song comprises several (2 to 5) readily distinguish-
able syllables. These are produced in accordance with policies that change through a
process thought to depend on reinforcement learning. I first aimed to assess whether
syllable VAE latent representations effectively describe these syllable modifications.
Fig. 3.1A depicts the average spectrograms of syllable renditions sampled every 10
days from 60 to 90dph, a period that encompasses much of the syllable modification
process. The highlighted spectrogram regions (a and b) are notable because the
spectrogram averages reveal clear developmental changes. Region “a” becomes less
entropic, with power becoming localized to two frequency bands by the end of syl-
lable modification. Region “b” becomes more temporally complex during the same
period. Originally produced as a frequency “downsweep,” by the end of development
it begins as an upsweep and ends as a downsweep. Region “b” also develops a more
complex harmonic structure across this developmental window. The latent repre-
sentation of this syllable also undergoes systematic changes in this developmental
window, as depicted in Fig. 3.1C. To assess the correspondence between these latent
changes and average spectrogram changes, I calculated the average latent location
of the syllable renditions whose spectrogram averages appear in Fig. 3.1. Using the
trained VAE decoder, I generated spectrograms from these mean latent locations
(Fig. 3.1B). As in the averages of real spectrograms, power in the generated spec-

trograms in region “a” becomes bimodal in frequency space. Similarly, over this
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FiGure 3.1: Example syllable development in spectrogram and latent space. A
Average of spectrograms produced at 4 different ages in development. B VAE de-
coder reconstruction of the average latent location of the same renditions. C UMAP
of all rendition latents, color coded by age at production time. The sampled rendi-
tions used to create average spectrograms in A are depicted as stars. Their average
location used to for the reconstruction in B is depicted as a large circle.

same time window, region “b” of the generated spectrograms develops temporal and
harmonic complexity similar to the average spectrograms. These correspondences
show that developmental changes in the low-dimensional latent space can capture

complex high-dimensional developmental changes in spectrogram space.

3.2.2  Gaussian models capture within- and between-day changes in latent distribu-
tions

The complex developmental changes in spectrogram syllable features are captured
by simpler developmental changes in latent space. The simplicity of the latent space

representation of development is demonstrated by the fact that 6 to 10 principal
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components in latent space were typically sufficient to capture >99% of latent space
variation for individual syllable types (see Fig. 3.4B). These results indicate the
potential to describe syllable modification as a change in a low-dimensional (6 to
10 dimensional) latent space in place of high-dimensional (>16,000 dimensional)
spectrogram space, without greatly reducing the descriptive power of our models. I
next developed procedures to model the development of identified syllable types in
latent space.

For a given syllable type, a primary goal is to track the ‘typical’ sound produced
at different ages, given as a function from age to a location in acoustic (e.g., latent)
space. Since the pace and quality of syllable modification is dictated by the pupil
rather than the human experimenter, this function cannot be experimentally as-
signed and must be inferred from data. Moreover, the autoencoder representations
do not impose obvious constraints on this function; they are plausibly consistent
with complex, nonlinear mappings from age to latent location. (But see the final
paragraph of Section 5.4.2 for a discussion of VAE extensions that could constrain
this relationship.) In fact, in inspecting my datasets I observed many apparently
non-linear developmental ‘trajectories’ through latent space. These considerations
motivate the use of very flexible families of functions, like neural networks, to track
the typical syllable type sounds produced at different ages.

Even in the best case, a time-varying point estimate of syllable acoustics leaves out
critical features of juvenile singing behavior. To facilitate learning, the juvenile policy
from intrasyllable times to acoustics should be stochastic (Fiete et al. (2007), Fee
and Goldberg (2011)). In fact, rendition-to-rendition variation in the instantiation
of this policy is actively maintained by the learning-relevant AFP (Olveczky et al.
(2005), Goldberg and Fee (2011)). Moreover, in adults policy updates in response
to feedback may depend on features of this distribution that cannot be captured by

a point estimate like a mean (Zhou et al. (2018)). These considerations motivate
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modeling the age-dependent syllable policy probabilistically.

To satisfy these considerations, I modeled syllable development as a time-varying
multivariate Gaussian distribution in autoencoder latent space. I instantiated this
model as a map from production age to Gaussian parameters using a feedforward
neural network, whose architecture is given in Fig. 3.2A. The network was trained
to produce maximum likelihood estimates of the mean p and full covariance ¥ of a
Gaussian distribution conditioned on age (see Gaussian Model Training in Methods).

The first two principal components of the latent representation of the example
syllable from the previous section are reproduced in each subpanel of Fig. 3.2B, color
coded by age at production time. Each subpanel highlights as stars a different subset
of test data that was withheld during training of the Gaussian model network. In
particular, data from 63dph, 73dph, 83dph, and 93dph is highlighted in the columns
from left to right. Within these days, the top row highlights renditions within a
half-hour window in the morning, and the bottom row highlights renditions within a
half-hour window in the evening. Consistent with the impression from the age-colored
points, the highlighted samples increase in PC1 value across the depicted month of
development, but additionally the within-day samples apparently differ as well. To
assess the behavior of the Gaussian model network, the center times of the half-
hour windows of highlighted data (one center time per subpanel) were input to the
trained network and the resulting Gaussian parameters were calculated. The 95%
confidence ellipse corresponding to each Gaussian is depicted in its corresponding
subpanel in Fig. 3.2B. We see that across days, and even within single days, the
Gaussians calculated with the trained model appear to reflect the changing location
and spread of test data.

I sought to quantify how age information at different time scales impacts model
quality. For the example syllable, I calculated baseline model log likelihood using
held out test data (Fig. 3.2C, green point). To quantify the overall contribution of age
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FIGURE 3.2: Design and performance of developmental Gaussian models. A Feed-
forward network architecture of developmental Gaussian models. For detailed de-
scription of inputs and outputs, see methods. Curved arrow indicates repeated feed-
forward layers, not recursive connectivity. B Example Gaussian model fits. Each
panel emphasizes renditions sung within a half-hour window occurring within 63dph
morning (top left), 63dph evening (bottom left), etc. The Gaussian predicted at
the center time of each half-hour window is depicted as a 95% confidence ellipse in
its corresponding panel. Highlighted points from a held-out test set were not used
in training. Panel backgrounds contain the principal component projection of all
example syllable renditions, colored by age at production time. C Log likelihood
distribution and mean of panel B model, calculated with respect a test set with to-
tally shuffied production times (1000 permutations), within-day shuffled production
times (1000 permutations), and unshuffled production times. D Mean log likelihood
of shuffling experiments for all syllables. Marker style indicates bird identity.
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information in this model, I compared this baseline log likelihood to the log likelihood
of models conditioned on shuffled age values (Fig. 3.2C, blue point). Finally, to quan-
tify the specific contribution of variation in age at a within-day timescale, I compared
the true log likelihood to a log likelihood of models conditioned on age values shuffied
within day but without shuffling ages across days (Fig. 3.2C, orange point). This
stratified shuffle preserves long time-scale (multi-day) correlations between acoustics
and age, but eliminates short time-scale (within-day) correlations. I repeated this
analysis over all syllables in the dataset (Fig. 3.2D). Shuffles that disregard all pro-
duction time information profoundly disrupt model performance, indicating that the
forward model captures the large differences in sound distributions between syllable
renditions produced at very different ages. Within-day shuffling also impairs model
performance, albeit more subtly, indicating that within-day model changes capture

real, within-day changes in the distributions of syllable renditions.
3.2.8  Gaussian model entropy is high in the morning and low in the evening

Exploratory behavioral variability across repeated occurrences of a context plays a
critical role in reinforcement learning generally. Moreover, juvenile song variation
depends on specific, learning-related regions in the AFP, suggesting this variation is
centrally controlled in order to facilitate song learning. It is recognized that juvenile
produce more stereotyped behavior as they mature over multi-week time scales, and
neural mechanisms have been proposed to facilitate this change (Olveczky et al.
(2011), Garst-Orozco et al. (2014)). But birds can rapidly alter the variability of their
behavior in response to social cues (Kao et al. (2005), Kojima and Doupe (2011)), so
it is possible that the variability of syllable policy is controlled at relatively rapid (<1
day) timescales during learning. In fact, prior studies report within-day changes in
song variability but draw different conclusions about whether it rises or falls within

the day (Miller et al. (2010) vs Ravbar et al. (2012)). Moreover, prior work has
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focused on learning-related changes at the timescale of single days (Derégnaucourt
et al. (2013), Kollmorgen et al. (2020)) and improved description of the behavior at
that timescale could help to resolve conflicts between these results.

The Gaussian models I develop above are the first attempt to characterize the
overall, age-dependent covariance structure of juvenile syllable policies. I sought
to leverage this innovation to determine how the overall amount of rendition-to-
rendition variability changes across time, particularly at the timescale of individual
days. I queried the entropy of the fitted models at regular intervals, and discarded
query times that were poorly covered by training data (see Methods). These en-
tropies are presented over a range of ages for an example syllable in Fig. 3.3A. I
observed a daily pattern in the entropy of syllable distributions, with syllable distri-
butions exhibiting relatively high entropy early in the day and relatively low entropy
at the end of the day. To quantitatively assess this pattern across multiple syllables
and animals, I constructed a model of entropy as a linear function of time of day, and
included random effects components in the intercept and slope to account for the
possibility that individual birds and syllables exhibit correlated deviations from the
group average behavior (see Methods). In Fig. 3.3B, I depict this model’s predictions
of entropy by time of day, incorporating the random bird and syllable effects. While
successfully accounting for differences between syllables, the model identifies a circa-
dian entropy decrease in every case. Not surprisingly then, the fixed effect indicated
the same circadian trend (entropy decreases by 0.073275/hr, p<10~%). These indi-
vidual fits and the partial dependence of entropy on time of day after marginalizing

out random effects of bird and syllable are depicted in Fig. 3.3C.
3.2.4  Gaussian models of isolate song

Even juveniles raised in social isolation from a tutor use auditory feedback to learn

some species-appropriate song characteristics during development (Konishi (1965)).
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Indeed, such social isolates are speculated to engage many of the same behavioral
and neural mechanisms to “learn” their isolate songs. Nonetheless, the acoustic
development of isolate song remains largely uncharacterized. Consequently, we do
not know if the circadian patterns I just described that are exhibited by normally
tutored animals depend specifically on tutoring, or instead reflect other aspects of
sensorimotor experience that accompany juvenile singing, such as vocal motor activ-
ity and associated auditory feedback. Therefore, I sought to characterize the entropy
of isolate syllable distributions from juvenile birds raised in isolation from a tutor,
and compare these measurements to those I made in normally tutored animals. I
recorded isolate song development and processed these audio data according to the
procedure developed for tutored animals (see methods).

As with tutored syllables, I modeled syllable-level distributions over time as mul-
tivariate Gaussians and then calculated these models’ entropy over time. The entropy
dependence on time of day was compared for isolates and tutored animals by adding
a tutoring main effect term and a tutoring-by-time of day interaction term to the
fixed effects design of the linear mixed effects model described earlier (see Methods).
In general, the models of isolate syllables had greater entropy than models of tutored
syllables (tutoring coefficient = -2.3153, p<0.001). This increased entropy may owe
to the generally increased dimensionality of isolate syllable variation (see Fig. 3.4B;
Methods). In addition, the entropy of isolate syllable distributions depended less on
time of day (difference in slopes = -0.0683 /hr, p<0.05). Therefore, song development
in juveniles raised without tutor experience differs from that in tutored animals in
two important ways: isolate syllable distributions are more entropic and also show
more modest circadian fluctuations in entropy. These findings are consistent with
the idea that tutoring exerts identifiable effects on the sensorimotor learning process
that are difficult to explain exclusively through tutoring’s widely recognized effect
on parameterizing the internal template.
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3.3  Conclusions

Having previously established the ability of autoencoder-based methods to identify
copied syllable features, in this chapter I developed and tested quantitative models
of the age-sensitive distributions of syllables in an autoencoder-based latent space.
In particular, I trained a neural network map from production age to underlying
Gaussians in latent space that are approximate generative models of syllable rendi-
tions. These models leverage both multi-day and within-day developmental trends
to predict the acoustic distributions of syllables.

