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ABSTRACT OF THE DISSERTATION

Representational plasticity during task performance and learning

in the avian auditory cortex
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The brain’s representation of the auditory world is not static, but changes based

on an animal’s history and current goals. We explored experience-dependent changes

in both behavioral and neural representations of behaviorally relevant auditory stimuli

in the caudal mesopallium, a secondary auditory forebrain region, in European
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starlings. To accomplish this, we first designed and built a system that facilitated
simultaneous neural and behavioral recording, allowing—for the first time—neural
responses to be recorded while birds performed auditory-mediated operant tasks. We
found that when birds were engaged in an auditory task, neurons had more
information in their stimulus-driven firing rates about the task-relevant stimulus
classes than when birds were not engaged in the task. We also trained birds to quickly
learn novel stimulus classifications and showed that neural responses change over the
course of learning. For most neurons, stimulus-driven neural responses decreased with
learning, and they did so most strongly for the newly learned stimuli. We suggest that
these effects may be due in part to stimulus-specific adaptation, and its modulation by
behavioral state. We also observed the formation of task-dependent firing rate
modulation with learning. These results highlight the plasticity of the avian auditory
system, and further our understanding of the way that nervous systems adapt to the

changing environment and behavioral goals of an organism.
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INTRODUCTION

A fundamental challenge in neuroscience is to understand the way that nervous
systems build representations of the external world and then use those representations
to interact with that world. We know that different brains do not encode the same
representation of the external environment, and that the manner in which the world is
perceived depends strongly on an organism’s goals at timescales that range from
evolutionary to immediate. On evolutionary timescales, the nervous system of a
particular species represents the information present in the environment in a manner
that is adapted to its ecological niche, leading to changes in the structure and function
of both sensory organs and motor effectors and of the neural systems that mediate
their interaction. For example, pit vipers have specialized organs that sense the heat
given off by their prey in the infrared, while primates have elaborately developed
visual systems that allow us to navigate our environment using shorter wavelengths of
light. In the lifetime of a single organism, experience with the environment during
both early development and in adult life can shape sensory representations. A newborn
is able to detect phonetic contrasts present in all languages equally well, but between

6-12 months of age, this ability is greatly reduced to the set of sounds prevalent in the



language she hears most frequently (Kuhl, 2004). In addition to developmental
changes, long-term alterations due to training can be observed as tuning shifts in
tonotopic maps and receptive fields in adult mammalian primary auditory cortex
(Dahmen & King, 2007; Weinberger, 2007), and human musicians show
enhancements in auditory encoding when compared to non-musicians (Musacchia,
Strait, & Kraus, 2008). Even short-term modifications to sensory representation can be
accomplished by altering an animal’s immediate goals. This is perhaps best
exemplified in exquisite studies of selective attention in primate visual cortex, where
the single-neuron representation of identical stimuli can be altered on a trial-by-trial
basis depending on which features or locations in space are attended (Reynolds &
Chelazzi, 2004). Sensory representations are strongly dependent on an animal’s
experience and behavioral goals, and the nervous systems that have evolved to
represent the sensory world have also evolved to represent the fact that as this world

changes, an organism’s relationship with the world must change along with it.

More than two centuries of detailed behavioral ecology shows that songbirds
interact with the auditory world in a sophisticated manner that depends on their
individual life histories. Much of this interaction comes in relation to songbirds’ rather
unique facility for vocal learning (a behavior shared with only a few other taxa of
birds and mammals, including humans). In addition to receiving auditory information
from the world around them, songbirds actively engage in producing complex songs
that they learn from other members of their species. The production and perception of

these songs mediates complex social interactions such as mating and individual



recognition that directly affect birds’ fitness. A male bird’s ability to accurately
perceive, to remember, and to copy his tutor’s song, and a female’s ability to perceive
the quality of a male’s song and compare it to the songs of other males are therefore
both under strong selection pressure. These auditory-mediated behaviors depend on a
bird’s previous auditory experience, and it is therefore no surprise that the songbird
auditory system shows evidence of experience-dependent plasticity (Chew, Vicario, &
Nottebohm, 1996; Gentner & Margoliash, 2003; Jeanne, Thompson, Sharpee, &
Gentner, 2011; Mello, Vicario, & Clayton, 1992; Thompson & Gentner, 2010).
Sophisticated auditory cognition, coupled with the evidence of behaviorally dependent
plasticity of representation in the auditory system makes songbirds an attractive model

for studying the influence of behavior and experience on auditory processing.

The following chapters are an account of my graduate work, performed in the
laboratory of Dr. Timothy Gentner at the University of California, San Diego, where |
have sought to characterize the manner in which the avian auditory system adapts to
changes in its relationship to its auditory environment. Working with other members
of the lab and using the European starling (Sturnus vulgaris), a species of songbird, as
a model species, we performed experiments to characterize the behavioral and neural
representation of conspecific song, and the ways in which these representations

changed as a function of behavioral demands and training history.

I begin in Chapter 1 by discussing avian auditory perception and cognition, and
the usefulness of avian vocal communication as a model for understanding the

mechanisms underlying human speech, a necessary precursor to spoken language. In



vocal communication—and especially in human language—the notion of a brain
dynamically interacting with the environment arguably reaches a pinnacle, as vocal
communicators use the output of their nervous systems to directly influence the neural

state of their communication target.

Chapter 2 describes a set of behavioral studies performed to assess the manner
in which auditory stimuli are behaviorally encoded in the songbird brain. The results
of this paper set limits on the ability of birds to encode subsets of a stimulus and
associate them with a particular behavioral outcome leading to reward. Birds appear to
build distributed stimulus representations, and can perform a simple binary
classification task with small segments of training stimuli, but they will use extra

information to perform the task if it is available.

Previous studies of neurons in the auditory system of songbirds have been
limited to anesthetized or awake-restrained recording, and lacked any controlled
behavioral manipulations during neural recording. Chapter 3 describes the
development of a system that allowed us to record from single neurons in the auditory
cortex of starlings while they performed an auditory classification task. We used this
system to study the manner in which engaging in an auditory task alters stimulus
representation in a region of the avian auditory cortex that responds to complex
vocalizations, the caudal mesopallium. We find that when the bird engages in an
auditory-mediated task, neurons in this region alter their responses to stimuli, and for a
large subpopulation of these neurons, engagement in the task improves the ability of a

neuron to encode the stimulus differences that are important for successful



classification. That is, when a bird is engaged in an auditory task, there is more
information about that task encoded by these neurons than when the bird is not

engaged in this auditory recognition task.

Chapter 4 discusses use of the behavioral electrophysiology system described
in Chapter 3 to monitor changes in neural coding that take place across learning. We
trained birds to quickly recognize sets of novel stimuli and monitored neurons in the
medial portion of the caudal mesopallium while they learned to recognize these novel
stimuli. We found that the stimulus representations were not static, but changed over
the course of learning, generally decreasing their responsiveness to presented stimuli,
especially for newly learned auditory stimuli. We also report that some neurons appear
to develop the types of task-engagement dependent differences described in Chapter 3

over the course of learning.

Following these chapters is a discussion of the ways in which these studies
enhance our understanding of auditory cognition, and potential future directions that

build from the results obtained here.
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Songbirds share a number of parallels with humans that make them an attractive model system for

dying the behavioral and biological mech. that underlie the learning and processing of
vocal communication signals. Here we review the perceptual and cognitive mechanisms of audition in
birds, and emphasize the behavioral and neural basis of song recognition. Where appropriate, we point

Keywords: out a number of intersections with h vocal ¢
anisms amenable to further study, and limitations of birdsong as a model for human language.

Psychoacoustics
Auditory

Vocal communication
Language

Songbird

Evolution
Neuroethology
Speech

ication behavior that suggest common mech-

© 2010 Elsevier Inc. All rights reserved.

1. Introduction

Like other communication signals, one adaptive function of
birdsong is to influence the behavior of others, usually conspecific
individuals (Kroodsma & Miller, 1996). Communication signals
achieve this function by transmitting information between the
sender of the signal and the receivers. The success of this transmis-
sion rests on predictability. When a sender produces a specific sig-
nal, in this case a song, it does so under the expectation that the
signal will elicit a predictable (i.e. intended) behavior in the recei-
ver. Without the predictable correspondence between production
and perception, signals would lose their functionality. Thus, the
presence of a functional signal implies a reliable correspondence
between production and perception mechanisms shaped and
maintained by selection pressures. This correspondence confers a
special status to communication signals, Like other natural stimuli,
communication signals are often physically complex. Unlike most
complex natural stimuli, however, many of the physical dimen-
sions along which communication signals vary can be directly tied
to adaptive behaviors. Research in oscine birds has capitalized on
this idea to study the mechanisms underlying the perception and
cognition of complex natural stimuli (song) in the context of natu-
ral behaviors.

What follows is an account of our current understanding about
the ways in which the songbird auditory system interprets a con-

* C ponding author. Add UCSD, Department of Psychology, 9500 Gilman
Dr. MC0109, La Jolla, CA 92093-0109, United States.
E-mail address: tgentner@ucsd.edu (T.Q Gentner).

0093-934X/$ - see front matter © 2010 Elsevier Inc. All rights reserved.
d0i:10.1016/5.band1.2009.09.008

tinuous stream of acoustic information as a collection of behavior-
ally relevant communication signals and uses this information to
affect behavior (Fig. 1). Parallels will be drawn to human vocal
communication, and we will present a case for the use of songbirds
as a model of certain aspects of human language processing. We
first provide a broad overview of perceptual psychophysics in
songbirds so that one can appreciate the strong perceptual similar-
ities between birds and humans. We then review the behavioral
and neurophysiological work on conspecific song perception,
focusing on individual vocal recognition mechanisms in European
starlings, a species of songbird.

2. Perceptual psychoacoustics

It is helpful for any description of a complex system to begin
with a characterization of general abilities along fundamental
dimensions. Common dimensions along which acoustic signals
are deconstructed are frequency, amplitude, and time, and it is
instructive to understand sensory processing at this level. The goal
of such research is to inform our understanding of how more
‘atomic’ descriptions of sounds give rise to the perception of more
complex behaviorally relevant features. Such studies provide an
important context for studies of more complex signals, and estab-
lish the range over which any perceptual ability can operate. The
following section provides a brief description of avian psycho-
acoustics studies supporting the notion that humans and birds
experience a similar acoustic world. More thorough reviews are
available (Dooling, 1982, 1992, 2000; Fay, 1988).
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Fig. 1. Functional auditory behaviors in songbirds. The gray boxes represent the
functions that the auditory system must perform to mediate behavior. Text to the
right of these functions gives examples of phenomena observed in songbirds (see
text). Although this review focuses on songbird auditory processing. many of the
functions of the auditory system are likely conserved across a range of vertebrates,
including humans. As behavioral complexity increases, so does the likelihood that
particular mechanisms are unique to different species. The similarities and the
differences between species yield powerful comparative hypotheses about the
behavioral and neural mechanisms for auditory perception and cognition in
vertebrates.

2.1. Spectral sensitivity

Audibility curves, which describe the loudness (sound pressure
level, SPL) required for detectability as a function of frequency,
have the same basic shape in many songbird species (Dooling,
Okanoya, Downing, & Hulse, 1986; Okanoya & Dooling, 1987). The
threshold sensitivity for pure tones in most songbird species is best
around 2-5 kHz, increases gradually as the frequency of the tone
becomes lower, and increases quite sharply as the frequency of the
tone rises. The typical high-frequency cutoff for songbirds is
8-11 kHz. Although audibility thresholds are lower in humans than
in birds, the overall shape of the audibility curve is similar.

In addition to hearing single tones, the auditory system must
also discriminate between different tones. Understanding the min-
imal detectable differences between tones can point to the types of
frequency modulations within a signal that are available for a spe-
cies to use in vocal communication. In general, birds are quite sen-
sitive to changes in frequency, and can discriminate a change in
frequency as small as 1% (Dooling, 1982), while humans have even
lower detection thresholds across the range of audible frequencies.
Birds' sensitivity to frequency changes also depends on the type of
frequency modulation and range of carrier frequencies (Lange-
mann & Klump, 1992), results again similar to observations made
in human studies (Demany & Semal, 1989; Fastl, 1978). To detect
a change in intensity (loudness) between two successive tones,
birds require a difference of about 3 dB, humans about 1 dB (Dool-
ing, 1982). While humans have quantitatively lower detection
thresholds for frequency and loudness discrimination, the similar-
ity of findings in humans and birds point to auditory systems that
are qualitatively similar in the range of psychophysically observa-
ble spectral sensitivities.

2.2. Temporal sensitivity

Most acoustic signals unfold over time, and processing in the
temporal domain is therefore particularly important. Temporal
processing abilities of songbirds have been studied in a variety of
ways. A simple measure is the detectability of a sound as its tem-
poral duration increases. In general, the longer the tone is played
for, the lower the SPL needed for detection. Consistent with find-
ings from a host of other animals including humans (see Brown
& Maloney, 1986), birds’ thresholds for hearing a pure tone im-
prove as the duration is increased from a few milliseconds to
200-300 ms (Dooling, 1980). Another common measure of tempo-
ral acuity, known as the gap detection threshold, measures the
minimum temporal interval that can be detected between two
sounds. Several studies from birds show gap detection thresholds
ranging from 2 to 3 ms, which is similar to thresholds found in hu-
mans (see Klump & Maier, 1989). This suggests that intervals in
natural vocalizations less than 2-3 ms may not be perceived. Dura-
tion discrimination measures, which describe an organism’s ability
to determine whether one sound has a longer duration than an-
other, are also similar between birds and humans (Maier & Klump,
1990).

2.3. Masking

In psychoacoustics, the critical ratio describes the ability of an
organism to perceive a tone in a noisy background. It is defined
as the SPL of a target tone needed for detection divided by the
SPL of the background masking noise. Critical ratios are a function
of the frequency of the target tone, and in accordance with previ-
ous studies in humans and in other mammals, critical ratios in
most songbirds increase at about 3 dB per octave (Dooling et al.,
1986; Langemann, Klump, & Dooling, 1995; Okanoya & Dooling,
1987). Most songbirds’ critical ratio curves show a similar shape
to those of humans and other mammals, though humans show
lowered threshold levels on the order of a few decibels (Okanoya
& Dooling, 1987).

Comodulation masking release (CMR) is a slightly more com-
plex masking phenomenon that has been described in both birds
and humans. CMR occurs when sounds that are modulated to-
gether across time serve to release each other from masking by
overlapping noise. CMR is measured as the effective decrease in
threshold SPL afforded by the comodulation. CMR has been pro-
posed as mechanism for auditory stream segregation (discussed
below), as sounds that are produced from the same source
take the same path to the listener and are therefore modulated



identically. Starlings show robust CMR, and in many ways are sim-
ilar to humans in terms of amount of masking release and the fre-
quency and bandwidth dependencies of the release (Klump &
Langemann, 1995).