Trained models of tutored syllable distributions reliably exhibit high entropy
in the morning and low entropy in the evening. This pattern suggests that syllable
rendition-to-rendition variability is high in the morning and low in the evening. Such
a pattern superficially conflicts with the conclusions of a prior study (Miller et al.
(2010)) that does not distinguish within- and between-rendition acoustic variability,
but is consistent with a prior investigation isolating rendition-to-rendition variabil-
ity (Ravbar et al. (2012)). More broadly, this result underscores a theoretical gap
in models of song development. Some existing learning models emphasize how mean
acoustic output can be rapidly adapted (Andalman et al. (2009), Fee and Gold-
berg (2011)), while others emphasize slow changes in variability at long time-scales
(Garst-Orozco et al. (2014)). Rapid adaptation of rendition-to-rendition variability
has received less attention in a learning context, even though learning-related fore-
brain structures in the AFP rapidly adapt vocal variability to varying social context
(Kao et al. (2005)). Future work can establish whether rapid regulation of variabil-
ity directly relates to the learning algorithms that are actually employed by juvenile
songbirds during syllable modification. Plausibly, within-day variability changes di-
rectly reflect an error-correcting learning process, like the elimination of undesirable

repertoire variants.
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Isolate song undergoes developmental changes that, like those in tutored song
development, depend on auditory feedback (Konishi (1965)). Nonetheless we do not
know if isolates exhibit similar behavioral patterns as a consequence of this shared
developmental mechanism. To address this gap, I modeled isolate song sound distri-
butions using the procedure developed to model the distribution of normally tutored
juvenile syllables. Overall, isolate sound distributions had higher entropy than dis-
tributions of developing tutored syllables, which may owe in part to the increased
number of linearly independent dimensions of isolate sound variation. Plausibly, a
specific tutor model may constrain pupil output more than innate targets governing
isolate development. In addition to its main effect on entropy, isolation reduces the
dependence of entropy on time of day. On its face, this result implies that singing-
auditory feedback-dependent juvenile song development is not a sufficient condition
for the entropy dynamics observed in tutored birds. This observation can constrain
future theoretical accounts of the relation between juvenile learning and the dynamic
regulation of rendition-to-rendition variability, accounts that are currently lacking in
the field as noted above. However, I also cannot rule out the possibility that the
Gaussian modeling procedure is less sensitive to rapid changes in isolate distribu-
tion entropy. This possibility could arise if the isolate syllable collections I labeled
for modeling are less Gaussian — and therefore more poorly modeled using the pro-
cedures in this chapter — than the syllable collections labeled in the tutored case.
Future work with more flexible models, such as density mixture models, can relax
the Gaussian assumptions here to resolve this issue.

The models developed in this chapter provide quantitative descriptions of chang-
ing syllable policies, though they are agnostic to the reinforcement learning concepts
that are theorized to underlie these changes. Reinforcement learning requires actions
to be evaluated, ultimately, with respect their effect on a one-dimensional ‘reward’
quantity, but we have not developed a method to evaluate the quality of syllable
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renditions. In the Chapter 4, I develop a method to quantify individual syllable

rendition quality.

3.4 Methods

3.4.1 Recordings

3 of the tutored birds in this dataset were raised in their home cages with their parents
and clutch mates until approximately 50dph, at which time they were singly housed in
boxes equipped with microphones and recorded at 41kHz using SAP (Tchernichovski
et al. (2000)). 2 additional tutored birds in the dataset were recorded from 72dph
to adulthood after rearing in their home cages. These were recorded at 32kHz using
EvTaf. Isolate birds were transferred with their clutchmates and mother from the
primary aviary to sound-attenuating boxes that blocked outside adult male sounds
before 10dph. They were raised in this environment until 30 to 40dph, at which
time males were housed singly in boxes equipped with microphones. They were then

recorded until adulthood at 41kHz using SAP.
3.4.2 VAF latent scoring

VAE processing was performed separately for each bird in this dataset. I generated
syllable spectrograms from the audio recordings by manually tuning sound amplitude
thresholding parameters to segment audio into syllables, and then manually tuning
spectrogram floor and ceiling values to a range that captured variation in vocal sound
intensity but excluded quiet background noise. These clipped syllable spectrograms
were rescaled so all values fell in the interval [0,1]. These spectrograms were used
to train bird-specific syllable VAEs according to the procedure outlined in Chapter
2, “Model Training.” Finally, the resulting VAE was used to calculate a latent
representation of every syllable in the dataset by calculating the mean of the latent

posterior given by the trained VAE encoder.
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3.4.3 Preparing syllable type datasets

After calculating a latent representation for every sound in the dataset, the latents
were embedded in a 2-dimensional UMAP to visualize clusters. By investigating the
underlying spectrograms of renditions in each cluster, I was able to assign meaningful
category labels to different clusters. Some categories (like cage noise and call types)
were discarded. I retained for further analysis only clear clusters corresponding to
syllable types represented in the animal’s crystallized endpoint song. In some cases
of <60dph song, I observed in situ differentiation of a unimodal syllable distribution
into two distinct syllable categories. For all analysis in this chapter, I focused on
song produced after 60dph after which time syllable number was stable. I also limited
analysis to song produced before 95dph. In the case of isolate data, in addition to
well-defined clusters, I often observed large, complex groups of sounds that included
song elements and calls. Sounds in these complex groups were discarded unless
the song elements were localized to protruding ‘peninsulas’ in the UMAP. In these
cases, a coarse categorization was made, followed by manual categorization of sounds
near the category boundaries. One of 5 isolates exhibited no apparent song sound
clusters at all, and was dropped from further analysis. After assigning syllable labels
in this way, I performed within-syllable PCA to find the primary axes of variation
exhibited by syllables over the course of development. Finally, the data were further
subdivided. 80% of renditions of each syllable type were randomly assigned to a
training dataset, and the remaining 20% were assigned to a test dataset. The training

dataset was used to train Gaussian model networks as explained in the next section.
3.4.4  Gaussian model training

Training datasets were used to train Gaussian model networks for each syllable type.
Observations consisted of pairs: production time and the vector of k principal com-

ponents, with k chosen to cumulatively explain >99% of the variation in latent data.
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Note that isolate syllable data typically required greater k than tutored syllable data
(see Fig. 3.4B). The training data was further subdivided into a train, test, and
validation sets according to a 70/20/10 split. These were used for weight updating,
training stopping, and evaluation respectively. The architecture for these Gaussian
model networks is given in Fig. 3.2A. The model input “age” was generated from
observed data by z-scoring all production ages. The sin(time) and cos(time) inputs
were generated from production time of day by calculating the sine and cosine, re-
spectively, of production time of day in radians (24 hrs = 27). Thus, the quantity
[sin(time),cos(time)] took unique values at every time of day, and identical values for
renditions at the same time of day on different days. The output values of the net-
work were used to construct the parameters of a multivariate Gaussian distribution
with full covariance matrix ¥ of dimension k. Output 1 is reshaped into a lower trian-
gular matrix L reflecting the Cholesky decomposition of ¥: ¥ = LLT + diag(e + ¢).
1 is directly interpreted as the multivariate Gaussian mean. Given training examples
of paired production times and latent locations, the network learned to minimize the
negative log likelihood given latent observations: )., —log(P(latent;)), P ~ N(u,X).
To minimize this loss with respect to the network parameters, I used the Adam op-
timizer with learning rate = 0.001. The model was trained until it experienced 10
consecutive epochs without improvement on the test set, at which point the model

producing the best test set performance was saved and subsequently used in analysis.
3.4.5  Fvaluation of Gaussian models

I scored the performance of the trained Gaussian models using held out syllable
rendition data. First, I calculated the log likelihood of the trained model by eval-
uating + > —log(P(latent;|age;)). To evaluate the contribution of age informa-
tion to the performance of each model, I generated 1000 permutations of the age

parameter and computed for each permutation the “total shuffle” log likelihood
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%Z? —log(P(latent;|ageiotal suffie indez))- 1 summarized this experiment for each syl-
lable with the mean of the total shuffle log likelihood. To separate the contri-
bution of within- and between-day age information to the performance of each
model, T generated 1000 within-day permutations of the age parameter. That is,
permutations that associated latent observations with wrong-day production times
were prohibited. For each permutation I computed the “dph shuffle” log likelihood
%Z? —log(P(latent;|ageapn shuffie indes))- 1 summarized this experiment for each syl-

lable with the mean of the dph shuffle log likelihood.
3.4.6  Entropy datasets

The trained Gaussian models map production ages to multivariate Gaussian distri-
butions. The volume of these distributions is summarized by their entropy: % In |Z} +
%(1 +1n(27)), where k is the number of dimensions. In order to evaluate the behavior
of the fitted models I generated ‘query times’ at 5 minute intervals during daytime
hours of birds’ light cycles. Because the model output is not reliable at times without
nearby training data, I then discarded query times at which fewer than 30 training
renditions of the modeled syllable were produced in the half hour window centered
at the query time. At the remaining query times, I generated predicted covariance

matrices and calculated entropy from these.
3.4.7 Linear mixed effects models

The entropy models corresponding to the syllables of different birds, or to a bird’s
different syllables, may differ from one another in idiosyncratic ways. One important
feature that differs by syllable is the number of dimensions, k, used to represent
syllable rendition acoustics. In general, entropy scales with distribution dimension,
so the differences in k between syllables almost certainly leads to entropy variation

unrelated to a dependence on production time. To account for idiosyncratic features
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exhibited by syllables and by birds, I constructed a linear mixed effects model for
the dependence of entropy on time of day: entropy = X8 + Zyirabpira + Zsyubsyu + €,

where

e X is a fixed-effects design matrix containing a column of ones for the intercept,

and a column of time-of-day values for every query time,
e [ is the fixed-effect intercept and time-of-day slope,

® Zyirq is a random-effects design matrix containing an indicator column for each

bird ID, and a time of day * indicator column for each bird,
® by is a vector of bird-specific random intercepts time-of-day slopes,

o Zyu is a random-effects design matrix containing an indicator column for each

syllable ID, and a time of day = indicator column for each syllable,
o b, is a vector of syllable-specific random intercepts and time-of-day slopes,

€ is a vector of random errors.

The bird-level random effects vector by;.q is populated with intercept-slope pairs
(bo.i, b1;) for each bird i distributed according to the 2D Gaussian N (0, ©) estimated
from the data. Similarly, the syllable-level random effects vector b, is populated
with intercept-slope pairs (b ;, by ;) for each syllable j according to N (0, ®) estimated
from the data. The entire model is fit using Matlab’s fitlme function and providing
the Wilkinson notation formula ‘entropy ~ 1 + timeOfDay + (1 + timeOfDay |
bird) 4+ (1 + timeOfDay | syllable).’

To compare isolate and tutored syllable distributions, I fit a similar model that
included 2 additional fixed effects in : a binary regressor set to 1 for models fit
over tutored bird syllable and 0 otherwise; and an interaction between this tutoring

variable and the timeOfDay regressor.
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FiGURE 3.4: Isolate and tutored circadian entropy. A Entropy was modeled as a
linear function of time of day, with random slope and intercept components added at
a bird and syllable level (see methods). Syllable-level predictions and 95% confidence
intervals are thin lines; tutoring group-level partial dependence on time of day is
presented as thick lines. B More PCs were required to explain 99% of variance of
isolate syllables than in tutored syllables (p<0.05, t-test with unequal variance).
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4

Reverse Models: Scoring individual rendition
maturity

4.1 Introduction

In the last chapter, I developed methods to model the age-dependent acoustics of
plastic song syllables. These acoustic changes are thought to depend in part on an
evaluation of individual song renditions that subsequently facilitates reinforcement
learning: activity producing renditions evaluated to be ‘good’ is positively reinforced
and vice versa (eg, Fiete et al. (2007), Fee and Goldberg (2011)). Song quality in
this model arises in the brain and cannot be determined definitively on the basis of
behavior alone. However, if song quality controls developmental change through re-
inforcement learning, then we can make inferences about song quality from the statis-
tics of the behavioral timecourse. In particular, to the extent that song changes arise
from song evaluation and downstream reinforcement, we can infer that sounds that
are produced early and become infrequent are relatively ‘bad,” generating negative
reinforcement. Conversely, we can infer that sounds that become more frequent with

practice are relatively ‘good,” generating positive reinforcement. In this chapter, I
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develop this logic to create an explicit quantitative metric of the quality of individual
syllable renditions by estimating the age at which each was most likely produced.
I leverage data collected by another graduate student, Jiaxuan Qi, to show that a
mechanism underlying putative reinforcement learning in juveniles is required for the
daily improvements in song quality captured by this metric. I relate this metric to
previously developed measures of syllable maturity, showing that it exhibits circa-
dian patterns comparable to patterns seen with other measures. Finally, I show that

isolation from a tutor model alters these circadian patterns.

4.2 Results

4.2.1 Scoring syllable rendition maturity by predicting age

In the last section, I modeled the changes in probability of producing sounds with
different acoustics as birds practice. This developmental trajectory induces a complex
joint distribution between the acoustic features of syllable renditions and production
ages. That joint distribution induces a conditional distribution of the form P(age |
latent). The mean of this conditional distribution is a function over latent space that
minimizes the square deviation from actual syllable production age given syllable
acoustics. I trained a neural network to estimate this function. The architecture of
the network I used is given in Fig. 4.1A. (Training details are given in methods.)
In the following, I refer to this network’s output as a syllable’s predicted age, given
its acoustics. To assess the performance of this network, I compared actual syllable
production ages to predicted ages on renditions held out from model training. The
left panel of Fig. 4.1B shows the UMAP embedding of these held out renditions
of an example syllable, color-coded by the age at which each was produced. The
spatial organization of production ages conceptually reflects the function that the
neural network is instructed to learn. The right panel of Fig. 4.1B shows the UMAP

embedding of the same held-out dataset, color-coded instead by the predicted age
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FIGURE 4.1: Predicting syllable age. A Neural network design for predicting age.
B UMAP embedding of VAE latents for held out example syllable renditions, color-
coded by age at production time (left), or predicted age (right).C Mean squared
error of age predictions (green). Distribution and mean of MSE over 1000 random
shuffles of age (blue). Distribution and mean of MSE over 1000 within-day shuffies
of age (orange). All values were based on permutations of the example syllable data
in B. D Means of MSE for 1000 total (blue) or within-day (orange) permutation
tests for every syllable, along with true MSE on held out data (green). Repeated
measures ANOVA (with syllable type as level) indicates significant effect of permu-
tation, and post hoc tests show all comparisons are significant (p<0.05). Inset shows
‘dph shuffle’ and ‘none’ values with ‘dph shuffle’ value subtracted to emphasize that
for all syllables but one within-day shuffling increases MSE.
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output of the trained network. The apparent similarity between these plots suggests
the success of the network in learning the intended function. I quantified network
performance over these held out data using the mean squared error (MSE) of the
network’s age predictions. This average error is presented as the ‘no shuffle’ value in
Fig. 4.1C. Network performance exceeds the expected performance under two null
models, assessed via bootstrap comparisons (see Predicted age model evaluation in
Methods). In particular, performance greatly exceeds what is possible in the absence
of a meaningful relationship between production age and acoustics (‘total shuffle’
condition). Performance also exceeds what is possible in the absence of meaningful
within-day improvements in predicted age (‘dph shuffle’ condition), although these
performance gains are relatively small in magnitude. The evaluations of this example
syllable are consistent with evaluations across all syllables (Fig. 4.1D; syllable-level
repeated-measures ANOVA, effect of shuffle type p< 107%; ‘none shufle’ MSE less
than ‘total shuffle’ MSE by 95.09+12.395, p< 10~* in Tukey-Kramer post hoc test;
‘none shuffle’ MSE less than ‘dph shufflie’ MSE by 0.059 + 0.018, p< 0.05 in Tukey-

Kramer post hoc test).
4.2.2  Daily predicted age increases depend on DIR signalling in Area X

Changes in song acoustics occurring over hours in juveniles have been attributed to
learning (Tchernichovski et al. (2001), Derégnaucourt et al. (2005), Ravbar et al.
(2012), Kollmorgen et al. (2020)). However, prior work has not established a depen-
dence of these rapid changes on the neurobiological mechanisms known to support
learning in adult birds. For example, within-day changes in pitch in response to
pitch-contingent noise playback require activation of D1 dopamine receptors (D1Rs)
in Area X. Additionally, these receptors are implicated in juvenile song learning
at long timescales, since their long-term blockade prevents the acquisition of tutor-

similar song structure (Hisey et al. (2018)). The predicted age measure developed
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FiGURE 4.2: DIR signaling underlies within-day changes in predicted age.A Pre-
dicted vs real production age for renditions of an example syllable, color-coded by
condition. B Errors in predicted age by time of day. Thin lines and shaded regions
are means and 95% confidence intervals for every syllable in the experiment, with
linear relationships fitted as described in the methods. Darker thick lines show the
predicted age error’s partial dependence on time of day and treatment condition. In-
teraction between time of day and treatment is significant (p< 107'%) in mixed-effects

ANOVA (see methods).

here exhibits within-day changes, as established by the comparison of ‘none shuffle’
to ‘dph shuffie’ in the last section. I collaborated with another graduate student, Ji-
axuan Qi, to determine whether within-day changes in juvenile predicted age depend
on DI1R signaling.

Jiaxuan used reverse microdialysis to deliver Ringer’s solution or the D1R antag-
onist SCH-23390 to Area X in juvenile birds (61 to 72dph). Drug was administered
for the duration of a single waking day, surrounded by at least two days of vehicle
control that permitted unmanipulated singing and learning. Jiaxuan represented
syllable renditions as VAE latent vectors and assigned syllable type labels to dif-
ferent clusters of renditions. To test whether D1R activation supports the daily
song changes reflected in changing predicted ages, I trained predicted age networks

separately for each syllable in the dataset. I withheld from training all renditions
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performed on the day of drug treatment as well as all renditions on the preceding
control day. I used these networks to calculate predicted age for all syllables, in-
cluding the held out renditions (for example, see Fig. 4.2A). To test whether D1R
activation supports within-day increases in predicted age, I modeled predicted age
network errors as a linear function of time of day, drug treatment condition, and an
interaction between these factors. Modeling the network errors removes absolute (in-
tercept) differences between predicted age values on different days while introducing
a constant offset in the dependence on time of day (slope): the slope of predicted
age vs. time of day is 1 + the slope of network errors vs. time of day. In the linear
model, I included random effects of bird and syllable on the intercept and time of
day slope (see methods).

Fig. 4.2B depicts the model predictions and confidence intervals for individual
syllables (including their modeled random effects), as well as the overall partial
dependence of network error on treatment and time of day. Within-day predicted age
increases were significantly larger on control days with intact D1R signalling than on
days with D1R blockade (interaction value is 0.5114+0.077 predicted age days/day, p<
10719). No other model terms reached significance at an alpha threshold of 0.05, but
a main effect of model error on time of day exhibited a trend (1.59+0.916 predicted
age days/day, p<0.1). (Note that this trending dependence of errors suggests a
significant dependence of predicted age on time of day.) The steeper dependence
of network error on time of day in the control condition indicates that within-day
changes in predicted age at least partly reflect learning through a D1R-dependent
mechanism in Area X, consistent with the observation that long-term blockade of
these receptors interferes with the acquisition of tutor-similar song structure (Hisey

et al. (2018)), and consistent with the mechanisms of pitch learning in adult birds.
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4.2.8  Overnight consolidation is quantile-dependent

Previous work has examined other measures as proxies for rendition maturity or qual-
ity. Derégnaucourt et al. (2005) used within-syllable entropy variance as a measure of
acoustic complexity. They report that syllables that become increasingly acoustically
complex over development gain complexity in a circadian, non-monotonic pattern.
In particular, they report that syllable renditions rapidly increase in complexity dur-
ing the morning to a plateau value that is maintained during afternoon singing.
Overnight, most of the day’s gains are lost; birds begin the next morning singing
less complex syllables than the prior day’s plateau value. In this way, high sylla-
ble complexity is achieved through a “two steps forward, one step back” circadian
pattern. Although only some syllables exhibit this pattern with respect to entropy
variance, this result has been widely accepted as evidence of a general pattern of
syllable acoustic development. Independent from my research, Kollmorgen et al.
(2020) developed a general approach to scoring syllable maturity with similarities to
the predicted age metric I developed. Their work apparently qualifies the conclu-
sions that were drawn by Derégnaucourt et al. (2005). In particular, they observe
that birds are able to produce syllables that range widely in maturity during plastic
song. Overnight ‘reversion’ is asymmetric in this distribution. Birds produce highly
immature songs in the morning, including less mature variants than they produced
the previous evening. On the other hand, mature morning songs are not ‘regressive’
compared with mature evening songs.

Although the role of sleep in juvenile song learning is poorly understood, these
behavioral signatures of overnight consolidation (or deconsolidation) have influenced
the field. I sought to determine whether the predicted age metric that I developed
exhibits overnight patterns similar to or different from those seen by Derégnaucourt

et al. (2005) or Tchernichovski et al. (2001). As mentioned above, the findings
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FIGURE 4.3: Overnight consolidation. A Predicted vs actual production age for
held out renditions of an example syllable. Overlaid traces plot percentiles of the
predicted age measure by production age for time-binned data. Inset shows two
consecutive days, and the calculation of a percentile-wise overnight shift. B His-
tograms of percentile-wise overnight shifts for all overnight shifts in the dataset. C
Partial dependence of overnight shift value on age and percentile after marginalizing
dependence on random effects. The main effect of percentile, main effect of age, and
interaction between age and percentile are significant, as reported in the text.
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of Kollmorgen et al. (2020) suggest that overnight shifts in quality may vary as a
function of predicted age quantile. As illustrated in an example syllable in Fig. 4.3A,
I binned data by age at production time into 0.1 day bins and calculated predicted
age at each of several quantile levels in each bin. By comparing predicted age at
each quantile level in adjacent evenings and mornings, I calculated a quantile-level
overnight shift, as illustrated by the calculation of a 1st percentile overnight shift in
the inset in Fig. 4.3A. I present the distributions of quantile-level shifts for all nights
across all syllables in the dataset in Fig. 4.3B. Consistent with Kollmorgen et al.
(2020), only immature data quantiles tended to exhibit overnight ‘reversion,” which
results in a tendency towards negative shift values at the 1st and 5th percentiles.
In fact, I observed the opposite pattern in mature data quantiles, which tended to
exhibit positive shift values.

To quantify the dependence of overnight shift on quantile level, and to examine
these data for age-dependent patterns in overnight consolidation, I modeled overnight
shift magnitudes as a linear function of quantile level and age, as well as the interac-
tion between quantile and age. I also included random effects of bird and syllable on
shift intercepts and quantile slopes. This modeling indicates a significant negative
shift intercept (intercept value is -2.481+1.064, p<0.05), but this tendency towards
overnight reversion is significantly quantile-dependent (main effect of quantile (pre-
dictor values in range [0,1]) is 10.11£1.641, p< 107®) and slightly moderated with
age (main effect of age (dph) is 0.0259+0.0127, p<0.05). Finally, the quantile slope
decreases with age (age by quantile interaction is -0.1124:0.0202, p< 10~7). The joint
impact of these model factors is depicted in Fig. 4.3C, which shows the linear fits of

overnight shift by age separately for different quantile levels.
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4.2.4  Developing isolate song exhibits consistent overnight reversion

In the previous section, I demonstrated that the predicted age metric I developed
reproduces prior reports of a quantile-dependent overnight shift in syllable maturity
(see Kollmorgen et al. (2020)). This pattern is regarded as an important signature
of song copying (Derégnaucourt et al. (2005), Kollmorgen et al. (2020)) although the
reasons for the pattern remain unclear. I next sought to determine whether this pat-
tern reliably occurs during auditory feedback-guided juvenile song development even
in the absence of tutoring. I fit predicted age networks to training partitions of isolate
syllable clusters. As a prerequisite to examining overnight shifts, I confirmed that
isolate renditions exhibit multiday and within-day advancement in predicted age.
As with tutored animals, MSE on held out isolate data is reliably lower than MSE
on total and dph shuffled datasets (see Fig. 4.4A; syllable-level repeated-measures
ANOVA, effect of shuffle type p< 107!!; ‘none shuffle’ MSE less than ‘total shuffle’
MSE by 116.38+14.63, p< 10~° in Tukey-Kramer post hoc test; ‘none shuffle’ MSE
less than ‘dph shuffle’ MSE by 0.108+:0.01, p< 10~7 in Tukey-Kramer post hoc test).

Having established that predicted age exhibits reliable within-day trends in isolate
singing, I sought specifically to compare overnight shift patterns in tutored and
isolate birds. I generated quantile-level predicted age scores for isolate syllables
using the same procedures I used for tutored birds. I then used these quantile
scores to calculate overnight shifts in isolate song as in tutored song. I modeled
tutored and isolate overnight shifts as a linear function of quantile, age, and tutoring
condition, as well as all two-way interactions and the three-way interaction between
these predictors. I also allowed terms for random intercepts and quantile slopes at
the bird and syllable level. The predictions of the fixed-effects model are given in
Fig. 4.4B. Notably, the model indicates that the dependence of shift on quantile is

significantly abridged in isolate birds (as given by two-way interaction term, quantile
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slope is 10.79743.048 greater in tutored than isolate birds, p< 1072). In particular,
isolate birds appear to undergo overnight ‘reversion’ at all quantile levels, whereas

in tutored birds only immature quantiles exhibit this pattern.
4.3 Conclusions

In influential models of song learning, the performance of ‘bad’ renditions generates
a negative reinforcement signal that discourages similar sounds from being produced
in the future. Conversely, the performance of ‘good’ renditions leads to a positive
reinforcement signal that makes the production of similar sounds more likely. In
these models, changes in the acoustic distribution of vocal output relate directly to
the evaluation of different sounds. The primary aim of the research in this chap-
ter is to develop from this theoretical framework a procedure to infer the quality
of different sounds. Since the theory suggests that low-value sounds produced early
in development will become rare late in development, and vice versa for high-value
sounds, I reasoned that high- and low-value sounds can be distinguished by the ages
at which they are likely to be produced. In that case, I aimed to quantify the value
of a sound as the age at which its production is most likely. This inference is accom-
plished using a feedforward neural work that takes location in VAE latent space and
predicts age. This method generalizes to unseen data and explains long-term trends
as well as within-day acoustic trends. Note that some acoustic changes in song may
arise during development for reasons unrelated to song evaluation and downstream
reinforcement. The approach here does not currently distinguish between learned
and unlearned sources of behavioral change. Even so, predicted age remains likely to
correlate with song quality and reinforcement, even if its incorporation of extraneous,
unlearned features adds noise to the correlation.

Leveraging data from a pharmacological manipulation performed by Jiaxuan Qi,
I demonstrated that within-day changes in predicted age require D1R activation.
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D1R-dependent plasticity mechanisms play a role in adapting song output to auditory
feedback in adult finches and are more broadly known to support song copying in
juveniles (Hisey et al. (2018)). Thus, the result here suggest that within-day trends
in predicted age are generated by learning mechanisms in Area X, at least in part.
This result mitigates the concern raised above about unlearned features influencing
predicted age. It motivates the use of this metric for future mechanistic studies of
juvenile song learning. These avenues for research are developed more fully in the
next chapter.