3. Auditory cognition in birds

Within the broad framework of acoustic processes laid out by
the results of psychoacoustic studies, birds (and any other organ-
ism that uses acoustic communication) face a number of specific
challenges. The auditory system must first detect a potentially rel-
evant signal against backgrounds of environmental noise or other
potentially relevant signals. Signals must be processed to deter-
mine their relevance in specific behavioral contexts, and mapped
onto appropriate behaviors. These behaviors are often mediated
by learning, memory and attentional mechanisms, implying a suite
of cognitive processes that act on complex stimulus representa-
tions such as stream segregation, discrimination, recognition, cate-
gorization, temporal pattern detection, and decision processes. The
acoustic diversity of birdsong makes the system attractive for stud-
ies of the behavioral and neurobiological bases for many of these
cognitive processes.

3.1. Stream segregation

One challenge to the auditory system is the separation of
incoming auditory information into behaviorally relevant groups,
or streams. This is referred to as stream segregation, and under
most natural conditions equates to separation of streams based
on originating source. In order to effectively use the acoustic infor-
mation in one's environment, it is helpful to group acoustic infor-
mation arising from the same source, and to treat this
information as separate from information arising from other
sources. In human language, for example, this ability allows one
to follow the vocalizations of a speaker across time in a noisy
environment.

Stream segregation is one of the main tasks of any perceptual
system engaged in vocal communication, and it is therefore no sur-
prise that songbirds are capable of separating one auditory stream
from another in a variety of conditions. Like humans (Bregman,
1990), starlings can hear competing streams emerge from a se-
quence of alternating tones when the frequency difference be-
tween putative “streams” is large (MacDougall-Shackleton, Hulse,
Gentner, & White, 1998). Likewise, starlings continue to recognize
long segments of conspecific songs when noise is added in the form
of other starling songs, the songs of other species, or an entire
‘dawn chorus’ (Hulse, MacDougall-Shackleton, & Wisniewski,
1997). Canaries can maintain accurate recognition of conspecific
song in the face of very loud broadband white noise (Appeltants,
Gentner, Hulse, Balthazart, & Ball, 2005). The neural correlates of
the so-called cocktail party effect, that is the extraction of a mean-
ingful communication signal from noise, have been investigated in
starlings and zebra finches (Bee & Klump, 2004; Narayan et al.,
2007).

3.2. Song discrimination and recognition

Many species of bird are adept at discriminating songs of their
own species as well as songs from other species. Within this con-
text, birds are generally more adept at discriminating among dif-
ferent conspecific songs than among heterospecific songs (Cynx
& Nottebohm, 1992; Dooling, Brown, Klump, & Okanoya, 1992;
Sinnott, Sachs, & Hienz, 1980). Fieldwork in sparrows is consistent
with these laboratory findings, and suggests that different species
may rely, at least for species recognition, on those acoustic features

10

that most reliably distinguish their own songs from those of other
species in the same sound environment (Nelson & Marler, 1990).
For example, frequency appears to be the most important cue for
species recognition among field sparrows (Nelson, 1989). Recogni-
tion systems appear to be tuned to the particular acoustic space of
one’s own species’ vocalizations (Nelson, 1988), but also maintain
more general capacities to distinguish among many different types
of song. These biases for the discrimination of species-specific
vocalizations, and hence mechanisms for vocal recognition, likely
result from evolutionary or ontogenic changes in the (presumably)
central processing mechanisms that underlie higher-level auditory
perception. This is consistent with the more general assumption
that the perceptual and cognitive processes underlying individual
vocal recognition, a widespread phenomenon among songbirds
(reviewed by Stoddard (1996)), operate on complex (multi-dimen-
sional) acoustic signals. Within the same species many acoustic
features may be relevant for classification of song components
(Sturdy, Phillmore, & Weisman, 2000). Recent laboratory studies
of European starlings have addressed these questions directly by
determining more precisely the form of the acoustic signal control-
ling recognition in this species.

3.2.1. Individual vocal recognition in starlings

Male starlings present their songs in long episodes of continu-
ous singing referred to as bouts. Song bouts, in turn, are composed
of much smaller acoustic units referred to as motifs (Adret-Haus-
berger & Jenkins, 1988; Eens, Pinxten, & Verheyen, 1991), which
in turn are composed of still smaller units called notes. Notes can
be broadly classified by the presence of continuous energy in their
spectrographic representations, and although several notes may
occur in a given motif, their pattern is usually highly stereotyped
between successive renditions of the same motif. One can thus
consider starling song as a sequence of motifs, where each motif
is an acoustically complex event. The number of unique motifs that
a male starling can sing (i.e. his repertoire size) can be quite large,
and consequently different song bouts from the same male are not
necessarily composed of the same set of motifs. This broad acous-
tical variation in their song provides several potential cues that
starlings might use when learning to recognize the songs of an
individual conspecific and while maintaining that recognition over
time. One straightforward recognition mechanism is the associa-
tion of specific motifs with specific singers. Although some sharing
of motifs does occur among captive males (Hausberger, 1997;
Hausberger & Cousillas, 1995), the motif repertoires of different
males living in the wild are generally unique (Adret-Hausberger
& Jenkins, 1988; Eens, Pinxten, & Verheyen, 1989; Eens et al.,
1991). Thus, learning which males sing which motifs can provide
discriminative cues for song recognition. Similar strategies may
underlie individual song recognition behaviors observed in other
species where individual possess elaborate vocal repertoires such
as song sparrows (Beecher, Campbell, & Burt, 1994; Stoddard, Bee-
cher, Horning, & Campbell, 1991), but other strategies are available
as well (Brooks & Falls, 1975a, 1975b; Nelson, 1989).

Data from operant studies in starlings indicate that song recog-
nition is based at the level of the motif. Starlings trained using
operant conditioning to recognize sets of songs from conspecific
individuals can readily generalize correct recognition to novel
songs from the same singers (Gentner & Hulse, 1998, 2000b). How-
ever, recognition falls to chance when these novel song bouts have
no motifs in common with the training songs (Gentner & Hulse,
2000Db). This failure to generalize correct recognition to songs com-
posed of novel motifs, or to single novel motifs, is consistent with
the notion that starlings learn to recognize the songs of individual
conspecific singers by attending to information contained at (or be-
low) the level of the motif. That is, they appear to associate distinct
sets of motifs (or variant motif features) with individual singers.



If starlings learn to recognize individuals by the sets of unique
motifs that they sing, then once learned, it should be possible to
control recognition systematically by varying the proportions of
motifs in a given bout that come from two “vocally familiar” males.
That is, recognition behavior ought to follow the proportional dis-
tribution of motifs from two vocally familiar males rather than the
presence or absence of single diagnostic motifs from either male.
The behavioral data confirm this prediction. When starlings are
compelled to classify conspecific songs, they do so by memorizing
large numbers of unique song components (i.e. motifs) and orga-
nizing subsets of these motifs into separate classes (Gentner & Hul-
se, 2000b). Consistent with this idea, recent results demonstrate
that motifs form perceptually salient auditory objects embedded
in a hierarchy of acoustic patterns (Gentner, 2008). When the
sub-motif acoustic structure is permuted in varying ways, recogni-
tion of the songs is significantly impaired. These effects are only
seen for familiar motifs, however, suggesting that starlings learn
the sub-motif structure of motifs and then perceive them as holis-
tic auditory objects (Gentner, 2008).

Additional support for the notion that motifs form holistic audi-
tory objects comes from recent results in starlings that mirror per-
ceptual restoration studies in humans (Seeba & Klump, 2009). In
the classic demonstration of perceptual restoration (Warren,
1970), units of speech (phonemes) within a presented sentence
are perceived as present by human observers despite being re-
placed by noise (e.g. a human cough). The restoration effect only
occurs when the phoneme is replaced by noise; when silence is in-
serted instead of noise, phonemes are correctly perceived as miss-
ing. This shows that with appropriate contextual cues, observers
perceive missing acoustic information at the level of a whole pho-
neme, suggesting that they have a memory for phonemes as holis-
tic auditory units. Similarly, starlings trained to detect small
changes in motif similarities report significantly greater similarity
between intact motifs and those with sections replaced by noise
when compared to motifs with sections replaced by silence. Impor-
tantly, these results hold only for familiar motifs, suggesting that
memory for motifs as learned objects informs their perception at
later times (Seeba & Klump, 2009). These results provide another
line of evidence for considering motifs as acoustic units and sug-
gest that the representation of these motifs emerges via a combi-
nation of feed forward auditory input and memory for the motif
as an object.

As a cognitive recognition strategy, classifying songs according
to their component (motif) structure represents a straightforward
method of dealing with these complex acoustic signals. Because
individual starlings tend to possess unique motif repertoires, dis-
joint sets of motifs will generally correspond to individual identity.
Therefore, attending to the motif structure captures a significant
portion of the individual variation in the signal, albeit at the ex-
pense of a heavy demand on memory capacity. From a human per-
spective, this might seem a suboptimal strategy for individual
vocal recognition, because in humans the total set of vocal signals
that can be produced by a single individual is theoretically infinite.
Instead, individual talker recognition in humans relies on voice
characteristics such as timbre, glottal pulsation frequency, and
spectral contours imparted by laryngeal morphology (Bricker &
Pruzansky, 1976) that are largely independent of the linguistic con-
tent (Remez, Fellowes, & Rubin, 1997). Although recent results
indicate that some voice characteristics are present in starling song
(Gentner, 2008), these birds appear to recognize individuals by
preferentially using information at longer temporal scales rather
than the short (fast) timescale features that carry voice character-
istics. This observation is consistent with the conjecture that the
incorporation of individual identity information into the phonetics
of the signal may be a plesiomorphic (evolutionarily older) state
for vocal communication. As the size of the lexicon and sharing
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of signal elements between individuals increased, the association
of unique vocabularies with different individuals would become
increasingly inefficient, forcing the differentiation of vocal identity
from other semantic channels.

3.3. Syntactic pattern sensitivity

Part of what makes human language unique is its incorporation
of long timescale patterning rules (grammars) that constrain the
meaning of specific utterances, e.g. telling us precisely who did
what to whom. Animal vocalizations lack the combinatorial gram-
matical complexity of human language. Yet many animal commu-
nication signals have a rich temporal structure, and understanding
how the temporal patterns in such signals are used and perceived
is of broad interest. Such studies can serve to emphasize important
similarities and differences in underlying mechanisms for process-
ing acoustically complex vocal signals.

The prior sections on individual vocal recognition in starlings
establish the functional importance of motif-level song organiza-
tion. Under normal conditions, however, single motifs are almost
never produced in isolation but typically occur as part of long
and elaborate song bouts where 25-30 different motifs may be
strung together in close succession. In the following sections we
discuss the role of temporal motif patterning in starling song
perception.

3.3.1. Motif sequences

Sensitivity to the temporal patterning of motifs could arise in its
simplest form based on the explicit sequences in which familiar
motifs are produced. As an example, a bird might learn to recog-
nize motifs A-D (where letters denote different motifs) and the se-
quence ABCD. If this is the case, then presenting the same motifs in
a different order may affect song recognition. Consistent with this,
starlings trained to recognize naturally patterned songs have a
much harder time recognizing novel songs from familiar singers
when motifs are strung together in a random order, than when mo-
tifs follow each singer’s natural motif ordering (Gentner & Hulse,
1998), indicating that starlings do attend to motif sequencing.

3.3.2. Motif patterns

Additional studies of temporal pattern perception in starlings
move beyond simple transition probabilities between adjacent
motifs to ask if starlings can acquire abstract rules that describe
the patterning of familiar motifs (Gentner, Fenn, Margoliash, &
Nusbaum, 2006). That is, instead of learning the explicit sequence
of motifs ABCD as above, the study asked if starlings could learn
the pattern ABCD, where the letters now denote sets of motifs that
can occur at each position. Rules that describe sequences of pat-
terned strings have a rich history in the theory of formal grammars,
and form the basis for theories of syntax in human language. For-
mal grammars can be classified hierarchically according to the
complexity of the patterns they can produce or recognize (Hopcroft
& Ullman, 1979). Finite-state grammars are among the most
limited type of formal grammar, and have been thought to describe
all animal communication systems (Hauser, Chomsky, & Fitch,
2002; but see Suzuki, Buck, & Tyack, 2006). Human languages
minimally require a grammar more complex than finite-state,
called a context-free grammar, in part to support the hierarchical
embedding common in many syntactic structures (Chomsky,
1957; Hopcroft & Ullman, 1979).

Starlings can learn to classify patterned strings of song motifs
generated by both a finite-state grammar and a context-free gram-
mar (Gentner et al., 2006). In this case, strings generated by the
context-free grammar followed the form A?B?, while the strings
generated by the finite-state grammar followed the form (AB)?,
where A and B refer to sets of acoustically distinct starling song



motifs known as “rattles” and “warbles”. It is important to note
that the context-free grammar learned in this study, while more
computationally complex than the finite-state grammar, is not suf-
ficient to fully capture the hierarchical structure in human lan-
guages. Specifically, it lacks any long-range dependencies
between specific elements that, in for example some English sen-
tences, help define the pairings between subjects and verbs, and
thereby enable understanding of who did what to whom. There-
fore, one should not conclude from this study that songbirds have
the capacity to master “human” grammar. Nonetheless, it is clear
that they can extract patterning rules from strings of vocal signals,
and that those rules can have a remarkable level of complexity.
Whether or not birds and humans rely on similar neuronal mech-
anisms to extract temporal pattern rules is unknown. In any case,
the basic ability to attend to high-level patterns within strings of
vocal signals, including at least some patterns defined by formal
grammars, does not appear to be a recent or unique adaptation.
Although there has been some discussion of the role of syntactic
rules in structuring bird song in chickadees and wrens (Clucas,
Freeberg, & Lucas, 2004; Hailman & Ficken, 1986; Holland, Dabels-
teen, & Paris, 2000), the existence of complex pattering rules in
songbird vocalizations has not received adequate attention. Cur-
rently, there is no strong evidence to support the notion that song-
birds (or any non-human species) use syntax to vary the semantic
content of vocal signals in the combinatorial manner. By itself, the
ability to process simple syntactic structures may be of little func-
tional significance or adaptive value, and may represent a neces-
sary but insufficient precondition to the use of unbounded signal
sets observed in humans. These sorts of primitive pattern recogni-
tion abilities might need to be paired with more sophisticated ges-
tural systems as a permissive step to subsequent evolution of
human language processing capacities in their modern forms.