Having validated the relevance of this metric to Area X-dependent learning, I
sought to determine whether it exhibits the circadian patterns that have been re-
ported for other measures of syllable maturity. Specifically I sought to determine
whether predicted age regresses overnight (Derégnaucourt et al. (2005)), and whether
this pattern is uniform or differs by quantile (Kollmorgen et al. (2020)). Overnight
predicted age patterns were broadly consistent with patterns described previously.
Only immature quantiles regress overnight. I observed that mature quantiles actu-
ally advance overnight — a stronger quantile dependence than previously reported
(Kollmorgen et al. (2020)). The map from acoustics to predicted age (or ‘neighbor-
hood time’ in the case of the maturity score developed by Kollmorgen et al. (2020))
is complex. Moreover, my research in Chapter 2 suggests, in agreement with Ravbar
et al. (2012), that acoustic development not only exhibits trends in the mean behav-
ior but also circadian patterns in variability. The relationship between the circadian
variability pattern and the circadian predicted age pattern remains unclear, and it
is possible that the former partly explains the latter. In particular, variable morning
singing may more readily produce especially good and especially bad variants than
less variable evening singing. Kollmorgen et al. (2020) do not explicitly consider the
role of rendition-by-rendition variability in the generation of patterns they describe.

Without explicit forward models in an acoustic space, like those developed in the
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previous chapter, it is challenging to explain how patterns in a more more abstract
measure like predicted age arise. These considerations point to the utility of the
framework developed in this thesis, where syllable development can be explicitly
scored with a metric like predicted age, but also described more agnostically as a
distribution in an informative, tractable acoustic space. For example, in future work
the dependence of predicted age patterns on circadian variability fluctuations can be
assessed by simulations of development in acoustic space with different variability
patterns. For example, future work can simulate developing syllable renditions as
draws from forward models with fixed within-day variability to determine whether
syllable renditions produced in that way still exhibit quantile-dependent overnight
shift effects.

After confirming these basic similarities between predicted age and other mea-
sures of developmental maturity, I sought to determine whether these canonical
overnight patterns require tutoring, or if they also occur during auditory feedback-
dependent learning by isolate juveniles. As a prerequisite, I established that isolate
song exhibits within-day and multiday predicted age trends. I determined that the
dependence of overnight shifts on quantile is much greater in tutored than untu-
tored birds. As mentioned above, the underlying acoustic patterns responsible for
overnight shifts in maturity remain unclear and may relate to circadian patterns
in variability. In light of this point, the finding in the last chapter that circadian
patterns of variability appear attenuated in isolate singing may partly explain dif-
ferences between the overnight shifts in maturity exhibited by isolate and tutored

juvenile song.
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4.4 Methods

4.4.1 Developmental dataset preparation

The normally developing and isolate syllable level datasets from the last chapter were
used for the analyses of normal and isolate song development in this chapter. Detailed
methods on data collection, representation of component sounds with VAE latents,
syllable-type labeling, and partitioning into training and test sets are presented in

the last chapter.
4.4.2  Pharmacology datasets

For reverse microdialysis experiments, 7 juvenile (50 to 60 dph) birds were implanted
with microdialysis probes in Area X using stereotaxic coordinates. After implanta-
tion, probes were flushed with a saline solution daily to minimize clogging. After
post-operative singing returned to baseline rates (3 to 7 days), bird vocalizations
were continuously monitored and recorded with SAP (Tchernichovski et al. (2000),
see recording methods in prior chapter). On experiment days, probes were flushed
with saline or 5mM SCH-23390, a D1 dopamine receptor antagonist, an hour before
the bird’s lights came on. DI1R antagonist was flushed from probes with saline at
the end of the days on which it was applied. These experimental procedures were

executed by Jiaxuan Qi.
4.4.3 Predicted age model training

The structure of the feedforward neural network used to make production age pre-
dictions is given in Fig. 4.1A, where “tansig” layers perform a hyperbolic tangent
sigmoid transformation. Network input is the 32-dimensional latent vector describing
observed spectrograms. Network training occurred separately for different syllable
classes. During training, the network minimized an error consisting of squared pre-

diction error and a regularization term consisting of the sum of squares of the network
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weights. These terms were combined with weights given by Bayesian regularization
(Dan Foresee and Hagan (1997)) by training the network in Matlab with the training
function parameter set to ‘trainbr.” I included regularization in order to “smooth”
the predicted age function in acoustic space, to improve generalizability when regions
of data were systematically withheld from training sets (as in pharmacology exper-
iments). The training data input to this procedure was automatically partitioned
by Matlab into a 70/15/15 split corresponding to training, test, and validation sets
respectively. Training iterated until performance on the test set failed to improve
for three consecutive epochs, or until 30 minutes had elapsed. The validation sub-
division was unused, because I used a separate held-out dataset (see Developmental
dataset preparation) for subsequent analysis.

For the D1R pharmacology dataset, all renditions on the drug treatment and
preceding saline control day were withheld from predicted age network training.
The remaining data was split 70/15/15 into training, test, and validation datasets

for model training and for an stopping criterion.
4.4.4  Predicted age model evaluation

I quantified the performance of the predicted age networks relative to null models
as mean squared error (MSE) on held out test sets. Unlike the training data, test
sets were limited to renditions produced from 60 to 95dph. I compared to network
performance against two benchmarks. In the ‘total shuffle’” benchmark, I shuffled
production ages relative to latent descriptions for all syllables in the test set. Then
I computed the MSE of model predictions based on shuffied ages. For each syllable,
I performed this permutation test 1000 times and recorded the average MSE from
these experiments as the ‘total shuffle’ benchmark performance score. In the ‘dph
shuffle” benchmark, I again shuffled ages relative to latent vectors, but I prevented

shuffles that swapped the ages of syllables produced on different days. As with
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the other benchmark, I performed 1000 ‘dph shuffle’ experiments and recorded the
average MSE from these experiments as the ‘dph shuffle’ benchmark performance
score. The same analysis was performed to quantify performance of predicted age

networks on isolate song.
4.4.5 Analysis of DIR treatment

Predicted age networks, trained as described in “Predicted age model training,” were
used to calculate predicted age for all renditions on each drug treatment day and on
the saline control day immediately preceding each drug treatment day. I calculated
prediction error by subtracting actual production times from these predictions. This
subtraction zero-centers predictions at different ages in different animals, but has no
effect on a potential difference between the drug treatment conditions with respect
to daily changes in predicted age. I fit a linear mixed effects model of these residual
errors. The fixed effects model included an intercept, a main effect of drug condition,
a main effect of time of day, and an interaction between treatment and time of day.
The model included a bird-level random effects vector by;.q, populated with intercept-
time of day slope pairs (bg;,by;) for each bird i distributed according to the 2D
Gaussian N (0, ©) estimated from the data. Similarly, the model included a syllable-
level random effects vector by, populated with intercept-slope pairs (bg;, b1,;) for
each syllable j according to N (0, @) estimated from the data. The model was fit using
Matlab’s fitmle function and providing the Wilkinson notation formula: ‘predicted
age error ~ 1 + timeOfDay*treatment + (1 + timeOfDay | bird) + (1 + timeOfDay
| syllable).” More details about the general approach of linear mixed effects modeling

is provided in the methods of Chapter 3.
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4.4.6  Analysis of overnight shifts

For every syllable, renditions were binned by age at production time, with a bin width
of 0.1 days. I calculated the 1st, 5th, 25th, 50th, 75th, 95th, and 99th percentile
predicted age in each data bin, and discarded bins containing fewer than 50 syllable
renditions. I subsequently calculated percentile-wise overnight shifts in predicted age
by subtracting the ith predicted age percentile in the last time bin of day j from the
ith predicted age percentile in the first time bin of day j+1. In the event that the
last time bin on day j and the first time bin on day j+1 were separated by more than
0.6 days (which occurred in infrequent cases where morning or evening data was lost
due to acquisition equipment errors), the overnight comparison was discarded.

I created linear mixed effects models of percentile-wise overnight shifts. For nor-
mally developing animals, I included fixed effects of intercept, percentile, age (given
as integer-valued age on the evening of day j), and the interaction between percentile
and age. The model included a bird-level random effects vector by;.q, populated
with intercept-percentile slope pairs (bg;, b1;) for each bird i distributed according to
the 2D Gaussian N(0,0) estimated from the data. Similarly, the model included
a syllable-level random effects vector bsy;, populated with intercept-percentile slope
pairs (bg ;, b1 ;) for each syllable j according to (0, @) estimated from the data. The
model was fit using Matlab’s fitmle function and providing the Wilkinson notation
formula: ‘overnight shift ~ 1 + age*percentile + (1 + percentile | bird) + (1 +
percentile | syllable).’

I compared overnight shifts in isolates to overnight shifts in normally develop-
ing birds by modifying the model presented above. In particular, the model also
included a fixed main effect of tutoring condition, the 2-way interactions of tutoring
with percentile and tutoring with age, and the three way interaction of tutoring,

percentile, and age. The model was fit using Matlab’s fitmle function and providing
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the Wilkinson notation formula: ‘overnight shift ~ 1 + age*percentile*tutoring +

(1 + percentile | bird) + (1 4 percentile | syllable).’
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F1GURE 4.4: Overnight consolidation in isolated and tutored birds. A Means of
MSE for 1000 total (blue) or within-day (orange) permutation tests for every isolate
cluster, along with true MSE on held out data (green). Inset shows ‘dph shuffie’ and
‘none’ values with ‘dph shuffle’ value subtracted to emphasize that for all syllables
within-day shuffling increases MSE. B Dependence of overnight shift value on age,
quantile level, and tutoring status as given by linear mixed effects model. The main
effect of age and tutoring, the interactions between tutoring and percentile, between
tutoring and age, and between age, tutoring, and quantile are significant, as reported
in the text.
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5

Conclusions and future directions

5.1 Summary

The zebra finch model offers an unparalleled opportunity to understand how learning
shapes juvenile behavior into a target adult behavior, particularly in cases of imita-
tion, where the target is set by observing the expert performance of an adult. In the
lab, we can readily record all or most juvenile ‘practice’ song renditions, as well as
the model song target. In addition, previous work clearly indicates the importance
of well-delineated forebrain structures — the “song system” — to song learning and
production. The scientific promise of studying this natural learning process is cou-
pled with challenges. In many other learning paradigms, experimenters control the
task structure and in this way define the significance of an animal’s actions. The sig-
nificance of juvenile vocal acoustics are instead defined by their utility to the animal
in a learning process we do not fully understand.

First, the apparent high dimensionality raw sound measurements of juvenile
singing presents a challenge. Recently a collaboration between the Mooney and
Pearson labs developed a principled method to extract highly informative, low-
dimensional descriptions of song renditions by modeling the constraints on song re-
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vealed by correlations in the raw data. This approach, based on a variational autoen-
coder (VAE), has fewer experimenter biases than approaches leveraging experiment-
defined features, but similarly reduces the complexity of the downstream inference
problems about behavioral significance and meaning. First, I aimed to assess this
approach as a description of song copying. Then I aimed to develop tools to explicitly
describe the course of learning and the significance of rendition-by-rendition acoustic
variation, leveraging VAE-based low-dimensional descriptions of song renditions.

In collaboration with Jack Goffinet, I assessed VAE performance extracting copying-
relevant features using a sensible benchmark suggested by prior literature. Mandelblat-
Cerf and Fee (2014) suggest that meaningful song features will readily differentiate
songs produced by arbitrary pairs of animals, but represent as relatively similar the
songs produced by pupils and their corresponding tutors. In the second chapter
of this thesis, I present evidence that unsupervised feature extraction by the VAE
meets this criterion, validating the application of this technique to study song copying
broadly.

In the next thesis chapter, I applied the VAE to study plastic song. 1 developed
a tool for tracking the acoustic development of plastic song syllables, represented
in VAE feature space. The neural network-based tool implements a relatively un-
constrained map from age to Gaussian distribution parameters. The approach is
innovative in the song development field for explicitly modeling multidimensional
behavioral variation. I demonstrate that the model not only learns slowly chang-
ing features of song, but also fast (within-day) changes in song distributions. In
particular, the model exhibits a within-day pattern of rendition-by-rendition vari-
ability reduction that is consistent across syllables produced by normally tutored
animals. I presented evidence that the magnitude of this circadian pattern requires
tutor exposure.

Finally, I developed an analytic tool to quantify plastic song syllable rendition
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quality, working from the assumption that changes in the probability of different
syllable variants depend on reinforcement based on rendition quality. In particu-
lar, I used a neural network to estimate the mean of the conditional distribution
P(age | latent). I demonstrate that this approach successfully estimates this quan-
tity, enabling it to predict a rendition’s production age from its latent description. I
show that, in addition to the large changes occurring over weeks, within-day changes
in acoustics contribute to the network’s performance. In collaboration with another
student, Jiaxuan Qi, I show that D1R signalling in Area X, known to support copying
outcomes (Hisey et al. (2018)), supports within-day improvements in predicted age.
This result suggests that changes in predicted age are supported by basal ganglia-
based learning mechanisms, and motivates exploring these mechanisms with this tool.
I demonstrated that the predicted age measure only ‘reverts’ overnight at immature
quantiles, consistent with a recent report on syllable maturation (Kollmorgen et al.
(2020). In fact I observe that mature quantiles are advanced in the morning com-
pared with the preceding evening. Somewhat unexpectedly, I determined that this
quantile dependence is reduced in the song of developing isolates, even though isolate
juveniles also use auditory feedback to learn species-typical song features (Konishi
(1965). This result suggests that auditory feedback-based learning from an inter-
nal template is not sufficient to drive the typical pattern of behavior. The pattern
instead results from processes that are specifically dependent on tutoring.