4. The neural coding in the songbird auditory system

The behavioral data yield several hypotheses regarding the neu-
ral mechanisms underlying the recognition of natural (i.e. com-
plex) acoustic signals. First, the functionality of auditory objects
in recognition behavior implies an explicit and discrete representa-
tion for vocal signals in the central nervous system. That is, the re-
sponse functions of single neurons or of populations of neurons in
appropriate auditory regions should reflect the segmentation of
song at the level of the motif (in starlings) or other behaviorally
relevant temporal scales. Second, because vocal recognition behav-
ior requires the learned association between songs and singers, the
neural representations of motifs should reflect their explicit behav-
ioral relevance. That is, there should be a bias for representations of
familiar compared to unfamiliar motifs. Third, the representational
mechanisms and capacity (i.e. memory) of the system should per-
mit the acquisition of very large numbers of acoustically complex,
natural objects (motifs). The nature of object representation, repre-
sentational plasticity, and memory capacity are central questions
for any researcher interested in the neural coding of natural stim-
uli, including human speech and language. Below, we consider
these questions in the context of the neural representation of star-
ling song.

4.1. The avian auditory system

Auditory information enters the avian brain via sensory trans-
duction in the inner ear, where vibrations on the basilar membrane
of the cochlea are transduced into the action potentials propagated
to the cochlear nuclei in the brainstem (Fig. 2). The cochlear nuclei
are characterized by strong tonotopy, and the neurons within these
nuclei have a tendency to fire tonic bursts that align with ampli-
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Fig. 2. Schematic of the major auditory processing regions in the avian brain.
Auditory information projects from the ear to the brainstem cochlear nuclei. In
general, more complex acoustic information is represented in more central
structures, i.e. those further from the cochlea. Apart from those to the classic
song-control system, projections from the primary auditory pathways to areas

ible for multimodal i ion and inging by iors are uncharac-
terized, but presumably exist. See the text for more details. Thinner arrows indicate
direct neural projections. Abbreviations: CM: caudal mesopallium, MLd: mesen-
cephalicus lateralis dorsalis, NCM: caudomedial nidopallium, Ov: nucleus ovoidalis.

tude peaks in the sound pressure waveform of the stimulus (Sachs
& Sinnott, 1978). Afferents from the brainstem converge in the
midbrain structure mesencephalicus lateralis dorsalis (MLd). MLd
is anatomically analogous to the mammalian inferior colliculus
(IC), and in many respects it is also functionally analogous. Like
the mammalian IC, MLd neurons show a wide variety of tuning
characteristics, are not particularly sensitive to level differences,
and have temporally precise responses that preserve the timing
information in the acoustic signal (Woolley & Casseday, 2004).
They also respond to white noise and conspecific song in a way
that suggests selectivity for particular spectrotemporal features,
and the vast majority of these cells follow sinusoidal amplitude



modulations - suggesting again that these cells encode the tempo-
ral features of an acoustic signal with high fidelity (Woolley, Fre-
mouw, Hsu, & Theunissen, 2005).

MLd sends afferents into the avian auditory thalamus, the Nu-
cleus Ovoidalis (Ov). Ov shows a strong tonotopic arrangement,
and its neurons have high spontaneous firing rates, and respond
to stimuli at their preferred frequency with a tonic increase in fir-
ing rate (Bigalke-Kunz, Riibsamen, & Dorrscheidt, 1987). There is
also evidence of lateral inhibition in this region, as many cells show
suppressive sidebands in their frequency tuning curves (Bigalke-
Kunz et al., 1987). Thalamic efferents project from Ov mainly into
the Field L complex (shortened here to Field L), the avian analog of
the mammalian primary auditory cortex (Karten, 1968, 1969). Spe-
cifics of cytoarchitecture and neural connectivity allow further
subdivision of the Field L complex into regions L1, L2a, L2b, L3
and L (here ‘L’ refers to a subregion of the larger complex Fortune
& Margoliash, 1992; Saini & Leppelsack, 1977, 1981). L2a is the pri-
mary thalamorecipient zone, but L1 and L3 also receive weak tha-
lamic input (Vates, Broome, Mello, & Nottebohm, 1996). Field L
shows strong tonotopy and robust responses to both natural song
and pure tones (Capsius & Leppelsack, 1996, 1999; Haiisler, 1996;
Leppelsack & Vogt, 1976; Sen, Theunissen, & Doupe, 2001).

From Field L, forebrain processing proceeds along a number of
parallel and interconnected pathways. Field L itself projects to
the caudomedial nidopallium (NCM), which surrounds Field L ana-
tomically, and to the lateral portion of the caudal mesopallium
(CLM) (Vates et al., 1996). The medial portion of the caudal mes-
opallium (CMM) shares reciprocal projections with both CLM and
NCM (Vates et al., 1996). Neurons throughout the songbird audi-
tory telencephalon show complex patterns of tonotopic organiza-
tion (Capsius & Leppelsack, 1996; Haiisler, 1996; Leppelsack &
Schwartzkopff, 1972; Riibsamen & Dorrscheidt, 1986), and varying
selectivity to species-specific vocalizations (Bonke, Bonke, &
Scheich, 1979; Leppelsack & Vogt, 1976; Miiller & Scheich, 1985).
Neurons in Field L2a/b are less selective for species-specific vocal-
izations than those in L1 and L3 (Theunissen & Doupe, 1998; The-
unissen, Sen, & Doupe, 2000; Theunissen et al., 2004), which in
turn are less selective than those in NCM and CM (Grace, Amin,
Singh, & Theunissen, 2003; Miiller & Scheich, 1985). Increasing
song selectivity across these regions is coincident with an increase
in the non-linear components of the neural responses (Sen et al.,
2001), and higher regions in the pathway (i.e. NCM and CMM)
are involved in the representation of complex acoustic features
(e.g. Bonke et al., 1979; Gentner, Hulse, & Ball, 2004; Gentner &
Margoliash, 2003; Leppelsack & Vogt, 1976; Miiller & Scheich,
1985).

Additional support for the role of NCM and CM in the processing
of conspecific song comes from studies of stimulus driven expres-
sion of the immediate-early-gene (IEG) ZENK, a commonly used
marker of song-evoked auditory activity (Mello, Velho, & Pinaud,
2004a) and song-induced experience-dependent plasticity (Jarvis,
Mello, & Nottebohm, 1995; Jones et al.,, 2001; Mello, Nottebohm,
& Clayton, 1995; Mello, Velho, & Pinaud, 2004b; Mello, Vicario, &
Clayton, 1992; Ribeiro, Cecchi, Magnasco, & Mello, 1998). In star-
lings, the IEG response in NCM appears tied to stimulus novelty,
whereas IEG activity in CMM appears to correlate with the ongoing
recognition of familiar songs (Gentner et al., 2004). Together, these
observations are consistent with a functional hierarchical organi-
zation of the songbird auditory system that is tuned throughout
to conspecific song (Hsu, Woolley, Fremouw, & Theunissen, 2004;
Woolley, Gill, Fremouw, & Theunissen, 2009; Woolley et al., 2005).

In addition to connections between regions within the auditory
system, anatomical (Vates et al., 1996) and functional (Bauer et al.,
2008; Shaevitz & Theunissen, 2007) connections have been ob-
served between auditory processing areas and the song production
system, providing a path for feedback during the acquisition and
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maintenance of a bird's own song. While the full range of efferent
targets for the auditory telencephalon is unknown, it is likely that
brain regions outside the classic “song system” are involved in the
subsequent processing of song representations, including areas
responsible for integrating multimodal information that naturally
accompanies hearing song, as well as regions necessary for carry-
ing out decision processes and motor programs necessary for exe-
cuting song-mediated behaviors, e.g. copulation displays.

An increasing amount is known about the functionality and
gross anatomical connectivity of the structures described above,
but there is still little knowledge of the underlying functional mi-
cro-circuitry. Early EM and light microscopy studies of local cir-
cuitry within Field L indicate that neurons are arranged in small
clusters (Saini & Leppelsack, 1977), and it is tempting to hypothe-
size that these clusters may form functional units. Perhaps related
to this, large numbers of GABAergic cells are distributed through-
out Field L, NCM, and CMM. In NCM and CMM many of these cells
also show song-inducible expression of ZENK (Pinaud et al., 2004),
suggesting that inhibitory mechanisms play an important func-
tional role in the representation of learned acoustic material (see
the following for further discussions of inhibitory processing in
the avian auditory forebrain Capsius & Leppelsack, 1996; Pinaud
& Terleph, 2008; Pinaud et al., 2008). Much work remains to be
done to test these hypotheses. In general, elucidating the structure
and activity of local circuitry will be crucial for understanding how
song representation differs in distinct brain regions, the transfor-
mations that occur between these regions, and the role of these dif-
ferent representations in a bird’s behavior. This will be an area of
considerable research effort over the next decade.

The avian forebrain lacks the gross anatomical structure of
mammalian cortex. Nonetheless, birds and mammals use their
auditory systems to solve many similar behavioral problems.
Structural and functional similarities present in the auditory re-
gions of both classes of animals at the cellular (Saini & Leppelsack,
1981) and systems levels (Wild, Karten, & Frost, 1993), (Sockman,
Gentner, & Ball, 2002), and across the whole of the forebrain (Jarvis
et al., 2005) may reflect these common behavioral goals, Observa-
tions suggesting a link between avian studies and the rich body of
research on the mammalian cortex highlight the need for compar-
ative studies of auditory system function. Comparing anatomical
and functional similarities between birds and mammals and across
species within these classes will lend insight into which processes
are likely to be fundamental to the representation of the auditory
world by a neural substrate, and which may be idiosyncratic to a
particular organism or group of organisms.

4.2. Experience-dependent representation of song

The acoustic environment of a songbird is not likely to be con-
stant over time, or between individuals. Territories change hands
and the available range of mates fluctuates. In order to effectively
interpret the acoustic features in song, the auditory system needs
to structure its representation in such a way that allows for dy-
namic behavioral goals of the organism. A combination of gene
expression and electrophysiological studies has helped to charac-
terize several regions within the auditory telencephalon where
representations of learned song are thought to be stored.

Many neurons in NCM and CM show a rapid and selective up-
regulation of the ZENK (or its protein product) in response to the
presentation of conspecific songs (Mello et al., 1992), in manner
sensitive to the acoustics of particular song syllables (reviewed in
Pinaud & Terleph, 2008; Ribeiro et al., 1998; Terleph, Mello, & Vica-
rio, 2006). Interestingly, these IEG responses (Mello et al., 1995), as
well as NCM multiunit recordings (Chew, Vicario, & Nottebohm,
1996), habituate to the repeated presentation of the same conspe-
cific song. Similar habituation in the ZENK response in NCM also



appears closely tied to the context under which song is presented
(Kruse, Stripling, & Clayton, 2004). In addition, IEG responses are
elevated during specific components of vocal recognition (Gentner
et al., 2004), female choice (Gentner, Hulse, Duffy, & Ball, 2001),
and other song-based learned behaviors (Jarvis et al., 1995) includ-
ing vocal acquisition (Phan, Pytte, & Vicario, 2006). While these
habituation processes are likely to be important for understanding
how the system processes conspecific song (e.g. Dong & Clayton,
2009), non-associative forms of learning are insufficient to capture
the complexity of most song-based natural behaviors where rein-
forcement and stimulus associations are vital.

An organism’s sensory experiences evoke long-lasting changes
that bias cortical circuits towards representations of behaviorally
relevant signals (Gilbert, Sigman, & Crist, 2001). Experience-depen-
dent plasticity in neural responses underlies many forms of asso-
ciative learning and has been observed across a variety of
vertebrate sensory systems and brain regions (e.g. Bakin & Wein-
berger, 1990; Kay & Laurent, 1999; Kilgard, 2003). Experience
dependant plasticity has also been observed in starlings that have
been trained, using methods similar to those described above, to
recognize sets of conspecific songs. In birds trained this way, single
neurons in CMM respond much more robustly (i.e. emit many
more action potentials) to songs the birds have learned to recog-
nize than to unfamiliar conspecific songs. The strong response bias
for familiar songs is consistent in animals trained with either a
two-alternative choice procedure, where all of the training songs
are paired with positive reinforcement, or go/no-go procedure,
where only half the training songs are paired with positive rein-
forcement. In the latter case, however, songs associated with posi-
tive reinforcement elicited significantly stronger responses from
CMM neurons than those associated with no reinforcement (Gent-
ner & Margoliash, 2003). Thus, plasticity in CMM neuronal re-
sponses cannot be driven simply by song exposure. Other
processes that mark the relevance of each song independent of
any particular signal acoustics, such as attention, motivation and/
or specific reinforcement, are likely involved.

CMM neurons do not respond at high rates to the entire ensem-
ble of familiar songs. Instead, many individual neurons are selec-
tive for only a single song, or for only a small number of motifs
within a single song (Gentner & Margoliash, 2003). Thus the same
features that drive individual vocal recognition of starling song at
the behavioral level (i.e. motifs) also elicit selective responses from
single neurons. The mechanisms whereby this selectivity arises
over the course of learning are not clear. It may be that the recep-
tive fields of individual neurons are modified to match the spectro-
temporal acoustics of behaviorally relevant signals. Rapid shifts in
auditory receptive fields driven by behavioral goals have been ob-
served in other systems (Fritz, Elhilali, & Shamma, 2007; Fritz,
Shamma, Elhilali, & Klein, 2003). Alternatively, neurons that best
match the acoustics on relevant songs may be somehow selected
from an otherwise static population, and/or the responses neurons
that don’t match the relevant acoustics suppressed. These possibil-
ities, along with the larger question of how to best model the
receptive fields of these high-level auditory neurons, remain the
topic of future research (e.g. Gill, Woolley, Fremouw, & Theunissen,
2008). Nonetheless, recent work consistent with the ideas above
suggests that there may be a variety of forms of experience-depen-
dent plasticity throughout the songbird auditory forebrain (Capo-
rello & Gentner, 2008; Jeanne, Sharpee, & Gentner, 2008;
Thompson & Gentner, 2008). Spike trains in Field L already carry
sufficient information to discriminate between conspecific songs
(Narayan, Grafa, & Sen, 2006), suggesting that representation of
the relevant acoustics may not be the primary role for processing
within these regions. Rather, the system may be primarily con-
cerned with the extraction of task-relevant features and their map-
ping onto appropriate responses.
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The observations of experience-dependent plasticity in the
songbird auditory system suggest a system that is simultaneously
constrained in its immediate representational capacities by each
animal’s history, yet is tremendously adaptive in its ability to ac-
quire a broad (currently undetermined) range of complex repre-
sentations. It is tempting to speculate that similar experience-
dependent, hierarchical processes may give rise to the phonetic,
phonemic, syllabic and word-level representations that must be
correlated with language experience in humans. At the same time,
one must be careful to temper these kinds of speculations with an
appropriate appreciation for the natural history of the organism.
While the song recognition system expresses tremendous plastic-
ity, it is reasonable to ask whether all of the links between auditory
features and the behaviorally relevant phenomena they represent
must be learned during an individual bird's lifetime. The existence
of, for example, species-specific warning calls and the preference
for conspecific song suggest that the meaning associated with
some signals may not require any sort of learning. By extension,
such processes may entail substantially different mechanisms at
both neural and behavioral levels.

In many songbirds, the females’ decision of who to mate with
(termed female choice) is driven by the acoustics of competing
males’ songs. (Catchpole & Slater, 1995; Searcy, 1992). These
behaviors provide an interesting context within which to explore
the relationship between learned and innate signal processing
mechanisms, as they are strongly influenced by both kinds of infor-
mation. Untrained female starlings show strong preferences for the
long songs of older males (Gentner & Hulse, 2000a), and these pref-
erences are reflected in ZENK protein expression levels in NCM
(Gentner et al.,, 2001; see also Maney, MacDougall-Shackleton,
MacDougall-Shackleton, Ball, & Hahn, 2003). Yet, the magnitude
of these preferences can be modified with relatively little experi-
ence (Sockman, Gentner, & Ball, 2005; Sockman et al., 2002). Le-
sions to CM, the same region involved in song recognition in
starlings, lead female zebra finches to produce copulation solicita-
tions to both conspecific and heterospecific song (Macdougall-
Shackleton et al., 1998). Similar effects are reported in female
canaries with lesions to the song nucleus HVC (Brenowitz, 1991),
suggesting that brain regions involved in song production may also
function in song perception. Future work should continue to target
the neural mechanisms that support this natural decision behavior.

5. Conclusions

Although no two species are identical, this review describes a
number of ways in which the auditory processing capacities of
songbirds are similar to those of other vertebrates, and in particu-
lar to those of humans. Perhaps one reason why birdsong has cap-
tivated humans for so many centuries is that we “hear the world”
in very similar ways. Indeed, the fact that birds and humans share a
similar perceptual representation of the acoustic world holds the
promise that higher-level auditory features relevant to more com-
plex behaviors in birds may inhabit a similar acoustic space to
those that are relevant for vocal communication in humans. In
turn, there may be common neural and behavioral mechanisms
adaptive for processing signals within this shared acoustic space.
After human language, birdsong is arguably the most acoustically
complex and diverse communication signal known. Although it is
interesting in it own right, the parallels to human perception make
it an excellent model for investigations for higher-level auditory
processes, and enable a full range of neurobiological and behav-
ioral techniques that are difficult to use in humans.

Although it is likely that the bird's brain can help us understand
important strategies for solving auditory perception tasks that
are mutual between humans and birds, birdsong is not language.



In particular, birdsong lacks the rich combinatorial structure and
semantics of human vocal signals, and may be more analogous to
speech than language (Doupe & Kuhl, 1999). By some theories,
much of what makes human language unique is modality indepen-
dent (e.g. Hauser & Bever, 2008), and so the greatest differences be-
tween humans and other animals may lie in the mapping between
the outputs of speech processing brain areas and higher-order
structures. The mechanisms for extracting, parsing, and represent-
ing patterned strings of vocal signals may be conserved across a
wide range of species. Within this context, there remain a number
of substantial challenges for the songbird auditory system that are
germane to our general understanding of systems neuroscience.
How are the complete receptive fields for high-level auditory (or
other sensory modality) neurons best modeled? The best current
models perform poorly beyond the primary thalamorecipient
zones. What is the micro-circuitry of Field L, NCM, CM? The orga-
nization of the avian auditory telencephalon may be substantially
different from that of mammalian cortex, yet very similar function
is achieved. How? What are the sources - behavioral, anatomical
and physiological - for top-down modulation through attention,
reinforcement, memory, etc. within the system? Finally, what are
the roles of judgment and decision in the auditory telencephalon
and its efferent targets? Further studies into the behavioral and
neural basis of the birdsong auditory system promise to be instru-
mental in answering these questions.
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Individual vocal recognition behaviors in songbirds provide an
excellent framework for the investigation of comparative psy-
chological and neurobiological mechanisms that support the
perception and cognition of complex acoustic communication sig-
nals. To this end, the complex songs of European starlings have
been studied extensively. Yet, several basic parameters of starling
individual vocal recognition have not been assessed. Here we inves-
tigate the temporal extent of song information acquired by starlings
during vocal recognition learning. We trained two groups of star-
lings using standard operant conditioning techniques to recognize
several songs from two conspecific male singers. In the first experi-
ment we tested their ability to maintain accurate recognition when
presented with (1) random sequences of 1-12 motifs (stereotyped
song components) drawn from the training songs, and (2) 0.1-12-
s excerpts of continuous song drawn from the training songs. We
found that song recognition improved monotonically as more vocal
material is provided. In the second experiment, we systematically
substituted continuous, varying length regions of white noise for
portions of the training songs and again examined recognition
accuracy. Recognition remained above chance levels for all noise
substitutions tested (up to 91% of the training stimulus) although all
but the smallest substitutions led to some decrement in song recog-
nition. Overall, above chance recognition could be obtained with
surprisingly few motifs, short excerpts of song, and in the absence
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of large portions of the training songs. These results suggest that
starlings acquire a representation of song during individual vocal
recognition learning that is robust to perturbations and distributed
broadly over large portions of these complex acoustic sequences.
© 2010 Elsevier Inc. All rights reserved,

Vocal recognition is a widespread phenomenon among songbirds (reviewed by Stoddard, 1996) and
serves two broad goals: species recognition, and recognition of individual conspecifics. Myriad acous-
tic features may guide vocal recognition, but it follows that selection pressures will emphasize the
features that most reliably distinguish one's own species’ songs from those of other sympatric species
(see Nelson & Marler, 1990), and those that differentiate individual conspecifics. Among field sparrows,
for example, frequency appears to be the most important cue for species recognition (Nelson, 1989).
Likewise, laboratory studies demonstrate that songbirds are more adept at discriminations involving
conspecific songs as compared to discriminations involving heterospecific songs (Cynx & Nottebohm,
1992; Dooling, Brown, Klump, & Okanoya, 1992; Heinz, Sinnott, & Sachs, 1980). Recognition systems
appear to be tuned to the particular acoustic space of one's own species’ vocalizations (Nelson, 1988)
but also maintain more general capacities to distinguish among many different types of song. Within a
species, particularly those with acoustically diverse songs, many acoustic features may be relevant for
classification of song components (Sturdy, Phillmore, & Weisman, 2000). Recent laboratory studies of
European starlings have addressed these questions directly by determining more precisely the form
of the acoustic signal controlling individual recognition.

Male starlings present their songs in long episodes of continuous singing referred to as bouts. Song
bouts, in turn, are composed of much smaller acoustic units referred to as motifs (Adret-Hausberger &
Jenkins, 1988; Eens, Pinxten, & Verheyen, 1991), which in turn are composed of still smaller units called
notes. Notes can be broadly classified by the presence of continuous energy in their spectrographic
representations, and although several notes may occur in a given motif, their pattern is usually highly
stereotyped between successive renditions of the same motif (a sample of song is shown in Fig. 1).
One can thus consider starling song as a sequence of motifs, where each motif is an acoustically
complex event. The number of unique motifs that a male starling can sing (i.e. his repertoire size)
can be large, and different song bouts from the same male do not necessarily comprise the same set
of motifs. The broad acoustic variation in their song provides several potential cues that starlings
might use when learning to recognize the songs of an individual conspecific and while maintaining
that recognition over time. One straightforward recognition mechanism is the association of specific
motifs with specific singers.

Classifying songs according to their component (motif) structure represents an efficient strategy for
representing these complex acoustic signals (see Fig. 1). Because individual starlings tend to possess
unique motif repertoires (Adret-Hausberger & Jenkins, 1988; Eens, Pinxten, & Verheyen, 1989; Eens
et al,, 1991), disjoint sets of motifs will generally correspond to individual identity. Attending to the
motif structure, therefore, captures a significant portion of the individual variation in the signal, albeit
at the expense of requiring a large memory capacity. From a human perspective, this might seem a
suboptimal strategy for individual vocal recognition, because the total set of vocal signals that can be
produced by a single individual is theoretically infinite. Individual talker recognition in humans relies
on voice characteristics such as timbre, glottal pulsation frequency, and spectral contours imparted
by laryngeal morphology (Bricker & Pruzansky, 1976) that are largely independent of the linguistic
content (Remez, Fellowes, & Rubin, 1997). The incorporation of individual identity information into
the phonetics of the vocal signal, as appears to be the case for starlings, may be a plesiomorphic (evo-
lutionarily older) state for human vocal communication. As the size of the lexicon and sharing of signal
elementsincreases between individuals, however, the exclusive use of this ‘object-dependent’ strategy
for individual vocal recognition becomes increasingly inefficient. It is likely that starlings, along with
other organisms that rely on acoustically complex vocal signals to mediate adaptive behaviors, posses
multiple mechanisms for extracting behaviorally relevant information from communication signals.

Although recognition of the complex songs of European starlings has been studied extensively, sev-
eral basic parameters of starling individual vocal recognition have not been assessed. Recent results
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Fig. 1. Baseline stimuli and acquisition for Experiment 1. (A) Example spectrogram of one baseline training song. Note the
diverse acoustic structure of the song. Example motifs are outlined by the boxes just before 2 and 8s.(B) Mean (£sem)d’ (open
circles) for acquisition of the baseline song recognition task plotted over the first 50 200-trial blocks. The single point (open
square) on the right shows the recognition accuracy averaged over the last five 200-trial blocks prior to probe testing.

indicate that some voice characteristics are present in starling song, and that perceptual knowledge
spans multiple hierarchical levels of song organization (Gentner, 2008). Here, we investigate the
temporal extent of song-knowledge that starlings acquire during canonical vocal recognition tasks.

General methods
Subjects

Ten adult European starlings, Sturnus vulgaris, served as subjects in this study. All subjects were
wild caught in southern California in May 2006. All had full adult plumage at the time of capture, and
thus were at least one-year old. From the time of capture until their use in this study, all subjects
were housed in large mixed-sex, conspecific aviaries with ad libitum access to food and water. The
photoperiod in the aviary and the testing chambers followed the seasonal variation in local sunrise
and sunset times. No significant sex differences have been observed in previous studies of individual
vocal recognition (Gentner & Hulse, 2000), and the sex of subjects in this study was not controlled.

Apparatus

Starlings learned to classify the training stimuli using a custom-built operant apparatus, housed
ina61cm x81cm = 56cm ID sound attenuation chamber (Acoustic Systems). Inside the chamber, a
subject was held in aweld-wire cage (41 cm x 41 cm x 35 cm) that permitted accesstoa30cm x 30cm
operant panel mounted on one wall. The operant panel contained three circular response ports spaced
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6 cm center-to-center, aligned in a row with the center of each port roughly 14 ¢cm off the floor of the
cage and with the whole row centered on the width of the panel. Each response port was a PVC housed
opening in the panel fitted with an IR receiver and transmitter that detected when the bird broke the
plane of the response port with its beak. This ‘poke-hole’ design allows starlings to probe the appa-
ratus with their beak, in a manner akin to their natural appetitive foraging behavior. Independently
controlled light-emitting diodes (LEDs) could illuminate each response port from the rear. Directly
below the center port, in the section of cage floor immediately adjacent to the panel, a fourth PVC
lined opening provided access to food. A remotely controlled hopper, positioned behind the panel,
moved the food into and out of the subject’s reach beneath the opening. Acoustic stimuli were deliv-
ered through a small full-range audio speaker mounted roughly 30 cm behind the panel and out of
the subject’s view. The SPL inside all chambers was calibrated to the same standard broadband signal.
Custom software monitored the subject’s responses and controlled the LEDs, food hoppers, chamber
light and auditory stimulus presentation according to procedural contingencies.

Stimuli

Song recording

Recordings of eight male European starlings were used to generate all the stimuli for this exper-
iment. The procedures for obtaining high-quality song recordings from male starlings have been
detailed elsewhere (Gentner & Hulse, 1998). Briefly, a minimum of 0.5 h of song was recorded from
each male while housed individually in a large sound-attenuating chamber. During recording, males
had visual and auditory access to a female starling (the same female was used to induce song from all
the males). The multiple songs of each bird were parsed into roughly 10 to 15-s exemplars of contin-
uous singing taken from the beginning, middle, or end of a typically much longer song bout. Human
observers labeled the motifs in each exemplar. These same stimuli have been used to explore the role
of motif familiarity in the recognition of individual songs in several studies (Gentner & Hulse, 1998,
2000; Gentner, Hulse, Bentley, & Ball, 2000; Gentner & Margoliash, 2003). None of the males whose
songs were used to generate the stimuli for the present study served as a subject in the operant testing
described here.

Procedure

Shaping

Subjects learned to work the apparatus through a series of successive shaping procedures. Upon
initially entering the operant chamber, the subject was allowed unrestricted access to the food hopper
on a variable interval schedule, and then taught through auto-shaping to peck at a flashing LED in the
center port to gain access to the food hopper. Once the subject pecked reliably at the center port to
obtain food, pecks to the center port caused the center LED to cease flashing and the LED in either
the left or right response port to begin flashing (side selected at random with equal probability). The
subject was then required to peck at the port with the flashing LED to raise the food hopper. Once
behavior to obtain food was again reliable (typically 100 trials), the center LED ceased flashing, while
the requirement to peck at the center port to trigger the left or right LED to flash remained in effect.
Shortly thereafter, pecks to the center port initiated the presentation of a song stimulus, and the trial
proceeded as described below. In all cases, initial shaping occurred within 1-2 days, and was followed
immediately by the start of song recognition training.

Song recognition training

Subjects learned to classify the two sets of song exemplars using a two-alternative choice (2AC)
procedure. Subjects initiated a trial by pecking the center response button to trigger immediately
the presentation of a single song exemplar. The specific baseline training stimuli are described in the
methods for each experiment. Following completion of the song exemplar, the subject was required
to peck either the left or the right response port within 2 s. Half of the song exemplars were associated
with the left response port and the other half with the right port. The training songs were divided
according to individual identity, such that a single individual sang the songs in each set. Thus, the
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baseline training corresponds to basic individual vocal recognition (Gentner & Hulse, 1998, 2000).
Correct responses (i.e. pecking the left/right port after hearing a song associated with that port) were
rewarded with access to the food hopper for 3 s. Incorrect responses (i.e. pecking the left/right port
after hearing a song associated with the opposite port) were punished by extinguishing the house
light for 2-10s and withholding food. Responses prior to completion of the stimulus were ignored.
The trial ended when either the food hopper retracted following a correct response, or the house light
re-illuminated following an incorrect response. The inter-trial interval was 2s. Incorrect responses,
and any trial in which the subject failed to peck either the left or the right key within 2 s of stimulus
completion initiated a correction-trial sequence, during which the initiating stimulus was repeated on
all subsequent trials until the animal responded correctly. Correction-trial data are not included in the
analysis. The song exemplar presented on any given trial was selected randomly (with replacement)
from the pool of all stimuli the animal was learning to recognize. Water was always available. Subjects
were on a closed economy during training, with daily sessions lasting from sunrise until sunset. Food
intake was monitored daily to insure wellbeing.