Taken together, this thesis work provides tools for rigorous, unbiased investigation
of the learning mechanisms underlying plastic song. It raises a number of questions
and avenues for development that are elaborated below. These topics relate to (1)
further investigation of the results presented in this thesis; (2) application of the tools
developed in the thesis to long-standing neurobiological questions; (3) generalizations

and extensions of the tools developed here.
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5.2 Interpretation

5.2.1  What features of acoustic change underlie the quantile dependence of overnight
predicted age shifts?

Interest in overnight reversion in juvenile song maturation stems originally from
the observation that (for ultimately complex syllables) syllable complexity increases
each day and decreases overnight (Derégnaucourt et al. (2005)). These results sug-
gest that sleep promotes learning ‘reversion,” a phenomenon that would distinguish
sleep’s role in juvenile song learning from the effect of sleep in several forms of hu-
man skill learning, where it leads to improved motor performance (Walker et al.
(2003), Fischer et al. (2002)) and decreased susceptibility of recent motor learning
to interference by subsequent experience (Korman et al. (2007)). I observed that
‘overnight reversion’ of predicted age is quantile-dependent, occurring only for the
most immature quantiles of the behavior. Multiple, non-exclusive patterns of be-
havioral change in acoustic space could contribute to this effect. On the one hand,
an entropy-preserving transformation (like a rotation) of the underlying distribution
in acoustic space could lead to different-direction overnight shifts of predicted age
in different parts of the predicted age distribution. On the other hand, higher en-
tropy in the morning than the evening (as observed) can also generate this pattern
of overnight shifts. Lastly, these overnight transformations of the shape of the un-
derlying acoustic distribution can combine with overnight changes in the mean of
the distribution to influence measured overnight shifts in predicted age.

The quantile-dependent ‘overnight reversion’ of predicted age is broadly con-
sistent with the results of Kollmorgen et al. (2020). Those authors suggest that
overnight reversion occurs principally with respect to features orthogonal to learning
direction; reversion in the learning direction is small and limited to regressive quan-

tiles. This conclusion apparently conflicts with the work of Derégnaucourt et al.
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(2005), where syllable complexity in ultimately complex syllables was chosen for
study because increases in complexity were a long-term, slowly acquired feature of the
syllables under study. The inferences by Kollmorgen et al. (2020) about a learning-
orthogonal axis of daily progress and overnight reversion depend on those authors’
choice to model large collections of renditions at different times of day as single points
in an underlying acoustic space. The distributional differences between such collec-
tions are reflected as distances between points in their framework. However, because
these abstract distances between points approximately reflect distributional overlap
between collections of renditions, these distances can be influenced by changes in
the mean and variance of the underlying collections of renditions. Because vari-
ance (entropy) changes systematically each day (see 3.2.3), it plausibly contributes
to the behavioral trajectory identified by these authors. Although the basis for the
quantile-dependence of overnight reversion remains unresolved, the tools in this the-
sis can offer insight, as I explain below.

The forward models developed in Chapter 3 provide a basis for testing the relative
contribution of the orientation, shape, and scale of variation as well as changes in the
mean to patterns of maturity scores like predicted age. For example, we can com-
pare the flexible models in Chapter 3 to matched models with fixed entropy within
each day. We can simulate behavioral datasets by sampling from these models. If
draws from the fully flexible models but not the fixed-entropy models recapitulate a
pattern in predicted age like the quantile-dependence of overnight consolidation, we
can conclude that the pattern depends on systematic fluctuations in variability. On
the other hand, if fixed-entropy models can generate data with quantile-dependent
overnight reversion, we can conclude that changes in the syllable mean and distribu-
tion shape account for the pattern. If even the more flexible models cannot produce
a predicted age pattern, we could consider increasing the flexibility (and by extension

the complexity) of the forward modeling procedure. I present attractive next steps
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to extend the forward modeling approach in Section 5.4.3.
5.2.2  Mechanisms of variability patterns

The mechanisms underlying the circadian changes in distribution entropy are un-
clear. Two broad, non-exclusive causes are possible. First, the negative reinforce-
ment of ‘bad’ variants may directly cause a reduction of entropy each day. If birds
learn to avoid inappropriate song variants present in their morning repertoire faster
than the rate at which they acquire new ‘good’ variants, this increased selectivity of
production would result in reduced entropy on its own. Importantly, this possible
mechanism only explains within-day decreases in entropy; an additional mechanism
must increase entropy at the start of each day, for example, by reintroducing rejected
variants. Such a mechanism plausibly contributes to the entropy effect I observed and
is consistent with the pattern of overnight reversion at immature predicted age quan-
tiles described in 4.2.3. In particular, it is consistent with within-day improvement
of immature quantiles by elimination of the worst variants, followed by reversion of
immature quantiles overnight by reintroducing this variation. Of particular inter-
est for future work will be whether the contractions of variability are symmetric in
acoustic space or more limited to dimensions that impact song quality, in which case
variability mechanisms offer a strategy to reduce the production of especially poor
renditions (while also reducing the production of especially good renditions).

On the other hand, influences on behavior besides reinforcement may also impact
variability. In adults (Kao et al. (2005)) and late plastic song juveniles (Kojima and
Doupe (2011)), the introduction of a female immediately decreases the rendition-to-
rendition variability of song, indicating that variability can be controlled indepen-
dently of learning. This social context-dependent control relies on processes in the
AFP (Kao et al. (2005)), including Area X (Woolley et al. (2014), Singh Alvarado

et al. (2021)). Plausibly, circadian processes in the AFP that do not depend on
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reinforcement could also drive circadian variability changes. In mammalian stria-
tum, dopaminergic tone undergoes circadian oscillations through regulation of the
dopamine transporter driving reuptake (Castaneda et al. (2004), Ferris et al. (2014)).
It is plausible that dopamine levels fluctuate with a circadian pattern in Area X.
Previous research indicates that D1R signalling in Area X can influence adult song
variability (Leblois et al. (2010)), although noradrenaline has also been implicated
(Singh Alvarado et al. (2021), Castelino and Ball (2005)). In addition, Area X FoxP2
expression falls in juveniles’ first waking hours each day (Teramitsu et al. (2010)).
FoxP2 dysregulation in Area X increases the variability of syllable sequencing in
adults (Xiao et al. (2021)) and disrupts the regulation of acoustic variability by so-
cial context (Murugan et al. (2013)). The involvement of dopamine tone or FoxP2
expression in directly regulating circadian variability because these factors are inde-
pendently implicated in juvenile learning outcomes (Hisey et al. (2018), Haesler et al.
(2007), Heston and White (2015)). In this way, the within-day regulation of variabil-
ity may be mechanistically linked to learning-related processes. To this point, I note
finally that reinforcement learning depends crucially on the actual actions an animal
takes and is influenced by the variability in its behavior. The circadian regulation
of song variability may play a direct role in a juvenile learning algorithm, although
I do not know of theoretical work exploring this possibility in formal models (Doya

and Sejnowski (1996), Fiete et al. (2007), Fee and Goldberg (2011)).
5.2.83 The role of tutoring in song development

Influential early research determined that isolate birds develop species-typical song
characteristics that are absent in the adult songs of birds deafened as juveniles (Kon-
ishi (1965)). This result has widely been interpreted as evidence for an auditory error-
driven learning process in isolates that converges on a generic ‘innate template.” In

this model, tutoring may serve only to increase the specificity or add features to an
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internal template (Marler (1970)). This simple model predicts similar intrinsic be-
havioral patterns in tutored and isolate birds as they differ only in their template or
target, not in the learning algorithm they are implementing. By contrast, tutoring
may impact juveniles in many other ways. The first tutoring experience changes
the morphology and physiology of cells in juvenile HVC within 24 hours (Roberts
et al. (2010)). It also leads rapidly to increased acoustic feature diversity in juve-
nile singing (Tchernichovski et al. (2001)). These rapid effects on a song production
nucleus and on behavioral output suggest the possibility that tutoring impacts be-
havioral patterning directly, that is, independent of its effect on an evaluative reward
function that impacts song through reinforcement learning. These effects do not rule
out the possibility that tutoring affects behavior exclusively through its impact on
the evaluative function, provided reinforcement learning under updated evaluative
function rapidly alters behavior.

I sought to determine whether the plastic song of tutored and isolate birds differed
with respect to intrinsic patterns — that is patterns of behavior relative to itself that
do not depend on the specific acoustics of the template. In particular, I evaluated
whether isolate and tutored plastic song syllables have similar circadian dynamics
in their distribution entropy, and similar quantile-dependence of overnight predicted
age shifts. I found significant differences between tutored and isolate song with
respect to both of these patterns. These results raise the question whether tutoring
affects juvenile song production exclusively through its influence on the template
guiding learning, or whether the tutoring experience impacts vocal production in
independent, direct ways as well. Future work is required to explain these circadian
patterns in tutored animals and subsequently to explain the dependence of those
mechanisms on tutoring. I have already discussed the possible involvement of the
AFP in generating circadian variability patterns. In fact, song learning requires

NMDAR currents in LMAN during tutoring (Aamodt et al. (1996)). Tutoring affects
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the timecourse with which LMAN neurons develop mature physiology (Livingston
and Mooney (2001)) and leads to phosphorylation of CaMKii in Area X spiny neurons
(Singh et al. (2005)). Thus, several avenues exist for the influence of tutoring on

juvenile song variability via a direct influence on the AFP.
5.3 Testing a model for basal ganglia-based reinforcement learning

Perhaps the most important contribution of this thesis is the operationalization of
a number of concepts in a long-standing neurobiological theory of song learning. I
review this theory and explain its interaction with the methods developed in this

thesis below.
5.3.1 Review of an influential model

The AFP has been theorized to play critical roles in reinforcement learning-based
song copying for many years (Doya and Sejnowski (1996), Fiete et al. (2007), Fee
and Goldberg (2011)). An influential current model (Fee and Goldberg (2011))
is reviewed more completely in the introduction to my thesis, and briefly summa-
rized here. The model posits that vocal motor variability is introduced to a song
production pathway that otherwise produces stereotyped but immature song. In
particular, variable LMAN activity induces exploratory variability in the premotor
firing of RA, which is otherwise controlled by stereotyped inputs from HVC. At
the same time, these variable LMAN patterns are transmitted to Area X via axon
collaterals (Vates and Nottebohm (1995)). In adults responding to experimenter
feedback, when a variant produced this way is ‘better’ than expected, a phasic ac-
tivity burst in dopaminergic afferents to Area X (Gadagkar et al. (2016)), controlled
by auditory evaluative circuits (Keller and Hahnloser (2008), Kearney et al. (2019)),
communicates this success to Area X. Conversely, ‘worse’ than expected vocal motor

outcomes are communicated by phasic suppression of baseline tonic firing in the same
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dopaminergic projection (Gadagkar et al. (2016)). Plasticity in Area X, organized
by rendition-to-rendition information about LMAN-induced motor variation (Kear-
ney et al. (2019)) and its dopamine-reported quality (Hisey et al. (2018), Xiao et al.
(2018)), generates song-locked Area X activity patterns that causally induce those
LMAN premotor patterns that lead to good outcomes (Andalman et al. (2009), War-
ren et al. (2011)). Finally, because this mechanism induces the preferential adoption
of RA premotor activity patterns that generate ‘good’ variants, it induces activity-
dependent plasticity in RA that makes these activity patterns intrinsically preferred
(i.e., they eventually occur even without a biasing signal from LMAN). Except for the
observation that LMAN induces rendition-to-rendition song variability in juveniles
(Olveczky et al. (2005), Goldberg and Fee (2011)), and the observation that manip-
ulation of AFP nuclei interfere with learning outcomes (Bottjer et al. (1984), Scharff
and Nottebohm (1991)), almost no features of this attractive model have been ex-
plicitly tested during juvenile song learning. This lack of experimental support owes
largely to the abstract predictions of the model with respect to juvenile behavior:
generally the predictions involve concepts like ‘good’ and ‘bad’ song renditions, and
stochastic policies in ‘acoustic space,” concepts have been hard to operationalize in
practice. The work in my thesis operationalizes much of this model in a plausible
way. In this section, I will leverage the tools of my thesis to reframe this theory using

quantities we can now calculate from experimental data.
5.83.2  Dopaminergic reinforcement signals