Test procedure

During later sessions, we presented test stimuli to gauge the basis for recognition abilities that each
subject acquired during baseline training. Prior to initiation of the first test session, the rate of food
reinforcement for correct responses and “punishment” (dimmed house lights) for incorrect responses
was reduced from 100% where it had been during baseline training. After performance stabilized at
reduced reinforcement rates, typically within one or two sessions, we began presenting test stimuli
on a subset of the trials. The specific test stimuli, their presentation rates, and the reinforcement rates
for probe sessions are given in the methods for each experiment. The test stimulus for a given trial was
selected randomly from the set of all possible test stimuli for that subject. We reinforced responses
to test stimuli non-differentially regardless of accuracy, such that each response to a test stimulus
had an equal, non-zero chance of eliciting a food reward, the same chance of eliciting punishment
(timeout without food), and some comparable (though not necessarily equal) chance of eliciting no
operant consequence. Because reinforcement of the test stimuli was random and non-differential with
respect to response outcome, subjects had no opportunity to learn to associate a given test stimulus
with a left or right response. Thus, the correct classification of test stimuli can be taken as strong
evidence for vocal recognition rather than rote learning of specific training exemplars (Hulse, 1995).
If there is no recognition, classification accuracy will be at chance.

Analysis

We used d-prime (d’) to estimate the sensitivity for classification of baseline training song stimuli,
and the various test stimuli as given by the equation:

d' = z(H) - z(F),

where H gives the proportion of correct responses to one stimulus class (hit rate), Fgives the proportion
of incorrect responses to the opposing stimulus (false alarm rate), and z() denotes the z-score of those
random variables. The measure d' is convenient because it eliminates any biases in the response rates
(e.g. due to guessing) that may vary across individuals and within individuals over time. To gauge
the effect of various song manipulations during the test sessions, we compared d’ values for different
stimulus classes using repeated measures ANOVA, and where appropriate used post hoc analyses to
quantify the significance of specific differences between mean d’ measures. We take d' = 0 to be chance
performance.

Confidence interval simulations

When considering the data for a single subject (Figs. 2, 4 and 8), we used simulations to generate
confidence intervals around either chance or a given bird's baseline performance over a number of
trials. For confidence intervals around chance, we simulated 1000 blocks of trials in which the number
of trials and overall response rates in a simulated block matched the real data (in 200-trial blocks for
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Fig. 2. Individual data for motif-probes. Each panel shows the behavior of an individual subject on motif-probe test trials.
Circles indicate performance (d') as a function of the number of motifs presented. The upper region of gray shading in each
figure is the 95% confidence interval around baseline performance, while the lower shaded region at the bottom of each figure
describes the 95% confidence interval around chance. Individual subject identities are at the top of each panel.
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training, or in blocks with the same number of trials as the experimental block of interest), but for
which the response selection (e.g. left or right) was randomized. For confidence intervals around a
bird’s baseline performance, we again created 1000 simulated blocks of trials. However, this time we
used a bootstrap technique in which each simulated block was created by randomly selecting, from
among all the baseline trials in a session, a number of baseline trials equal to the number of test trials
in the experimental block of interest. To calculate the confidence interval, we calculated d’ for each of
the 1000 simulated blocks. From this distribution of d’ values expected by either chance or the bird's
baseline performance, we took the 95th percentile as the critical statistical bound.

Comparisons across subjects

The absolute range of d' varies with trial number and response rate. To compensate for this in
statistical analyses involving comparisons between subjects, we verified all reported effects using a
normalized d’ in which we express the value for a given class of test stimuli as a proportion of baseline
performance: norm-d’'=(d’ test)/(d’ baseline). Analyses conducted on normalized d' values yielded
results qualitatively identical to those reported for the raw d’ measures. For ease of interpretation,
and unless otherwise noted, we show the raw d’ values and report the corresponding statistics.

Experiment 1

Starlings readily learn to classify the songs of individual conspecific singers at very high levels
of accuracy (Gentner & Hulse, 1998, 2000), and this ability is tied closely to the motif structure of
songs (e.g. Gentner, 2008). However, the large numbers of motifs within each song and their broad
acoustic variability are likely to yield many redundant cues to aid song classification. In Experiment
1, we trained birds to recognize songs from two singers, then measured classification accuracy for
subsections of the training songs by presenting (1) strings of 1-12 randomly ordered motifs from the
training songs or (2) continuous 0.1-12 s excerpts of a training song.

Methods

Subjects
Five starlings participated in Experiment 1. At the start of training, all birds were naive to the
operant apparatus and the stimuli used in the experiment.

Baseline training stimuli

Each stimulus set consisted of eight song exemplars drawn from the library of song bouts sampled
from a single bird, and eight exemplars drawn from the songs of another bird (16 exemplars total). The
singer of each set of song exemplars and the assignment of those exemplars to either the left or right
response port was counterbalanced across test subjects. Each exemplar was 15 0.5 s of continuous
song taken from either the beginning, middle, or end of a song bout, as described in the general meth-
ods. Many of the exemplars sampled from the beginning of a song bout included whistles, along with
other ‘warble’ motifs (i.e. ‘variable’ motifs, rattles, and high-frequency motifs; for motif nomencla-
ture, see Adret-Hausberger & Jenkins, 1988; Eens et al., 1991). Those sampled at later time points in a
bout comprised only ‘warble’ motifs. Previous data indicate that recognition is easily learned with this
length of a song exemplar (Gentner, 2008) and is unaffected by the relative position within a longer
song bout from which the exemplar is sampled and/or the broader motif classes it may or may not
contain (Gentner & Hulse, 1998).

Testing procedure and stimuli

After subjects had reached a stable, accurate level of performance on the baseline song classification
task, we lowered the rate of reinforcement and punishment from 100% to 60%. Thus, on 40% of the
trials there was no consequence for an operant response. We presented two types of test stimuli in
separate sessions: (1) arandom assortment of 1-12 motifs drawn from the songs used during baseline
training, referred to as a “motif-probe”, and (2) 0.1-12.0 s excerpt of continuous song drawn from one
of the baseline training songs, referred to as an “excerpt-probe”.
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To construct the motif-probe stimulus on each trial, we chose randomly, with replacement and
equal probability, from the set of all motifs that made up the eight songs in one of the two baseline
training classes for a given subject. Motifs from the two baseline training classes were never combined
inasingle test exemplar. The same motif could appear multiple times within a given test sequence, but
never in two or more consecutive positions (i.e. there were no consecutive motif repeats). Preliminary,
unpublished data suggest that neither motif repetition nor motif selection from a common training
song affects recognition under these conditions. The motif-probe test stimuli were presented on 10% of
trials, chosen at random. Subjects were presented an average of 146 x4 (range: 99-197) motif-probe
stimuli with a given number of motifs (1-12). We presented a maximum of 12 motifs because that
was the smallest number contained in any of the baseline training stimuli.

To construct the excerpt-probe stimulus on a given trial we randomly chose a continuous portion
of song from a randomly selected baseline training song such that the excerpt had a given duration and
offset from the start of the original training exemplar. The duration and offset of each excerpt-probe
was drawn from a uniform distribution of values ranging between 0.100-12.000s and 0-12.000s,
respectively. The magnitude of the offset chosen on any given trial necessarily constrains the maximum
duration of the stimulus that can be excerpted from the song. As the baseline training stimuli were all
roughly 15-s long, the values used here allow us to examine recognition of excerpts from 0.1 to 3s long
taken at all offset values between 1 and 12 s. For excerpts longer than 3 s, the maximum offset we could
examine decreased proportionally. The exact value chosen for the duration and offset on any given
trial varied at millisecond resolution. Because the excerpt algorithm was agnostic to natural motif
boundaries, we added a 10-ms linear ramp to the start and end of the excised waveform to eliminate
any potential onset or offset transients induced by the signal manipulation. Subjects were presented
an average of 642 £ 69 (range: 57-1906) excerpt-probe stimuli in each of 12 classes (defined by their
duration, see below). Shorter duration excerpts could appear with a greater range of possible offsets,
and so appeared more frequently than longer duration excerpts.

Analysis

We computed d' for all relevant classes of the stimuli. For the motif-probes, we binned stimuli into
classes according to the number of motifs in each test stimulus. For the excerpt-probes, we binned
the stimuli into 12 1-s bins: 0.000-1.000s, 1.001-2.000s, 2.001-3.000s, etc., and computed the cor-
responding d’ for stimuli in each bin. For all probe stimuli in a given bin, the ‘hit rate' was taken to
be the proportion of correct responses to test stimuli derived from one baseline singer, and the ‘false
alarm rate’ is the proportion of incorrect responses to test stimuli derived from the opposing singer.
The explicit choice of the singer tied to ‘hit’ or ‘false alarm’ proportions does not affect the value of d'.

Results

All subjects learned to recognize the 16 baseline training songs very quickly and ultimately reached
ahighdegree of accuracy in classifying the songs of the two singers. Fig. 1B shows the mean acquisition
curve for the five birds exposed to the baseline training in Experiment 1. Recognition performance
improved significantly over the course of learning (F4, 49)=13.8, p<0.0001, rmANOVA, main effect
of training), and performance, averaged across subjects, was consistently above chance levels by the
ninth 200-trial block (Fig. 1B). On average subjects required 3699 £ 369 trials (range: 2714-4905) to
reach a stable performance criterion where d’ was greater than 1.0 for three consecutive 200-trial
blocks. The mean (£sem) d' immediately prior to the start of the first test session was 3.05 (+0.32),
demonstrating very accurate recognition of the songs in each class.

Once subjects had reached a stable asymptotic level of performance on the baseline training songs,
we lowered the rate of reinforcement and shortly thereafter began the test sessions with the motif-
probe songs (methods). Each motif-probe stimulus was a random sequence of 1-12 motifs drawn from
the baseline training songs with the constraint that motifs from different singers never combined into
the same motif-probe stimulus. Thus, the individual identity of the original singer was preserved in
the large set of motif-probe stimuli.

In general, the more motifs that appeared in each test stimulus, the easier it was for each subject
to recognize the correct singer (Fig. 2). Although there was considerable variability across subjects,
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Fig. 3. Mean performance on motif-probes. Mean d' for individuals (light gray lines) and averaged across subjects (black line,
+sem) as a function of the number of motifs in a test song.

increasing the number of motifs in the test stimulus from 1 to 12 had a significant impact on average
recognition accuracy (Fi4, 11)=5.39, p <0.0001, rmANOVA with all probe classes, Fig. 3). With only a sin-
gle motif, mean performance (d' = 0.14 £ 0.39) was not above chance (¢t =0.36, df = 4, NS, t-test). With as
few as two randomly chosen motifs, mean recognition performance was still modest (d' = 0.77 + 0.20),
but nonetheless significantly above chance (¢t =3.82, df=4, p=0.018). For 12-motif sequences, recogni-
tion performance, average across subjects, was very high (d'=2.02 4 0.27, Fig. 3) and was significantly
above chance (t=7.59, df =4, p=0.0016). Even when the probe stimulus contained 12 motifs, however,
mean recognition was still significantly lower than that for the baseline songs presented during the
same sessions (d’ for baseline stimuli = 2.86 4 0.26; t= 2,98, df =4, p=0.04 paired t-test), and the mean
normalized d’ (a ratio of probe:baseline performance) was significantly less than 1 (ratio = 0.69 + 0.08;
t=3.765, df=4, p=0.019).

Although the increase in performance with more motifs was roughly monotonic, it is not linear.
The mean response curve (Fig. 3) shows abrupt steps between 1- and 2-motif sequences, another
between 6 and 7-motif sequences, where average performance moves well-above chance, and a third
large shift between performance on 11- and 12-motif sequences. Examining the data more closely
confirms these intuitions. Among the motif-probes containing 2-6 motifs, there is no significant effect
of increasing the number of motifs in a given test stimulus (Fi4, 4)=0.50, NS). Likewise, among motif-
probes containing 7-11 motifs, there is no significant effect of increasing the number of motifs in
a given exemplar (Fi4 4)= 1.42, NS). Thus, most of the improvement in average performance across
the range of motif-probes comes from the increases between 1-2, 6-7, and 11-12 motifs. We note,
however, that there is significant variability across subjects (Fig. 2).

After responding to a sufficient number of motif-probe stimuli from each of the 12 classes, we
returned subjects to the baseline training songs only. We confirmed their stable performance on the
baseline songs over several sessions, and then began the test sessions with the excerpt-probe songs
(see methods). Recall, that each excerpt-probe stimulus was a random, 0.1-12.0s continuous sub-
section of song drawn from the baseline training songs. We measured performance as the ability to
maintain accurate recognition of the individual identity of the singer from whose song the excerpt
was drawn. Due to a programming error one subject produced no useable data.

As with the motif-probes, the longer the duration of the song excerpt in each probe stimulus,
the easier it was for subjects to recognize the correct singer (Fig. 4). To analyze the results of these
probe sessions, we collapsed the different length stimuli into 12 1-s bins, ranging from 0.01-1.00 to
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Fig. 4. Individual data for excerpt-probes. Each panel shows the behavior of an individual subject on excerpt-probe test trials.
Circles indicate performance (d') as a function of the duration of the excerpt-probe, with confidence intervals and labels as
in Fig. 2. Values on the x-axis are the upper edge of the 1-s test stimulus bin, e.g. *3' represents test stimuli 2.001-3.00058 in
duration.

11.01-12.00 s (methods) and computed the d’ value (for each bird) for all the stimuli that fell into each
bin. Initially, we ignored any potential effects due to differences in the offset of a given excerpt from
the start of the source song by collapsing across all excerpts of a given length. Increasing the duration
of the test stimulus from 1 to 12s had a significant impact on recognition accuracy (Fz 11)=12.07,
p<0.0001, rmANOVA with all probe classes; Fig. 5). As shown in Fig. 5, the overall change in per-
formance with increasing excerpt duration was monotonic and smooth. When presented exemplars
0.1-1.0s long, recognition accuracy (d’ = 0.04 + 0.06) was not significantly above chance (¢t =0.76, df =3,
NS). Lengthening the probe stimuli slightly, to between 1 and 2s, produced a rise in performance
(d'=0.13 £0.02) to a level that was still modest, but significantly greater than chance (t=3.68, df=3,
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Fig. 5. Mean performance for excerpt-probes, Mean d' for individuals (light gray lines) and averaged across subjects (black line,
4+sem) as a function of the duration of the test stimulus, The x-axis is labeled as in Fig. 4.

p=0.034). For excerpt-probe stimuli 11-12s long, mean performance (d'=1.42 +0.37) was signifi-
cantly above chance (t=3.79, df=3, p=0.032), but still significantly below baseline performance (d
for baseline=2.61+0.23; t=4.711, df=3, p=0.018, paired t-test) and the mean normalized d’ was
significantly less than 1 (ratio=0.54 £ 0.13; t=3.660, df=3, p=0.035).

In addition to examining the effect of stimulus duration on recognition performance, the excerpt-
probe stimuli also provide a means for examining how different regions of the training stimuli may
contribute, on average, to recognition performance. For example it could be that either the initial or
terminal portions of songs hold particular relevance in guiding performance. To test for such effects,
we examined performance on 1-, 2- and 3-s excerpt-probe stimuli as function of each probe’s offset
relative to start of the source training song. As probe duration increases, the range of possible offsets
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Fig. 6. Stimulus offset. Mean (£sem) d', across subjects, plotted as a function of test song offset (in seconds) relative to the start
of the stimulus. Data for excerpt-probe stimuli of 1, 2 and 3 s are plotted separately.
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Fig. 7. Comparison performance for Experiment 1. Mean (£sem) normalized d for motif-probe (open circles) and excerpt-probe
(filled circles) stimuli plotted as a function of the approximate duration of each test stimulus (see text).

decreases. Thus, we restrict our analysis to these three durations because responses to them can be
observed over a wide range of offsets (0-10s). We observed no effect of relative offset for any of
the three excerpt-probe durations (Fi3 10)=0.77, Fi3,10)=0.27, F3,10)=0.91, for 1, 2, and 3-s excerpt-
probes, respectively, p>0.5 all cases). Fig. 6 shows the similarity in performance across all of these
probe conditions, and in the mean performance across subjects.

Itis also helpful to consider performance in the motif- and excerpt-probe conditions together. Rig-
orous comparisons between specific stimuli in these conditions is hampered somewhat by differences
in how the two types of probe stimuli are binned for analysis. On average, however, motifs are roughly
1slong and so direct comparisons across excerpt-probe time-bins and numbers of motifs is reasonable
(Fig. 7). Comparing between the two probe conditions in this way, we observe roughly similar patterns
of response for similar duration test stimuli. Overall, subjects’ tended to perform slightly better on the
motif-probe stimuli than excerpt-probes of comparable length, but the advantage was not statistically
significant (F33, 17y = 1.32, NS, interaction of probe length with condition).

Conclusions

The results of Experiment 1 confirm the intuition that as more vocal material is added to the
test songs, in both conditions, recognition performance improves. With very little vocal material,
either 1 motif or less than 1s of song, performance is at chance levels. With 12 motifs or 125 of song,
performance is markedly better and well-above chance. On average, performance over the range of
intermediate stimuli, from small to large amounts of song material, showed a monotonic increase in
performance correlated with the amount of song in each test stimulus. The transition from short to long
excerpts was much smoother, however, than the transition from few to many motifs. Although not
statistically significant, it was somewhat surprising to observe that performance on the motif-probe
stimuli tended to slightly lead performance on the excerpt-probe stimuli. Given that the excerpt-
probes preserve the relative temporal relationships between motifs that subjects experience during
baseline training, one might predict performance on these stimuli to lead that on the motif-probes
where all these relative temporal relationships are abolished. The poorer performance may reflect the
fact that excerpts could violate the natural start and stop points for single motifs, thereby rendering
the first and last motifs in each excerpt more difficult to recognize.
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Most subjects were generally above chance even for very small sets of motifs (2-6 motifs) but
only marginally so. The inter-subject variability observed in the pattern of responding to the motif-
probes may reflect different solution strategies and/or a reliance on different sized sets of motif for
recognition. Thus, for any given bird, estimating the minimum number of motifs necessary for accurate
recognition is difficult. We can say, however, that above chance recognition is possible in principle,
and on average, with as few as two randomly selected motifs. The most reliable gains in recognition
(across subjects) do not come until more than seven motifs are strung together. It is not clear what
significant change in information is achieved when more than seven motifs are selected. Presumably
this threshold is related to the overall size of (i.e. number of motifs in) the training sets, and the
corresponding subset of motifs that subjects use to solve the task. Whatever the underlying cause, the
non-linear nature of results from motif-probes contradicts a strategy where subjects learn only a single
“diagnostic” motif (or sub-motif acoustic feature). Such a strategy would predict that as the number
of motifs in each probe sequence increased, the likelihood of choosing the diagnostic motif would
increase linearly. Similar arguments apply to larger sets of diagnostic motifs, although the probability
of selecting all such motifs by chance decreases exponentially as the number of putatively diagnostic
motifs increases. Based on these results, we conclude that the random selection of motifs from training
songs is a reasonable proxy, but nonetheless incomplete dimension, along which to model the features
that control individual song recognition.

Consistent with the foregoing ideas, there appear to be no strong effects tied to the position of
song material within the source stimulus. Excerpt-probe stimuli drawn from the start or middle of a
training song were just as recognizable as those drawn from the terminal portions. We note, however,
that variance was high in the offset-probe tests, and that this may obscure more subtle effects tied
to the position of exemplars within a stimulus. Likewise, individual birds may possess idiosyncratic
strategies tied to specific training exemplars that are washed out in the kinds of averaging required
to address the role of offset in the present case.

Overall, the results support the conclusion that starlings extract numerous cues to individual vocal
recognition from each training song, that these cues are distributed over temporally broad regions of
each song, and that adding more cues improves recognition in a graded fashion. No single feature/motif
or set of features/motifs can be seen as both necessary and sufficient for individual vocal recognition
in starlings.

Experiment 2

In Experiment 2, we trained birds to classify conspecific song and then tested their classification
accuracy on test stimuli that had portions of their acoustic material replaced by continuous regions of
white noise. This is a complementary manipulation to that of Experiment 1, and we were therefore able
to assess different aspects of the birds’ classification of conspecific song based on degraded versions
of training stimuli. Whereas Experiment 1 presented test material that could start and stop at any
region of the training stimulus, and could be out of order with respect to the training stimuli in the
case of the motif-probe stimuli, the test stimuli in Experiment 2 maintained the relative and absolute
timing information present in the training stimuli while still limiting the amount of acoustic material
available to the bird.

Methods

Subjects
Five starlings participated in Experiment 2. At the start of training, all birds were naive to the
operant apparatus and the stimuli used in the experiment.

Baseline training stimuli

For each bird, two roughly 10-s segments of starling song from one singer were assigned to the left
response port and two segments of song from a different singer were assigned to the right response
port. The specific songs used during training and their left or right key assignments were varied across
subjects. In total, eight different stimuli were used across the five birds tested (duration, mean +sd:
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9.860+0.657 s]. We calculated d' over 200-trial blocks to assess performance. Birds were maintained
on the baseline training task until completing at least three consecutive 200-trial blocks with d"
significantly above chance (see general methods).

Testing procedure and stimuli

Once each bird reached behavioral criterion on the baseline training, we decreased the rate of
reinforcement to 40%, so that on 60% of the trials, there was no consequence for an operant response.
We then began introducing test stimuli. During testing, each trial initiated by the bird had a 50% chance
of being a baseline trial and a 50% chance of being a test trial, here referred to as a “noise-probe”
stimulus. Baseline trial stimuli were the same as the training stimuli, and had the same behavioral
contingencies. For noise-probe stimuli, a baseline stimulus was chosen and then a random offset was
selected uniformly from the beginning of the stimulus at a 1-ms resolution (range: 1-9858 ms, mean
3163 ms, sd 2230 ms). Starting at this offset, a random duration was then selected uniformly from
the remaining portion of the stimulus, again at a 1-ms resolution (range: 2-9586 ms, mean 3112 ms,
sd 2232 ms). The region of song beginning at the selected offset and lasting for the selected duration
was then replaced with broadband white noise. Note that the range of the possible durations are
constrained by the particular offset selected for a given trial, so that noise-probe stimuli that had later
offsets necessarily had fewer possible duration values that could be selected. The mean amplitude
of the white noise was the same in each noise-probe so that the noise itself carried no information
about the identity of the acoustic information it was replacing. Noise-probe stimuli were reinforced
non-differentially, meaning that the operant response of the bird had an equal chance of eliciting a
reward or a punishment (see general methods).

For analysis, we binned the noise-probe stimuli into 9 1-s bins: 0.000-1.000s, 1.001-2.000s,
2.001-3.000s, etc., and computed the corresponding d’ for stimuli in each bin as described in Experi-
ment 1,

Results

Subjects learned to accurately recognize and classify the four baseline training songs ultimately
reaching a high level of performance. As in Experiment 1, recognition performance improved signif-
icantly over the course of learning (Fi4_43) = 3.699, p <0.0001, rmANOVA, main effect of training). The
mean (£sem)d’ immediately prior to the start of the first test session was 2.62 (+0.45), demonstrating
accurate recognition of the songs from each singer.

Responses to the noise-probe stimuli showed a pattern consistent with the results of Experiment
1. Recognition performance for all birds became degraded as the duration of white noise in each noise-
probe stimulus increased (Fig. 8). To assess this change quantitatively, we collapsed test stimuli into
nine bins based on the duration of noise in each (methods), and computed the d’ value for all of the
test stimuli in each bin (Fig. 9). Increasing the duration of the white noise in each probe stimulus
(thereby decreasing the amount of song) significantly affected the birds’ classification performance
across these nine bins (F4 g)=14.935, p<0.0001, rmANOVA main effect of noise duration).

Across all birds, mean performance on noise-probes was indistinguishable from baseline when
noise was substituted for 0-1s of song (d’ for noise-probes =2.20+0.31; d’ for baseline = 2,20 + 0.26;
t=0.047, df=4, p=0.517, paired t-test). For all the other noise-probe stimuli, with more than 1s of
noise substituted for songs, recognition was significantly below baseline performance (p <0.05, df=4,
all cases, paired t-test), and decreased monotonically with increasing noise durations (Fig. 9).

Although performance fell below baseline values when more than 1-s of noise was substituted for
song, recognition accuracy remained above chance for all durations of noise examined. Even when
presented with test stimuli that included 8-9 s of noise, the most severe stimulus degradation tested,
birds were able to perform the classification task significantly above chance levels (d' =0.783 £ 0.26;
t=3.075,df=4, p=0.019). Thus, birds could still recognize the correct singer of a song when presented
with as little as 9-11% of a baseline stimulus, on average.

The results are consistent with those of Experiment 1 where increasing the total amount of song
available to the bird improved recognition. To compare the results of Experiments 1 and 2 directly, we
classified excerpt-probe and noise-probe stimuli as the proportion of song remaining (relative to the
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Fig. 8. Individual data for noise-probes. Each panel shows the behavior of an individual subject on noise-probe test trials.
Circles indicate performance (d') as a function of the duration of the noise in each probe stimulus, with confidence intervals
and labels as in Fig. 2. Values on the x-axis are the upper edge of the 1-s test stimulus bin (e.g. *3" represents test stimuli with
noise 2.001-3,000s in duration).
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Fig. 9. Mean performance for noise-probes. Mean d' as in Fig. 3, with x-axis labeled as in Fig. 8.

original) in a given test stimulus, binned the probes into 10 equal-proportion bins, and calculated a d’
value for each bin. Because of the way the stimuli were constructed, we had insufficient data to estimate
performance for bins with a proportion of 0.8-1.0 for the excerpt-probes and 0.9-1.0 for noise-probes.
The results of this comparison are shown in Fig. 10. Both conditions showed similar improvement in
recognition over comparable ranges of probe stimuli, but recognition of the noise-probe stimuli was
clearly better than that of the excerpt-probes. To assess the rate at which behavior improved as a
function of available training song, we fit lines to both datasets. The results of the linear regression for
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Fig. 10. Comparison performance on excerpt-probe and noise-probe test stimuli. Mean (£sem) normalized d for excerpt-
probe(solid line, filled circles) and noise-probe (dashed line, open circles) stimuli plotted against the proportion of baseline song
remaining in the test stimulus. Thin lines show the linear regression for data in each condition. Excerpt-probe: y = 0.79 x x - 0.03,
R? = 0.98; noise-probe: y=0.73 x x+0.33, R? =« 0.94.
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the excerpt-probe stimuli (Y-intercept = ~0.031, slope = 0.785, R? = 0.980) and the noise-probe stimuli
(Y-intercept =0.333, slope =0.730, R? = 0.944), produced a very similar slope, suggesting that the gain
in performance seen with increasing baseline stimulus material in Experiment 1 was similar to the
gain seen in Experiment 2. The difference in the Y-intercept values indicates that recognition of the
excerpt-probe stimuli in Experiment 1 was, overall, more difficult than recognition of the probe stimuli
in Experiment 2.

Conclusions

The results of Experiment 2 demonstrate that substituting noise for continuous regions of a famil-
iar song can systematically impair song recognition. Recognition performance on noise-probe stimuli
is indistinguishable from baseline levels until more than 1s of the song is masked, after which per-
formance decreases monotonically with increasing noise duration. Importantly, however, accurate
classification performance was maintained at all noise durations tested. The ability of birds to cor-
rectly recognize the individual singer based on as little as 9-11% of a learned song segment supports
the conclusion that the representation of a given conspecific song is distributed across a large portion
of the acoustic material available to the bird, and not simply in a few salient auditory features.

In isolation, the results of Experiment 2 could be explained by a generalization decrement. That
is, substituting noise for increasingly larger portions of a training song may simply render each probe
stimulus more dissimilar to its noise-free version. This dissimilarity, rather than impaired recognition,
may account for the observed change in performance. We take up this question in the general discus-
sion and argue that recognition provides a more parsimonious explanation consistent with all of the
present results and those from previous studies of song perception in starlings.

Although not directly assessed in the same subjects, the normalized performance values were
higher on average in Experiment 2 than in Experiment 1, even when accounting for the level of per-
formance on the training stimuli. This difference may be tied to the availability of absolute timing
information present in the noise-probe stimuli, but absent in the motif-probe and excerpt-probe stim-
uli. It is also possible that differences in performance across the two experiments reflect disparities
in the training sets used for each condition. There was much more material for each bird to recognize
in Experiment 1 than in Experiment 2 (Experiment 1: 16 songs per subject, mean duration 14.97s;
Experiment 2: 4 songs per subject, mean duration 9.86 s). Dissociating these potential effects requires
additional experimentation.

General discussion

The results of Experiments 1 and 2 provide converging evidence in support of the conclusion that
knowledge of the songs acquired during individual vocal recognition is distributed across significant
portions of conspecific song. Recognition is not restricted to a single motif, or a single region of song.
Furthermore, recognition is redundant in that no single acoustic feature of song is necessary, and
multiple features (or motifs or regions) are sufficient to enable accurate recognition.