The idea that dopaminergic afferents to striatal structures reinforce behaviors has
recently been experimentally supported in adult zebra finches as well(Hisey et al.
(2018), Xiao et al. (2018), Gadagkar et al. (2016)). In the case of juvenile bird song,
it is technically challenging but feasible to collect exhaustive recordings of juvenile

vocalizations and, on a representative subset of vocalizations, paired recordings of
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dopaminergic cells. The analysis procedures developed in this thesis could be applied
to such a dataset to test the hypothesis of vocal variant-driven reinforcement in the
following way. The first test is analogous to the first experiment type described
above. In particular, post hoc calculations of song rendition predicted age can serve
as a correlate of variant quality, and therefore as a correlate of the hypothesized
reinforcement value of the rendition as an acoustic stimulus. Thus the theory of
juvenile song reinforcement learning, combined with the tools developed here, make
a concrete, testable prediction: rendition predicted age should positively correlate
with subsequent phasic firing in dopaminergic afferents to Area X. My modeling
work also makes possible a more complete account of the relationship between song
learning and dopamine dynamics. Analogous to experiments that link dopamine
firing to changes in behavior, it is possible to use the forward models from chapter
3 to explicitly represent the changes in behavior during learning and relate those
changes to a neural signal like dopaminergic cell firing rate. In particular, we could
calculate explicitly a dynamic representation of the behavior from the forward models
as follows. Given the distributional model P(latent | age) developed in Chapter 3
and a small time increment §, we can approximate time-varying dynamics of the
behavior as function of time ¢: P(latent | ¢ + 0) — P(latent | ¢ — §). This difference
is positive at latent locations that are becoming more likely and negative at latent
locations that are becoming less likely. We can then ask if these local dynamics could
be explained by dopamine-based reinforcement by testing if renditions that precede
phasic dopamine release have a latent representation that is becoming more likely.
Although this design does not involve experimenter control of dopamine dynamics
it offers the ability to look in detail at whether dopamine dynamics could explain

changes in behavior.
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5.8.8  Premotor contributions of the Anterior Forebrain Pathway

The reinforcement learning theory outlined above predicts abstract premotor func-
tions of Anterior Forebrain Pathway nuclei that can be operationalized concretely
with the tools developed in this thesis. In particular, the theory predicts that song
is initially updated in response to auditory feedback through reinforcement-induced
changes to AFP activity, which influences premotor activity in downstream RA. In
this theory, activity at many successive nodes of the AFP carries this adaptive bias
signal: Dopamine-dependent plasticity in Area X initially alters song-locked medium
spiny neuron activity; these alterations ramify downstream as altered pallidal neu-
ron activity, DLM neuron activity, and LMAN neuron activity. The model does not
predict specific differences between the premotor function of these nodes.

If song changes that have been acquired recently through reinforcement learning
depend on a premotor signal in the AFP, song produced without the influence of bi-
ased AFP activity will lack those recently acquired changes. Since those changes pre-
sumably acted to maximize reinforcement based on song quality, the song produced
without them should be ‘worse’ than it would otherwise be. Thus the reinforce-
ment learning theory predicts the effect of transiently silencing nodes in this network
in terms of recently acquired behavioral changes and improvements and regressions
of song quality. The tools developed in this thesis allow us express these abstract
predictions using quantities we can calculate from behavioral data. In particular,
the prediction that song produced without AFP contribution should be ‘worse’ can
be operationalized concretely as a prediction that predicted age networks trained
on unmanipulated song renditions will assign lower predicted age values to rendi-
tions produced during AFP suppression than to held out unmanipulated renditions.
Moreover, the prediction that recently acquired changes will fail to express during

AFP suppression can be framed as a prediction that a manipulated rendition with
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acoustics L at time t will have higher probability under P(L | ¢t — §) for some short
lag 0 than under P(L | t), given a trained forward Gaussian model P(latent | age)

More generally, the forward models can be adapted to take AFP manipulation
state as an input, allowing them to model the difference between manipulated and
unmanipulated song very freely. Ongoing work to developing these ideas is presented
in Appendix B.

Beyond this role in adaptively modifying song, a more securely established premo-
tor function of the Anterior Forebrain Pathway is its role increasing the rendition-to-
rendition variability of song. With respect to this function, manipulations at different
nodes of the pathway may yield different results. Some reports indicate that normal
juvenile song variability requires activity in LMAN (Olveczky et al. (2005) and DLM
(Goldberg and Fee (2011)), but not Area X (Goldberg and Fee (2011)). On the
other hand, recent results indicate that Area X may generate the residual variability
found in adult song that varies with social context (Singh Alvarado et al. (2021)). As
such, the developmental timeline of Area X’s role in generating variability remains
unclear. The forward modeling tools in chapter 3 provide a foundation to character-
ize behavioral variability in detail. They model the overall amount of variability and
its orientation along different directions in latent space. Thus an experimental de-
sign like the one proposed above can be combined with forward modeling to address
the possibly age-dependent role of Area X in variability generation. As mentioned
above, we can adapt the forward models to include a manipulation input. This input
enables to the models to generate different distributions in latent space for different
experimental conditions (with and without Area X participation, for example) for the
same age. By examining the covariance matrix of models fit with and without AFP
participation, future work can explore in greater detail the contribution of different

AFP nodes to the shape of song variation.
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5.8.4  Consolidation outside the Anterior Forebrain Pathway

The reinforcement learning model outlined above predicts that reinforcement adap-
tively organizes activity in Area X, leading to that structure’s production of activity
that biases behavior towards ‘good’ song variants. However, adult song that fully in-
corporates the adaptations learned in development can be produced without Anterior
Forebrain Pathway participation (Bottjer et al. (1984)). This observation indicates
that if adaptive biases are learned and implemented in Area X initially, they must
consolidate elsewhere in the song system. Theoretical work describes how repetition
of adaptive RA firing under LMAN ‘guidance’ could induce plasticity in RA mak-
ing those patterns intrinsically preferred and LMAN-independent (Tesileanu et al.
(2017)). As with other questions in this section, this model has little experimental
support in juveniles. Even if it is broadly correct, the timecourse of consolidation is
not yet determined. Olveczky et al. (2005) analyzed songs produced during LMAN
inactivation with traditional acoustic features and reported that these did not fall
outside the normal acoustic range of unmanipulated song, indicating that LMAN-
independent song cannot lag normal song drastically. In adult birds undergoing pitch
learning, song produced without AFP participation changed pitch at a lag behind
unmanipulated song on the order of one (Andalman et al. (2009)) or many (Warren
et al. (2011)) days. The experimental design indicated above, combined with the
tools developed in this thesis, can permit a more thorough characterization of the
‘progress’ of AFP-independent song. In particular, the forward models with an in-
put for treatment will permit representing the evolution of AFP-independent song.
Application of the tools developed in this thesis to AFP-independent song can reveal
whether the already observed circadian dynamics require an AFP contribution or if

they present in the consolidated (AFP-independent) singing behavior.
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5.4 Limitations and extensions

5.4.1 Autoencoder assumptions and alternative assumptions

The analyses developed in this thesis leverage the acoustic representation of song
by a variational autoencoder (developed by Goffinet et al. (2021)). This method is
motivated as providing an unbiased low-dimensional representation of song acoustics.
However, the architecture and training regime for this tool rely on assumptions
without direct biological motivation. Concerns about these limitations are mitigated
by the experiments in Chapter 2 demonstrating that the tool captures copied acoustic
features. Nonetheless, here I discuss potentially significant assumptions and future

directions that would relax these assumptions or at least assess their impact further.
Reconstruction loss function

The variational autoencoder loss function includes two terms. One stems from the
prior distribution over the latent space. The other term is a reconstruction loss
that reflects the ‘distance’ between the decoder output and the input spectrogram.
Ideally, the distance metric might reflect a relevant aspect of zebra finch biology, like
the perceptual distance between the input and output sounds. Despite extensive work
to characterize zebra finch auditory responses (reviewed, e.g., in Woolley (2012)), we
cannot yet calculate such a metric. Absent such a metric, we use a generic distance
metric. I trained the autoencoder in these analyses to minimize the squared error,
summed across pixels, of the spectrogram reconstruction. This squared error loss is
widespread in a variety of applications, but other general loss functions are possible.
For example, minimizing the absolute error, summed across pixels, would encourage
maps that had many pixel errors equal to zero even if occasionally large errors at a
pixel were made. By contrast, our error term prefers eliminating all large errors, at

the cost of making small value but non-zero errors throughout. It is not clear that
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such a training regimen would substantially alter important latent space patterns.
However, future work could test whether any of the analysis results presented in this

thesis depend on a choice among reasonable alternative reconstruction loss functions.
Encoding of time and dynamics

Perhaps the most important assumptions underlying the analyses in this thesis stem
from decisions about how to represent the temporal patterns in song. Song pro-
duction is organized at multiple timescales from multisecond bouts to subsyllabic
elements lasting only tens of milliseconds. With the exception of shotgun VAE com-
parisons between pupils and tutors in Chapter 2, the analyses presented in this thesis
rely on characterizing song as a sequence of discrete syllables. Several lines of ev-
idence motivate this organizational framework. Adults expire to produce syllables
and inspire briefly in the gaps between syllables (Franz and Goller (2002)). The
emergence of an overrepresented syllable duration is a developmental milestone in
early juvenile singing (Aronov et al. (2008)). During early juvenile singing, HVC neu-
rons exhibit an increased probability of burst firing at syllable onsets (Okubo et al.
(2015)). However, these motivating observations are consistent with the possibility
that juvenile syllable boundaries are a graded rather than a binary phenomenon. Al-
though some juvenile syllable boundaries are marked by inspiration like adult syllable
boundaries, juveniles also produce sequences of syllables separated by sound ampli-
tude ‘gaps’ — sometimes partially voiced — during long expiratory pulses (Veit et al.
(2011)). Technically, these ‘fuzzy’ boundaries limit the consistency of segmentation
decisions using simple tools like amplitude thresholding (Mackevicius et al. (2019);
conceptually they raise the possibility that the underlying neural motor representa-
tion at these boundaries is intermediate to the representation of boundaries between
intrasyllabic sounds and minibreath boundaries between adult syllables. Thus my

decision to base my analysis on syllables limits its applicability to later stages of song
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learning for technical and also possibly conceptual reasons.

Beyond the decision to represent song as a sequence of syllables, the spectrogram
representation of syllables and corresponding convolutional network architecture of
the autoencoder correspond to further decisions about how to treat temporal struc-
ture. In particular, all the convolutional filters are square and there is no a prior:
difference between spectrally extended patterns and temporally extended patterns.
However in reality the frequency and time axes of a syllable spectrogram have com-
pletely different meanings corresponding respectively to the vocal motor action and
temporal context components of a behavioral policy. These representational deci-
sions may not impair the information encoding by the latent embeddings. However,
these choices may make it harder to decompose spectral and temporal structure in
the latent space. Given that control over timing and spectral features may depend
on different neural structures, this decomposition may be desirable in some applica-
tions. In particular, the blended representation of these features in the latent space
I have used here may add challenges in future work relating song data and neural
data.

In light of these considerations, in the next section I sketch some methods to

extend this work to incorporate the complexity of song’s temporal organization.
5.4.2  Time-based extensions

In Chapter 2, I used an approach called the “shotgun VAE” to represent pupil and
tutor sounds without using syllable segmentation boundaries. In this approach, we
use VAE compression of short song segments with arbitrary onsets. With sufficiently
short segments, this approach corresponds to a compression of spectral structure
from moment to moment. In this framework, song is represented as a continuous,
temporally extended trajectory through a low-dimensional acoustic space. The VAE

itself is used only to compress spectral patterns, while temporal patterns can be
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represented separately by some expression of song’s dynamics in latent space. This
approach also provides flexibility in representing syllable segments. In particular,
it does not require the identification of syllable boundaries as a preprocessing step.
Instead syllable structure is a property of the dynamics, as trajectories from relatively
low-amplitude regions of acoustic space, through vocalized, high-amplitude regions,
and back to low-amplitude regions. The increased flexibility of the shotgun approach
has a cost, however. Dynamical models must be incorporated to analyze temporal
structure, whereas intrasyllabic temporal structure was previous captured ‘for free’
by syllable-based VAEs. Thus the use of shotgun VAE approaches is perhaps best
motivated for use in analyzing very early song where the cost of identifying syllable
boundaries during preprocessing is highest. Otherwise, the shotgun VAE may be
useful when separating spectral and temporal structure is especially important in its
own right, for example when trying to relate song to neural time-series data.

Last in this discussion of dynamics, I will highlight a developing idea in machine
learning with applicability to dynamic song representations. A recent category of
approaches involves training variational autoencoders on paired sequential samples
of high-dimensional time series data. As with the approach in my thesis, the autoen-
coder trains to optimize a map from the high-dimensional data to a low-dimensional
latent space. Simultaneously, the objective function optimizes a latent space dy-
namics f(z;) = z41. The value of this approach is that the loss can incorporate
priors on the dynamics that make the system easier to analyze. This training proce-
dure will produce a latent space that facilitates that representation of the dynamics.
That is, this approach enables the experimenter to choose among low-dimensional
embeddings of raw data those that yield simple dynamics (e.g., Champion et al.
(2019)).
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5.4.83 Modeling non-Gaussian song distributions in latent space

In Chapter 3, I sought to describe age-dependent changes in latent space song dis-
tributions. In particular, I found functions of age that returned the parameters of
multivariate Gaussian distributions. This approach is motivated as a trade-off be-
tween flexibility and simplicity. It makes some important assumptions; future work
can extend the methods I used in order to relax these assumptions.