Observations from the present studies provide much greater detail in our understanding of the
features that guide song recognition. Across both probe conditions in Experiment 1, performance was
consistently below baseline recognition. Even when provided with very large amounts of material,
either 12 motifs in the first probe condition or 12's of song in the second, performance never reached
parity with the baseline accuracy. Subjects always performed better on the baseline songs than on the
probe stimuli. In both probe conditions, the maximum number of motifs or test stimulus duration never
reached the average number of motif/duration for the baseline songs. Baseline training songs had, on
average, about 14 motifs and lasted about 15 s. Therefore, we cannot rule out the possibility that adding
more motifs (or increasing the duration) of the test stimuli might have brought performance in line
with that seen for the baseline. One would expect this to be the case for increasing the duration of the
excerpt-probe stimuli. However, some deficit in recognition for motif-probe stimuli, even for long runs
of randomly sequenced motifs, is consistent with previous work showing that temporal patterning of
motifs in the training songs can affect recognition (Gentner, 2008; Gentner & Hulse, 1998).
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Multiple lines of converging evidence support the conclusion that motifs function as an important
natural perceptual unit for song recognition in starlings. Synthetic songs that follow the natural motif
sequence patterns of each individual are recognized without discernable impairment compared to
natural songs (Gentner & Hulse, 1998). Recognition performance of starlings tested with chimeric
songs composed of differing proportions of familiar motifs is predicted by the ratio of motifs from
each singer (Gentner & Hulse, 2000). Abolishing the sub-motif structure in learned songs leads to
significant deficits in song recognition, and sensitivity to motif-level organization emerges without
explicit reinforcement (Gentner, 2008). Moreover, familiar motifs (presented in isolation) elicit robust
extracellular responses from single auditory neurons in the starling forebrain (Gentner & Margoliash,
2003; Jeanne, Sharpee, & Gentner, 2008; Thompson & Gentner, 2008). Finally, the vocal production of
single motifs is highly stereotyped across multiple iterations by the same singer, the natural repetition
structure of song operates at the motif level, and where song sharing does occur, it is motifs that are
shared. To this long list we can add the results of the present study showing that on average, presenting
arandomly chosen, non-sequential, pair of familiar motifs is sufficient for recognition at above chance
levels.

In all cases tested, full recognition performance is only maintained when motif structure is intact,
but motifs are not the only temporal scale for song perception. Previous results suggest that starlings
are also sensitive to features at temporal scales below the motif level (Gentner, 2008) and at temporal
scales that span multiple motifs. Starlings can more easily recognize strings of familiar motifs that
follow familiar motif transitions than those that have random transitions between motifs (Gentner
& Hulse, 1998). Starlings can also learn to recognize patterns defined over disjoint sets of motifs, e.g.
the patterns a;bia;by and a;byba;, where a;; are elements of one set of familiar motifs and by are
elements of another set (Gentner, Fenn, Margoliash, & Nusbaum, 2006). Together, the data indicate
that different tasks can focus attention on the song in differing ways. The fact that songs carry salient
information at temporal scales longer and shorter than that of the motif should not be surprising. The
same is true in humans. Human listeners trained with speech synthesizers to recognize either words
or sentences show no generalization across context (Greenspan, Nusbaum, & Pisoni, 1988). Likewise,
humans trained under specific conditions to extract relevant speech cues from sentences of natural
speech generalize identification only to words within sentences, not to isolated words (Nygaard &
Pisoni, 1998).

Our discussion of starlings’ behavior in the kind of operant tasks presented here turns on the notion
that birds learn to recognize sets of songs (or sets of motifs composing songs) associated with each
response. This follows from the well-documented ability of individual vocal recognition in all songbird
species studied (Stoddard, 1996). It is important, however, to consider simpler explanations that may
fit the pattern of data. The results from Experiment 2, in particular, can be interpreted in terms of a
generalization decrement, whereby performance falls as probe stimuli become increasingly dissimilar
to the training stimuli when more noise is added. Several lines of evidence contradict the generalization
decrement hypothesis. Following nearly identical baseline training, starlings can continue to classify
novel songs very accurately, i.e. without any detectable response decrement, so long as the novel songs
contain at least some number of familiar motifs. This is true even when the novel songs represent
substantial permutations of the training songs, either because familiar motifs from multiple trainings
songs are combined to make the test songs (Gentner & Hulse, 1998, 2000), or because substantial
portions of the motifs in the test songs are completely unfamiliar (Gentner & Hulse, 1998; Gentner et
al., 2000). A similar maintenance of recognition in the face of training song permutation can be seen
in the results of Experiment 1, where probe songs are composed of motifs drawn (randomly) from
multiple training songs and presented in a random order. In this case, similarity to any single training
song is low, yet accuracy steadily improves as more motifs are added to the probe songs. Given that the
baseline training for Experiments 1 and 2 was very similar, we contend that recognition, not stimulus
generalization, is the most parsimonious description of the behavior during all the probe sessions
described here (and in our earlier studies).

One interesting conclusion based on the present results is that part of the way singer iden-
tity is represented in songs is tied to the relative and absolute timing of motifs (or other
acoustic features) within the song. The improvement in recognition for Experiment 2 over the
excerpt-probes from Experiment 1 is consistent with this idea. Results demonstrating that star-
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lings are sensitive to both relative and absolute motif position cues (unpublished) support this
hypothesis.

Having a recognition system sensitive to distributed information, such as that implied by the cur-
rent results would be adaptive in several ways. Under natural conditions, a singer’s vocalizations may
be degraded in multiple ways before reaching the receiver. The kind of recognition system described
here would be resilient to masking by environmental sounds or perhaps even other singers, and to
song bout interruptions on the part of the singer and partial reception by the receiver. The general
finding that starlings need only a relatively small portion of acoustic material, taken from any number
of points in a bout, to correctly recognize singers points to an auditory system that is adapted to these
sorts of environmental challenges.

The finding that recognition increases (or decreases) gradually with the addition (removal) of vocal
material in songs means that, at least under these kinds of training conditions, behavior cannot be
considered as a dichotomous (either/or) dependent measure of song, but rather a more probabilistic
judgment of singer identity. This may reflect the fact that vocal identity itself, as coded in the acoustics
of the song, is more probabilistic than discrete, or that the underlying decision mechanisms that
ultimately transform information coded in song to behavior are themselves probabilistic. Answering
these kinds of questions is not a simple endeavor. It requires precise control over singer identity,
song acoustics, recognition behavior, and access to dependent measures at multiple points in the
neural processing chain. The latter requirement points to one of the great strengths of the songbird
system in general, and of vocal recognition in starlings, more specifically, as this species provides
one of the few organisms in which all these measure are feasible. The work described here sets the
stage for further manipulations that will directly control recognition behavior under more invasive
physiological procedures, such as awake, chronic electrophysiology (Knudsen & Gentner, 2009).
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Knudsen DP, Gentner TQ. Active recognition enhances the
representation of behaviorally relevant information in single auditory
forebrain neurons. J Neurophysiol 109: 16901703, 2013. First pub-
lished January 9, 2013; doi:10.1152/jn.00461.2012.—Sensory sys-
tems are dynamic. They must process a wide range of natural signals
that facilitate adaptive behaviors in a manner that depends on an
organism’s ly changing goals. A full understanding of the
sensory physiology that underlies adaptive natural behaviors must
therefore account for the activity of sensory systems in light of these
behavioral goals. Here we present a novel technique that combines in
vivo ¢lectrophysiological recording from awake, freely moving song-
birds with operant conditioning techniques that allow control over
birds’ recognition of conspecific song, a widespread natural behavior
in songbirds. We show that engaging in a vocal recognition task alters
the response properties of neurons in the caudal mesopallium (CM),
an avian analog of mammalian auditory cortex, in European starlings.
Compared with awake, passive li g, active engagy of sub-
jects in an auditory recognition task results in neurons responding to
fewer song stimuli and a decrease in the trial-to-trial variability in
their driven firing rates. Mean firing rates also change during active
recognition, but not uniformly. Relative to nonengaged listening,
active recognition causes increases in the driven firing rates in some
neurons, decreases in other neurons, and specific changes in
other neurons. These changes lead to both an increase in stimulus
selectivity and an increase in the information conveyed by the neurons
about the animals’ behavioral task. This study demonstrates the
behavioral dependence of ncural responses in the avian auditory
forebrain and introduces the starling as a model for real-time moni-
toring of task-related neural processing of complex auditory objects.

behavioral electrophysiology; auditory cortex; birdsong; task engage-
ment; behavioral state

SENSORY SIGNALS MUST GUIDE many different behaviors (e.g.,
feeding, predator avoidance, mating), and the mappings from
neural sensory systems to behaviors are not fixed. As an
organism interacts with the environment, both the sensory
signals and the animal’s behavioral goals for these signals
change over time. For example, the salient color and smell of
a tasty berry that an animal has previously eaten when hungry
may be ignored when the animal is sated. These dynamic
components make the challenge of understanding sensory en-
coding more difficult, as any complete functional description
must account for changes in the stimulus representation in
relation to each animal’s goals. Indeed, goal-dependent mod-
ulation of sensory representations can be powerful and broad,
ranging from presynaptic inhibition on sensory afferents only
during certain behaviors in invertebrates (Gaudry and Kristan

Address for reprint req and other correspond : T. Q. Gentner,
Psychology Dept., Univ. of California San Dicgo, 9500 Gilman Dr. #0109, La
Jolla, CA 92093-0109 (e-mail: tgentner@ucsd.edu).

2009) to attentional modulation in visual and auditory cortices
(Hubel et al. 1959; Mesgarani and Chang 2012; Moran and
Desimone 1985). It is likely that the goals of an organism are
continuously shaping the sensory system transformations to
highlight relevant stimulus features and attenuate distracting
clements.

Studying behavioral goal-dependent modulation of sensory
encoding requires tight control over an organism’s behavior.
One simple method for studying behavioral modulation of
sensory representations is to observe neural activity when an
animal is engaged in a task that requires the use of sensory
information and then compare this activity to that observed
when the animal is not actively engaged in the task. Any
changes in the neural representation of the stimuli under these
two conditions must be attributed to the animal’s engagement
in the task. In the auditory system, the effects of task engage-
ment on the activity of neurons have been studied in a variety
of species, including monkeys (Hocherman et al. 1976; Miller
et al. 1972; Niwa et al. 2012), cats (Lee and Middlebrooks
2011), ferrets (Fritz et al. 2003), and rats (Otazu et al. 2009).
Changes due to task engagement range from general increases
and decreases in spontancous and driven neural activity to
more task-specific effects such as the suppression of responses
to distracters (Otazu et al. 2009) or the increase in sensitivity to
task-related target features (Fritz et al. 2003; Lee and Middle-
brooks 2011; Niwa et al. 2012; see Sutter and Shamma 2011
for a detailed review). These studies provide important insights
into the ways that task engagement can alter auditory repre-
sentations but are limited by the use of artificial stimuli in
organisms performing simple laboratory tasks. Because adap-
tive behaviors can powerfully modulate an animal’s goals,
understanding will likely benefit from the use of natural stimuli
in realistic contexts.

The songbird auditory system provides an excellent model
for studying the neural substrate of ethologically relevant
behavior involving complex natural stimuli (Doupe and Kuhl
1999; Gentner and Ball 2005; Knudsen and Gentner 2010;
Marler 2004; Pinaud and Terleph 2008; Theunissen and Shae-
vitz 2006). Birds participate in a variety of acoustically medi-
ated natural behaviors such as territory defense, mate attraction
(Catchpole and Slater 1995), and recognition of song type
(Beecher et al. 1994) and conspecific individual identity (Gent-
ner and Hulse 2000). These behaviors depend critically on
differences in the acoustic features in other birds’ songs, and
recent studies suggest that the avian auditory system is poised
to preferentially represent those acoustic features that are
particularly relevant to an individual bird’s experience. Mov-
ing from the songbird auditory periphery into more central



auditory regions, neural receptive fields become increasingly
complex; linear response models describe less and less of the
variance in the neurons’ song-evoked, time-varying firing rates
(Woolley et al. 2005). That is, higher-order auditory regions
are less likely to be driven by simple stimuli like pure tones or
noise bursts, requiring more complex acoustic stimuli such as
conspecific song to drive their responses. Many neurons in
these regions show selectivity among different segments of
song, which may arise as a function of the combination of
feedforward inputs representing less complex features (Meliza
et al. 2010). In addition, many of these secondary auditory
regions show strong experience-dependent effects, displaying
increased (Gentner and Margoliash 2003) or decreased
(Thompson and Gentner 2010) responsiveness for songs that
birds have learned to classify, and increased information about
learned stimulus identity and task-relevant classification
(Jeanne et al. 2011). These studies suggest that powerful
changes can be effected in the representation of acoustic
stimuli based upon a bird’s behavioral experience but have
focused on changes observed at one time point, after learning
and during neurophysiological recordings in anesthetized ani-
mals. These are therefore strong candidate regions for display-
ing behavioral state-dependent modulation. The goal of the
present research was to determine the nature of these modula-
tions, if they exist.

Here we present a novel technique for studying extracellular
neurophysiology in European starlings (Sturnus vulgaris)
while birds perform behaviors mediated by natural stimuli. We
trained birds in operant tasks where they learned to recognize
a number of conspecific starling songs and then recorded
extracellular action potentials from single units in the caudo-
medial mesopallium (CM), an avian analog of mammalian
auditory cortex (Butler et al. 2011) that undergoes strong
experience-dependent learning effects (Gentner and Margo-
liash 2003; Jeanne et al. 2011). We compared responses while
birds actively engaged in the auditory recognition task to
responses to the same stimuli while the birds were not engaged
in the task and found that the behavioral state of the animal
modulates the activity of the majority of neurons recorded in
CM. Some neurons show systematic increases in their driven
firing rate, others show systematic decreases, and yet others
display stimulus-specific changes in firing rates. At the popu-
lation level, task engagement causes neurons to be excited by
fewer stimuli, leading to a corresponding increase in stimulus
selectivity. Additionally, task engagement leads to a decrease
in trial-to-trial firing rate variability at the population level.
Although the changes due to task engagement are heteroge-
neous, we find that these changes allow the output from single
neurons to better discriminate between relevant behavioral
classes when birds are engaged in the behavioral task than
when they are not. From these results, we conclude that
engagement in an auditory recognition task alters the neural
representation of auditory stimuli in the songbird auditory
forebrain, and that these changes occur in such a way as to
better transmit information regarding the task that birds are
performing.

METHODS

All experiments were performed in accordance with a protocol (no.
S05383) approved by the Institutional Animal Care and Use Com-
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mittee of the University of California San Diego and followed the
American Physiological Society “Guiding Principles for the Care and
Use of Vertebrate Animals in Research and Training.”

Subjects

Eight (7 male and 1 female) European starlings served as subjects
for this study. Both male and female starlings readily acquire labora-
tory operant behaviors involving conspecific vocal recognition (Gent-
ner and Hulse 1998; Gentner et al. 2000), and previous studies of
neural activity in medial CM show experience-dependent plasticity in
both sexes (Gentner and Margoliash 2003). Subjects were wild-caught
in southern California and had adult plumage at the time of capture.
Prior to training and testing, birds were housed with conspecifics in
large flight aviaries with ad libitum access to food and water. Light-
dark cycles in the aviaries were matched to the naturally varying
photoperiod. Prior to experiments, birds were naive to all stimuli and
to the operant apparatus used in this study.