Perhaps the most limiting feature of Gaussian models is that they are unimodal.
The distribution of song sounds at any age is typically multimodal. Thus, song data
must first be clustered into its prominent modes (syllable types) in order to apply
the modeling approach I developed. During the last several weeks of typical song
development, syllable clustering is usually straightforward. At earlier ages, syllable
clustering is more challenging. First, multiple syllables in an adult song may arise
through differentiation in situ from a single prior syllable type (Liu et al. (2004),
Tchernichovski et al. (2001)). In this case, syllable clustering may be possible both
before and after differentiation, but challenging in the days during which differentia-
tion occurs. At early ages, clustering may be difficult and somewhat arbitrary. Even
at older ages, manipulations can lead to syllable clustering challenges. In this thesis,
I clustered isolate song where possible, but left some isolate sounds unlabeled and
unanalyzed because their categorization seemed arbitrary.

Even if clustered syllable data is approximately unimodal, it may also exhibit
non-Gaussian characteristics. Most notably, it may be skewed or heavy tailed. In
fact, some research suggests that adult syllables’ heavy-tailed pitch distributions
influence aspects of pitch learning (Zhou et al. (2018)). Multiple possibilities exist
to relax the assumptions of the Gaussian models. I briefly summarize some of these
avenues and their pros and cons relative to the techniques developed here.

A straightforward and general extension of the forward models presented in this
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thesis would be to model age-dependent sound distributions as mixtures of Gaus-
sians. Any smooth probability density can be approximated with arbitrary precision
by a mixture of a sufficient number of Gaussian distributions, so this approach is
very general in principle. This architecture requires the a prior: specification of
the number of Gaussian components, although a large number of components and a
sparsity prior on the mixture weights could be used in combination to methodically
explore tradeoffs between model simplicity and model accuracy.

Some sound distributions, like those corresponding to the ridge-like distributions
of shotgun VAE embeddings, are sufficiently non-Gaussian that they may be more
readily represented with a completely different technique. In fact, I worked with
Jack Goffinet to use model latent space distributions using ‘normalizing flows,” an
extremely flexible approach to modeling arbitrary probability distributions (De Cao
et al. (2020)). This technique identifies a one-to-one map (flow) from latent space
onto latent space that can be used to warp a Gaussian distribution into an arbitrary
shape that maximizes the probability of observed points. In initial efforts, this
approach was able to identify slowly changing dependencies of acoustic distributions
on age, but failed to identify rapid (within-day) changes in acoustic distributions. As
a result, this method did not initially capture the circadian effects I observed with
simpler models. However, including a periodic circadian parameter to the flow model
could provide a helpful inductive bias to facilitate discovery of circadian patterns.

Finally, individual syllables could be modeled using more flexible parametric mod-
els than Gaussian distributions. For example, similar neural network procedures
can be used to identify parameters of multivariate skew normal distributions, which
include a vector of skew parameters controlling asymmetry in different directions
(Azzalini and Valle (1996)). These distributions have more recently been general-
ized as multivariate skew t-distributions which include a single additional parameter
controlling the relative weight of the distribution tails (Azzalini (2005)). Although
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less flexible than Gaussian mixtures and normalizing flows, these distributions have
more readily interpreted parameters. They are only suited to unimodal distributions
however, so they require syllable classification like the Gaussian models I used in

Chapter 3.

5.5 Conclusion

In this thesis, I validated the use of variational autoencoders to produce feature
spaces that capture song copying. Then, I developed methods to use VAE latent
space representations to quantitatively model juvenile song development. In partic-
ular, I developed methods to model time-varying syllable acoustic distributions, and
to quantify the maturity of individual syllable renditions. These techniques demon-
strate that behavior exhibits circadian patterns with respect to rendition-to-rendition
variation and quantile-dependent maturation. The specific patterns exhibited by nor-
mally developing juveniles are altered in isolate juveniles, suggesting that tutoring
not only affects the acoustic parameters of the target behavior, but also changes the
intrinsic organization of practice behavior. I am extremely excited to see these tools
used to answer long-standing neurobiological questions about the control of practice
song, especially by the Anterior Forebrain Pathway. This work is ongoing. More-
over, the tools that I developed are readily extended so that they can be applied to
other phases of song learning that violate assumptions about segmentation reliability
and syllable clustering. More broadly, I believe the development of tools like those
presented here will improve the tractability of studying natural behavior in the lab.
In many cases, brain structures are likely optimized for very specific behaviors in
an animal’s natural repertoire, and understanding brain organization will require an
understanding of these natural behaviors. I anticipate that improved ability to quan-
tify natural behaviors, through methods like those developed here, will be essential
to upcoming developments in neurobiology.
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Appendix A

VAE Mechanics

Doersch (2016) provided a lot of insight in formulating the argument here, although
the variational autoencoder technique is developed elsewhere (Kingma and Welling
(2013), Rezende et al. (2014)). The vocalization-specific autoencoder presented here
is from Goffinet et al. (2021).

A.1 The decoder formalizes generative constraints

Spectrogram representations of vocal sounds are comprehensive and have an intuitive
visual representation. Nonetheless, they are typically high-dimensional. For exam-
ple, the spectrograms used to represent individual syllables in the analyses in this
thesis contain values at every pair of one in 128 time bins and one in 128 frequency
bins, for a total of 16,384 observed values in the unit interval per vocalization. In
what follows, I will refer to the pixel values of a spectrogram as a 16384-length vector
x. This high dimensionality significantly reduces statistical power when analyzing
vocalizations, makes visualizing relationships between large numbers of vocalizations

challenging, and even makes it difficult to store large numbers of vocalization obser-
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vations in PC computer memory. The fundamental insight of feature-based analyses
like SAP is that the constraints of the finch brain and vocal apparatus enable a much
smaller number of appropriately chosen features to represent the variation in a group
of finch vocalizations. These constraints manifest as complex statistical dependen-
cies between pixel values in the spectrogram image. More formally, singing generates
observations of the random variable X distributed non-uniformly according to Px.
As a result, although there are 16,384 values in the spectrograms I am describing,
realistic spectrograms do not correspond to separate 16,384 choices. The degree of
freedom of choice in specifying spectrograms is in fact much smaller.

The idea that a relatively small number of freely made choices underlie each
high-dimensional spectrogram is formalized by the generative “decoder” of varia-
tional autoencoders. In particular, the small number of free choices required to
parameterize a spectrogram is formalized as a random draw z of the low-dimensional
latent random variable Z, distributed according to latent prior distribution Pz. (In
the models in this thesis, z € R32.) At this abstract level, the particular shape of Py
does not matter much. Assuming we have a lot of flexibility in mapping a numeric
latent choice z to a spectrogram x, we could formalize our choice as a draw from
a variety of prior distributions. Because it will make calculations detailed below
tractable, a multivariate standard normal distribution is typically used, and is used
in the analyses in this thesis. In other words, in what follows Pz ~ N(0, 1), where
I is the identity matrix.

It is easy to imagine that every song rendition corresponds to a low-dimensional
free choice z that is deterministically mapped to a spectrogram x by the function
f:R3? — R Tn practice, to facilitate learning algorithms I will soon describe,
we replace f with a probabilistic map that depends on f, namely: Pr(x | z) ~
N (f(z),0%=1I). Our model defines an approximation of Px albeit in abstract terms:
Px(x) ~ P;(x) = (Pi(x | z)Pz(z)dz. If P; is a good approximation of Px, real
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spectrogram datasets generated by Px will have high probability under P.
A.2 The decoder motivates a computational and inferential problem

In principle, we can assess the quality of any generative decoder model by looking
at the model’s likelihood using the equation above. We could imagine searching a
parameter space of f for high-quality models and stopping when we find one. A
computational problem and an inference problem quickly surface. Assessing model
likelihood involves evaluating § Py(x | z)Pz(z)dz. Although this integral is deter-
mined following selection of a function f and latent prior Pz, we lack a method to
calculate its numerical value. The integral is a weighted average, the expectation of
Pi(x | z) under Py : E, p,[Ps(x | z)]. It is conceptually easy to imagine approxi-
mating this integral by drawing samples z; to z, from Pz and calculating for every
x in our dataset: Py(x) ~ 1/n>." | Ps(x | z;). However, under this naive sampling
scheme, most of the time f(z;) will be sufficiently far from our sample x (relative to
o) as to provide almost no information about the quality of our model. As a result,
we would need to sample a prohibitively large number of zs to accurately estimate
the likelihood of our model.

In addition to this computational problem, an inference problem is especially
relevant to our interest in analyzing vocalizations. We modeled the generation of
sounds as a random sample from a latent distribution, and an operation to transform
that sample into a spectrogram. But we are not primarily interested in generating
spectrograms. We are interested in the set of choices underlying each spectrogram
that we observe in our dataset, formalized as the z that gave rise to each observed
spectrogram. In other words, if we have an effective generative model Py, that model
implicitly defines for an observed spectrogram x the latent posterior distribution
Pz(z | x). But it is not yet clear how to calculate anything about this distribution

of interest.
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A.3 The encoder

These computational and inferential problems are directly related to one another.
The uninformative sampling challenge to estimating { Py(x | z)Pz(z)dz does not
arise in estimating the related quantity § Py(x | z)Pz(z | x) dz, provided we we could
infer our distribution of interest Pz(z | x). Samples from Pz(z | x) are distributed
precisely according to their probability of generating the observation x; they are
unlikely to be wholly uninformative samples corresponding to regions of R!63%4 far
from x. Thus, we can more efficiently estimate E[Pf(x | z)] over z distributed
according to its posterior than over z distributed according to its prior (provided
we can calculate the posterior in the first place). However, these expectations are
not the same quantity — how are they related? To answer this question, we can
consider a more general relationship between the expectation E[Py(x | z)] when z
is distributed according to its prior (in which case the expectation equals P¢(x)), and
the expectation of the same quantity when z is distributed according to an arbitrary

distribution @ over R32. In that case,

log Py(x) — Drr|Q|Pz(z | X)] = Byl Pr(x | 2)] — Drir]Q|| Pz]

where Dy [A||B] is the Kullback-Leibler divergence between distributions A and

Since this relationship is true for any distribution @, it is true for Q(z | x) ~

N(0(x), p(x)). In that case, we can write:

log Py(x) = Dir|Q(z | x)[|Pz(2 | X)| = Esvqap[log Pr(x | 2)] = Drr[Q(z | x)|| Pz]

The first term on the left hand side is the log likelihood of our decoder model, as

previously discussed. In addition, if Q(z | x) is distributed similarly to the posterior
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latent distribution of interest Pz(z | x), the second term on the left hand side of
this equation will be small. Thus the combination of a good generative model and
good approximation Q(z | x) to the posterior latent distribution of interest jointly
maximize the left hand side. Even though we do not have a method to estimate
either of the terms on the left hand side, the right hand side consists of a term
we can estimate efficiently and a term we can calculate directly. In particular, we
have discussed that the expectation on the right hand side can be approximated
with only limited sampling. In addition, since we chose to formalize our uncertainty
as a latent draw from a standard normal distribution Pz, and since we have also
restricted ourselves to Q(z | x) from the multivariate normals, the divergence term
on the right hand side has an explicit formula.

Given a dataset D of spectrogram observations x; . . . X, we want to find Q(z | x)

and Py(x | z) that minimize:

n

~ Y [Eoiqaollog Pr(xi | z:)] — Dir[Q(z | x;)||Pz]]

i=1

We can calculate the gradient for the component terms for each sample and use

gradient descent to arrive at a solution.
A.4 Implementation in neural networks

We have spoken only abstractly about gradient descent to optimize functions. In
practice, we will limit our search for functions to a class of flexible functions with
parameters that can be easily updated with respect to an objective function gradient.
In particular, both Q(z | x) and P¢(x | z) will be instantiated as neural networks
that take x or z as inputs, respectively, and return distributions in R32 or R84,

respectively. In this thesis, () is based on a convolutional neural network over spec-

trograms, which takes advantage of the relationships between neighboring regions of
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the spectrogram to efficiently infer patterns. The family of posterior latent distribu-
tions is multivariate gaussians with diagonal plus rank 1 covariance structure. The
output layer of this encoder network is 3 vectors in R32: one expresses the mean
location of the latent posterior, m; the second, u, and third, d, parameterize the
covariance matrix: ¥ = uu? + diag(e?). In this way the encoder network output is
interpreted as the distribution Q(z | x) ~ N(m, X). The decoder function takes a
32-length vector z, which can be drawn from the distribution just mentioned, and
expands it using transpose convolutional layers to x € R'3%  We interpret this
output as the distribution Py(x | z) ~ N(x,0.1xI).

A final point remains in connection to this implementation. As it is currently
formulated, a “forward pass” through the encoder and decoder involves sampling
from the posterior latent distribution, which is defined in terms of encoder parameters
we want to optimize. Backpropating gradients to the encoder requires that the
autoencoder is composed of deterministic functions of its input. This structural issue
is resolved using the “reparameterization trick.” We introduce another autoencoder
input, s, generated randomly from the standard normal in R32 on every autoencoder
forward pass. Given this random sample s, and the Cholesky decomposition of
3 = uu” + diag(e?) into lower triangular matrix L and L, the entire forward pass
of the autocoder consists of backpropagation-friendly operations, with decoder input

given deterministically by Ls + m. The complete architecture is given in Fig. 2.6.
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Appendix B

AFP experiments

B.1 Introduction

A primary aim of the analysis work developed in this thesis was to render the pre-
dictions of a basal ganglia-mediated reinforcement learning theory of song copying
concrete and testable. This theory is reviewed in detail elsewhere (Section 1.2; Fee
and Goldberg (2011)). It predicts that auditory evaluations of rendition-to-rendition
acoustic variability guide plasticity in Area X; this plasticity in turn shapes the AFP
policy to prefer temporal context-sensitive perturbations associated with positive
evaluations. This model predicts that recently acquired adaptive changes to song
acoustics result from the adapted AFP policy. Consequently, manipulations that
transiently remove AFP perturbations will block the expression of recently learned
song changes. This prediction has been confirmed in adult birds learning to adapt
their song pitch in response to pitch-contingent experimental punishment: recently
acquired pitch shifts are eliminated when the influence of LMAN on RA is blocked
pharmacologically (Andalman et al. (2009), Warren et al. (2011)).

In conjunction with developing these analyses, I conducted multiple experiments
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aimed to test the juvenile premotor function of the AFP. These experiments do not
support the reinforcement learning theory outlined above, but I do not regard these
results as conclusive owing to experimental limitations I will describe. Finally, I

present avenues to address or circumvent these limitations in future work.

B.2 Results

B.2.1 Area X optogenetics

As explained above, bias in AFP policy has been explored in adults through manipu-
lations of LMAN (Andalman et al. (2009), Warren et al. (2011)). The more complex
behavior of juveniles motivated the use of optogenetics instead of pharmacology be-
cause optogenetic tools could permit better coverage of developmental age through
interleaved sampling of manipulated and unmanipulated song. However, I could not
reliably express optogenetic tools in LMAN using AAV vectors. (The resistance of
LMAN to infection with AAVs and Lentivirus was confirmed by Carlos Lois in per-
sonal communication.) Because AFP bias is thought to depend on Area X activity
under the control of HVCx activity, I sought to manipulate Area X activity instead.
Recently, my lab used ArchT to inactivate Area X neurons in adult birds. This
manipulation reduced rendition-by-rendition acoustic variability (Singh Alvarado
et al. (2021)). I sought to express ArchT in Area X neurons generally (using AAV2.9-
CAG-ArchT.GFP injection, n=3) or spiny neurons specifically (using AAV2.9-CaMKii-
ArchT.GFP injection, n=2). In either case, 3 weeks after injection I recorded mul-
tiunit spiking responses while delivering ArchT-activating light (532nm wavelength)
to Area X. In most recordings, I observed firing rate increases during laser presen-
tation, consistent with light-induced changes in circuit dynamics. In a minority of
cases, | observed acute inactivation consistent with direct recording from an ArchT-
expressing neuron. Despite interpretative challenges associated with light-evoked
firing rate increases in ArchT-expressing tissue, birds with bilateral light-evoked re-
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sponses of either type were implanted with optic fiber stubs in Area X (n=5).

Following this implantation surgery between 50 and 55dph, I recorded birds’ vo-
calizations continuously. After post-operative song rates returned to normal levels,
I recorded vocal audio from several days of unmanipulated singing. Using this base-
line data, I created a highly permissive song detection template (using software from
Tumer and Brainard (2007)) to trigger frequently during juvenile song. A random
minority (15%) of files were preselected as ‘laser trials.” When writing these files,
song detections elicited 2 seconds of continuous laser (15 mW power at input to
implant, following Singh Alvarado et al. (2021)) delivery to Area X, followed by a
forced 3 seconds of laser inactivity regardless of song detection events. When writing
the remaining majority (85%) of files, laser remained off regardless of song detection
events. This regime was followed every 2 or 3 days, with intervening days consisting
entirely of laser-free singing, until late plastic song (~80dph). I continued to collect
song data until adulthood (>95dph)

Following behavioral data collection, I trained syllable VAEs and classified sylla-
ble types without reference to manipulation status, using methods described earlier.
Subsequently, syllable renditions were assigned to one of three manipulation cate-
gories. Assuming a 30ms lag between activity in Area X and downstream effects on
song acoustics (Kao et al. (2005)), I determined whether an Area X premotor window
was unmanipulated for the duration of syllable production (“Laser Off” rendition),
whether laser light was applied for the duration of that premotor window (“Laser
On” rendition), or whether the laser onset or offset occurred during the premotor
window for a syllable (“Partial” rendition). Partial renditions were discarded from
subsequent analysis. 80% of Laser Off renditions were used for predicted age model
training.

I used trained predicted age networks to calculate predicted ages for held-out
Laser Off renditions, as well as all Laser On renditions. The quantify the impact of
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No consistent effect of laser on predicted age
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FiGURE B.1: No consistent effect of laser on predicted age A Laser “offset” term
from linear models depicted for every syllable in the dataset (n=5 birds). Fits are
distributed about equally in positive and negative directions.

the manipulation on predicted age, I modeled the predicted age of these renditions
for each syllable in the dataset (18 syllables from 5 animals). In particular, I found
the least square error linear model of predicted age, z, in terms of real production

age, x, and laser status, y:

0 if Laser Off,

= + + 9 h =
z = fo + frx + Pay, where y {1 if Laser On

In this model, [, represents contribution of manipulation status to measured

syllable maturity. Negative (5 values are consistent with the hypothesis that inac-
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tivating Area X reduces syllable maturity by eliminating the learned modulation of
AFP perturbation by timing context. Figure B.1 depicts the f5 value calculated for
each syllable in the dataset, with marker color indicating bird identity. The observed

(o values do not indicate any tendency to exhibit positive or negative sign.

B.3 Discussion

B.3.1 Interpreting the null result

I did not find a consistent effect of my Area X manipulation on predicted age in
the analysis described. Two primary alternatives are possible. First, the results are
consistent with the possibility that the reinforcement learning theory of the AFP is
incorrect. Second, the theory could be true, with the experiment failing for technical
reasons. Unfortunately it is difficult to assess the first possibility directly; we can
only methodically assess the the plausibility of the second possibility. If the AFP
hypothesis is true, there are two general, non-exclusive types of experimental failure
that could prevent detecting an effect. First, despite my best efforts to develop
relevant analytic tools in my thesis work, the analysis framework I used could be
insensitive to a real behavioral effect. Second, the null result could owe to failures of
the biological manipulation approach. I will discuss these possibilities in turn.
There are a handful of modeling components to consider. If the VAE dimensional-
ity reduction fails to encode acoustic features under the control of AFP perturbation
and learning, that failure would preclude all downstream analysis from detecting an
effect of Area X inactivation. Notwithstanding limitations of the VAE noted in Sec-
tion 5.4.1, I consider this possibility implausible. First, in Chapter 2 I demonstrate
the utility of the autoencoder method to encode copied acoustic features in a cohort
of pupil/tutor pairs. In virtue of being learned, these features must be controllable
by the AFP in the reinforcement learning framework under consideration. In down-

stream analysis, relevant variation in latent space should be encoded by predicted
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age to the extent that changes in song over time are learned by AFP-dependent
reinforcement. Although this consideration indicates that predicted age will en-
code relevant acoustic variation, irrelevant acoustic variation may also contribute to
predicted age, decreasing the power of our analyses. This point is discussed in Sec-
tion 4.3. As noted there, however, the ability to detect reduced within-day increases
in predicted age on days with Area X D1R antagonist microdialysis motivates the
conclusion that predicted age is reasonably sensitive to song changes that require
AFP mechanisms. Finally, the quantification of the manipulation effect as (55 is only
meaningful to the extent the linear model of predicted age is reasonable. While the
linear model does not capture all the dynamics of predicted age — including circa-
dian dynamics described in 4.2.3 — it has the virtue of being relatively simple. It
seems like a straightforward way to operationalize the simple theoretical prediction
that predicted age will be numerically reduced by Area X inactivation.

In addition to analysis considerations, failures of the biological manipulation
could lead to null results even if the AFP-based learning hypothesis is true. In
general AAV vector-driven expression of transgenic tools is less reliable and less rou-
tine in finches than in mouse, with less established protocols. The injection and
implant strategy I used was developed in Singh Alvarado et al. (2021), and executed
in consultation with that study’s lead author, Jonna Singh Alvarado. However, that
study focused on adult animals, whereas I injected birds at ~20dph. This difference
may be significant because Area X adds neurons throughout juvenile development
(Nordeen and Nordeen (1988)). Thus only a fraction of the Area X neurons relevant
to behavior at the manipulation ages (>60dph) are available to infect at the injection
age, even if the virus infects available cells at high rates. The added neurons seem
principally to be spiny neurons (Sohrabji et al. (1993), Rochefort et al. (2007)), so
this explanation requires an experimental dependence on high spiny neuron infection

rates. That requirement certainly obtains in the case of CaMKii-driven expression
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(n=2 animals), since in Area X that promoter drives spiny neuron-specific expression
(Hein et al. (2007), Singh Alvarado et al. (2021)) and that cell type must mediate
putative optogenetic manipulations. It is less clear how the migration of new neurons
into Area X would affect experiments using pan-neuronal expression vectors (CAG
promoter, n=3 animals) because the full complement of Area X output neurons is
present at the injection age and successful inactivation of these plausibly “overrides”
challenges of expression in their Area X afferents; variation in upstream circuit ac-
tivity cannot impact behavior when Area X efferents are silenced.

To assay the physiological impact of ArchT expression in my preparation, I
recorded extracellular spiking in Area X in each hemisphere before chronically im-
planting fiber stubs. The results of this assay were complex. I recorded laser-evoked
activity patterns in all hemispheres, but in only a minority of cases did I observe
rapid inhibition. More often, I observed an increased rate of action potentials. This
pattern could be accomplished through ArchT-mediated disinhibition of recorded
cells — in fact the vast majority of Area X neurons are locally projecting inhibitory
cells. Nonetheless I observed this result in every bird injected with CAG-driven Arch
plasmid, conflicting with the baseline prediction that this manipulation would reduce
firing pan-neuronally. Certainly this result speaks to complex laser-induced dynam-
ics that complicate interpretation of the manipulation. Moreover, my results are
qualitatively consistent with the electrophysiological verifications in Singh Alvarado
et al. (2021), where laser induced inhibition in some recordings and activation and
others; however, laser drove direct inhibition more often in that work, with activation
occurring more rarely (personal communication with Jonna Singh Alvarado).

Ideally, the biological manipulation would be verified in singing birds using a
measure independent from the hypothesized effect on predicted age. In principle,
this verification could involve simultaneous electrophysiology from Area X, but in

practice this added recording channel increases the technical challenges of the ex-
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periment considerably. A plausible alternative approach involves measuring song
variability during laser presentation. Certainly some AFP manipulations — LMAN
inactivations for example — are expected to reduce song variability, providing an
independent behavioral measure against which to assess manipulation success. Un-
fortunately, the effect of Area X inhibition on juvenile song variability is uncertain.
Recent experiments in adults indicate that variable Area X activity plays a role in
generating rendition-to-rendition acoustic variability in song (Singh Alvarado et al.
(2021)). However, Area X lesions in juveniles suggest that the nucleus is not required
for plastic song variability or the generation of high-variability subsong (Goldberg
and Fee (2011)). Nonetheless, to permit assessments of optogenetic manipulation on
syllable acoustic distributions, I have extended the Gaussian distribution networks
developed in Chapter 3. In particular, I developed networks that take an additional
input reflecting manipulation status (Laser On vs Laser Off). These networks find
the most likely Gaussian distribution parameters for syllable distributions as a func-
tion of age and conditioned on laser status. Reduced song variability with Area X
inactivation should manifest as reduced entropy for distributions generated with the
manipulation input set to Laser On, and greater entropy for distributions generated
with the manipulation input set to Laser Off. Testing this prediction is a key next
analysis step with the potential to aid interpretation of these data. Reduced vari-
ability would be a strong indicator of the success of the manipulation; no effect on
variability is hard to interpret in light of conflicting reports of the role of Area X in

generating variability.
B.3.2  Alternative approaches for future work

The challenges laid out above prevent me from ruling out failures of the biological
manipulation. In future work, several alternative approaches to block the hypothe-

sized AFP policy remain viable. Recently a tool for improved optogenetic inhibition
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of axon terminals was developed by Copits et al. (2021). This raises the prospect
of preventing the expression of the AFP perturbation policy by removing the influ-
ence of temporal context, communicated by HVCx axons, on AFP activity. This
approach is attractive because HVC has proved more amenable to AAV-driven ex-
pression than many other song system nuclei. Like Area X, HVC adds neurons during
development (Nordeen and Nordeen (1988)) but these may be principally HVCga
projection neurons and GABAergic interneurons (Scott and Lois (2007)), indicating
the HVCx projection neuron class is available for infection early. Alternatively, neu-
ron excitation with channelrhodopsin has been used more widely in the finch than
optogenetic inhibition (Hisey et al. (2018), Kearney et al. (2019), Zhao et al. (2019))
and may work more reliably. Because Area X pallidal spikes completely eliminate
spiking in their target DLM neurons for several milliseconds (Goldberg et al. (2012)),
it is conceivable to imagine eliminating DLM firing with tetanic optogenetic termi-
nal stimulation of pallidal terminals in DLM. Finally, LMAN inhibition remains the
most interpretable experimental manipulation. The challenge in its infection may
arise from its dense myelination (Carlos Lois and Mingshan Xue, personal com-
munication). However, this pattern of myelination arises at around 20dph and is
significantly reduced at even 15dph (Champoux et al. (2021)), so early injections

might enable greater infection.
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