Operant Apparatus and Shaping

At the start of training, birds were removed from the aviary and
acclimated to individual operant chambers. Detailed specifications of
the custom-built operant chambers have been described elsewhere
(Gentner 2008). Briefly, birds lived in weld-wire cages mounted
inside sound-attenuation chambers (Acoustic Systems; Eckel Indus-
trics). One wall of the cage contained a metal panel with three
response ports into which birds pecked their beaks to trigger various
outcomes (Fig. 1A). Directly below the response ports was a feeding
station at which food could be presented based on the reward contin-
gencies of a given task. A speaker mounted behind the panel was used
for auditory stimulus presentation. Above the cage, a recessed broad-
spectrum compact fluorescent light bulb provided naturalistic illumi-
nation of the chamber (“house light”). Birds carned all food through
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Fig. 1. Novel ¢l de irive for action p
in awake behaving birds. A: schematic of a bird performing the operant task
while implanted with the microdrive, depicting the op and r ing
apparatus. B: the novel electrode microdrive (b), base plate (@), and protective
cap (c). See text for a detailed description of the base plate tracks (d), threaded
rod (e), plastic el le-holding shuttle (f), operating knob (g), and restraining
blocks (). C: image of a Nissl-stained coronal section (purple cell
bodies) through a starling brain at ~2,400 pm rostral of the bifurcation of the
Y sinus and a fluorescent (pink-orange) image of a Dil-coated electrode track.
The arrow points to the track of an clectrode that passed through the caudal
mesopallium (CM),
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successful completion of the operant tasks described below. Access to
water was unrestricted. After quickly learning to eat from the feeding
station, birds underwent an auto-shaping procedure that used visual
cues (LEDs mounted at the back of the response ports) to teach them
how to use the apparatus.

Stimuli

All auditory stimuli were segments of conspecific song recorded
from six male starlings at 44.1 kHz and 16 bit (for a more detailed
description of the recording parameters, see Gentner 2008). Stimuli
were normalized to 65 dB mean SPL, and the first and last 20 ms of
the stimulus were linearly ramped to zero to avoid onset and offset
artifacts. Starling song can be decomposed into repeated groups of
spectrotemporal features called motifs that are natural behaviorally
relevant subunits of song (G er 2008; G and Hulse 2000;
Seeba and Klump 2009). For four of the birds in this study training
stimuli comprised cither 6 (3 birds) or 12 (1 bird) single motifs (range:
0.38-1.13 s), and for the remaining four birds stimuli were 4 (3 birds)
or 8 (1 bird) sections of song made up of 11-15 individual motifs
(“long songs,” range: 9.08<10.16 s). During some neural recording
sessions, a subset of birds (4/8) were presented with additional stimuli
(similarly long songs or single motifs) that were not from the set of
that bird’s training stimuli. These additional stimuli are not discussed
further; all analyses are restricted to a given bird’s training stimuli to
isolate the effects of task engagement on well-learned auditory-
mediated behaviors. No bird heard its own song, nor was it familiar
with any of the songs used in training or testing before the start of the
experiments described here.

Training

Six birds performed a simple two-alternative choice (2AC) recog-
nition task (2 with the long songs and 4 with single motifs). In the
2AC task, birds initiated trials by pecking their beak into the center
response port. This clicited the playback of a training stimulus from
the speaker, after the end of which the birds had 2 s to make a
response by pecking into cither the left or right response port. Half of
a bird's training stimuli were rewarded with access to food for
pecking the left response port, and the other half were rewarded after
pecking of the right response port. If the bird made an inappropriate
response (e.g., pecking left when it should peck right), the lights in the
operant apparatus were turned off for 5 s and the bird was restricted
from initiating another trial during this time. If the bird made no
response in the left or the right port during the 2-s response window,
the trial was considered a “no-response” trial and was not included in
analysis. Two additional birds performed a go/nogo (GNG) recogni-
tion task using the long songs, where they were trained to respond to
half of the songs with a peck in the center response port and withhold
responding to the second half of the songs. Correct responses (pecks
to “go" songs) were rewarded with access to food, and incorrect
responses (pecks to “nogo™ songs) were punished by restricting access
to trial initiation and briefly turning off the house lights (5 s).
Withheld responses (not pecking to a “go™ song) were never explicitly
reinforced. In both the 2AC and GNG tasks, birds learned all reward-
pairing contingencics through trial and error. Incorrect responses were
always punished. Correct responses were rewarded at 100% during
carly training but at lower rates during later training sessions (typi-
cally 40-60%) to keep response rates high by maintaining motivation
and delaying satiation.

Acclimation to Recording Apparatus

Once the birds reached stable and asymptotic performance on
training stimuli, they were transferred to a modified operant apparatus
that allowed simultancous behavioral testing and extracellular record-
ing of action potentials. This recording apparatus was identical in
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design to the training apparatus, except for modifications that allowed
for electrical isolation of the animals and ensured high-quality, low-
noise electrophysiological recording. Modifications included coating
the wire cage in plastic, a plastic response panel, and insulating the
feeding station with a layer of neoprene rubber. In addition to this, the
house light was changed from an alternating current CFL to a 24-V
DC-powered incandescent bulb, and a green LED (“cue light”) was
installed above the center response port to signify trial availability and
to act as a secondary reinforcer. The cue light remained on whenever
the bird was allowed to initiate a trial and turned off as soon as a trial
was initiated. Upon the successful completion of a trial, the cue light
blinked five times in 0.5 s with a 50% duty cycle to indicate a correct
response, even if food was not presented on that trial. A further
modification ¢« 1 of the installation of a 32-channel motorized
commutator (Plexon, Dallas, TX) through a hole in the ceiling of the
soundproof chamber. A small hole in the top of the wire cage admitted
a multiwire tether that connected the bird to the commutator. This
setup allowed the free movement of a tethered bird inside the cage
without fear of tangling (Fig. 1A).

The behavioral control of the recording apparatus was managed by
custom-written Spike2 [Cambridge Electronic Design (CED)] scripts
in combination with a CED Power 1401 input-output device that
handled digital-to-analog conversion for stimulus playback and man-
aged digital inputs and outputs for control of the response ports and
reward/punishment apparatus. In addition, the software controlled the
analog-to-digital conversion performed by the 1401 and maintained
the temporal registration of the neural data with the behavioral data.

Neurophysiology

Electrode microdrive, Figure 1B depicts the electrode microdrive
assembly developed in conjunction with the Scripps Institute of
Occanography Machine Shop (http://sioms.ucsd.edu/) to allow the
recording of extracellular action potentials from awake, behaving
starlings. The drive assembly consists of three main components: the
base plate (a), the microdrive (b), and the outer housing (¢) (Fig. 1B).
The base plate attaches to the bird's skull with adhesive and dental
acrylic and provides an anchor point for the rest of the assembly. The
bottom flanges on the microdrive are fitted into the tracks in the base
plate (Fig. 1B, d), and it is held in place by a set screw threaded
through one of the holes in the base plate tracks. Finally, the bottom
portion of the outer housing is lowered over the microdrive and
screwed into the base plate, while the top portion of the outer housing
is screwed directly into the lower outer housing.

Base plate. The base plate is made of titanium, and its bottom
aspect is machined to conform roughly to the curve of a starling skull.
The flange around the perimeter of the base plate and the larger
vertically oriented holes provide attachment points for the dental
acrylic used to affix the drive to the skull. The smaller vertically
oriented holes allow for the passage of wires (e.g., from reference or
ground clectrodes) from the implant site to the electrode connector.
The large rectangular cutout in the base plate allows for access to the
implant site by the electrode, visual inspection of the electrode
insertion site by the researcher after implantation, and minor curettage
and cleaning prior to later ¢lectrode penctrations. The horizontally
oriented tracks (Fig. 1B, d) provide an attachment location for the
microdrive as mentioned above.

Microdrive. The microdrive slides into the tracks in the base plate
(Fig. 1B, d) and is held in place with a set screw. This allows for
adjustment along one horizontal axis, even after the base plate is
cemented in place, permitting multiple electrode penetrations in the
same subject. Within the titanium microdrive body is a vertically
oriented threaded rod (Fig. 1B, e). Threaded onto this rod and fit
tightly into the microdrive housing is a plastic shuttle (f) that moves
up and down relative to the rest of the drive assembly when the rod is
turned with the operating knob at the top (g) (Fig. 1B). The rod is
threaded with 91 threads per inch, and one full rotation of the rod



through 360° leads to a vertical displacement of the shuttle of 279.12
pm. Keeping the rod in place on the bottom is a restraining block
containing a closed cylinder in which the rod is allowed to rotate
freely, and at the top restraining block there is channel in which a
collar firmly attached to the threaded rod is allowed to rotate freely
(Fig. 1B, h). A rubber washer (not depicted) is fitted into the space
between the control knob and the top of the upper restraining block to
keep tension on the rod in order to prevent it from falling out of the
bottom restraining block. By attaching a recording clectrode or elec-
trode array to the shuttle with adhesive, and fixing the microdrive in
place over the region of interest, the operating knob may be turned to
raise and lower the clectrode along a vertical track,

Electrode array. The recording clectrodes used in this study were
16-channel electrode arrays (NeuroNexus Technologies) equipped
with the F16 connector package (currently deprecated and superseded
by the H-series connector package). This design consists of 1 or 2
silicone shanks that enter the brain (3-5 mm X 80 pm X 15 pm) and
contain 16 iridium contact sites (arranged in cither a 1 X 16 lincar
array or an array of four tetrodes; 121-um?, 312-pum?, or 413-um? site
arca) attached to a flexible cable (21 mm) that then awtaches o a
20-channel connector. The microdrive shuttle is sized to aceept both
the 16-channel clectrode arrays used in this study and 32-channel
arrays available from NeuroNexus to increase channel counts in future
studies. When the entire microdrive assembly is in place, this con-
nector is attached to a 16-channel tethered headstage (HST/16V-G20,
Plexon). The headstage is per ly attached by adhesive to the
upper portion of the outer housing and provides 20X gain. The
flexible cable on the electrode array allows the recording shanks to
be raised and lowered on the shuttle without needing to move the
connector/headstage assembly. Before implantation, the electrode
array shanks are coated with a small amount of fluorescent dye (Dil),
to aid electrode track localization during postmortem histology
(DiCarlo et al. 1996).

Quter housing. The outer housing (Fig. 1B, ¢) is machined from
polyetheretherketone (PEEK), a strong, lightweight, and biocompat-
ible plastic, and provides protection for the rest of the drive assembly
from the movements of the bird and protection for the implant site
from any external factors or foreign bodies. The outer housing
consists of two separate pieces: the bottom section screws directly into
the base plate, and the upper section screws into this bottom section.
Once the outer housing is screwed into place on the base plate, a small
window into the internals of the drive assembly remains open at the
point where the rectangular cutout in the base plate is open. This is
sealed with a removable silicone gel (Kwik-Cast, World Precision
Instruments), so that the entirety of the microdrive assembly and the
craniotomy are sealed from the external environment.

While the above describes the present iteration of the microdrive
assembly, the eight birds included in this study were implanted cither
with drives that were identical to the one depicted in Fig. 1B or with
carlier versions that shared main characteristics but differed in some
small respects, such as the inability to remove the outer housing after
implantation and thus make multiple penetrations in the same animal.

Electrode microdrive implantation surgery. Once birds achieved
high accuracy on their behavioral task, they underwent surgery to
implant the microdrive and allow for the recording of single units
from their auditory forebrain. Birds were anesthetized with isoflurane,
and an incision was made in the scalp to expose the skull. A small
opening in the top layer of the skull was made to allow visualization
of the bifurcation of the Y sinus. This location was used to determine
the proper stercotaxic coordinates for targeting the CM (Fig. 1C)
2,500 pm rostral and 500 pm lateral (all birds had implants to the left
hemisphere). A small craniotomy was placed dorsal to the target
location, and the dura was resected to expose the brain’s surface over
the target region. A layer of silicone gel (3-4680, Dow Corning,
Midland, MI; Jackson and Muthuswamy 2008) was applied to act as
an artificial dura, which scaled the entire durotomy and lower portion
of the craniotomy. Two smaller craniotomies were made roughly 3
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mm bilaterally from this main craniotomy and similarly sealed with
artificial dura. These allowed the impl ion of a refi ¢ electrode
(custom 0.003-in.-diameter PUr wire, etched to a point and glass
coated to an impedance of ~1.5 M(2, 2-4 mm in length) and a ground
clectrode (custom 0.003-in.-diameter Ptlr wire, etched to a point and
uninsulated, 2-4 mm in length) These secondary clectrodes were
patched to the connector on the main electrode array via a fine
PVC-insulated wire (Pacific Wire and Cable, Santa Ana, CA) soldered
in place prior to implantation. The microdrive, fitted with an electrode
array, was then screwed into the base plate, and the entire assembly
was lowered into place over the skull so that the vertical trajectory of
the ¢electrode shank lined up with the durotomy dorsal to the target of
interest. The base plate was then attached to the skull with adhesive
and dental acrylic. Once the demtal acrylic hardened, the electrode
array was slowly lowered into the brain, by turning the control knob
on the microdrive, to a depth of ~500-800 pm, dorsal to the CM
target arca. The outer housing of the microdrive assembly was
screwed into place, the electrode connector was mated to the head-
stage attached to the outer housing, and the bird was allowed to
recover with free access to food and water until the start of recording.

Recording procedure. Recording sessions started by attaching the
top of the headstage to the bottom of the motorized commutator via
the tether described above. The output of the commutator was at-
tached to a multichannel amplifier (either a Plexon PBX2 preamplifier
or a model 3600 16-channel microelectrode amplifier, A-M Systems,
Sequim, WA). The amplifier provided between 2,000X and 10,000
gain and band-pass filtered the signal (low cutoff: 300-500 Hz; high
cutoff: 5-8 kHz). The output of the amplifier was sent to a CED
Power 1401 analog-to-digital converter that could provide an addi-
tional amplification of the signals by up to 10X and digitized each
channel at 19-25 kHz with the custom-written Spike2 scripts.

Once the bird was tethered to the recording apparatus, we followed
the recording procedure diagrammed in Fig. 2A. A library of stimuli,
including the training stimuli, was presented in randomized order to
the bird while the operant apparatus was inactive and the bird was
quiescent. The electrode array was slowly advanced by turning the
control knob on the microdrive until the signal from a single unit
could be isolated from background noise. Once a single unit was
isolated on one or more channels, the testing sessions began. Testing
always began with a non-task-engaged block (“nonengaged™), where
the operant apparatus remained inactive and the training stimuli were
pseudorandomly presented to the bird (mean 42.3 trials per block).
The intertrial interval was drawn randomly on cach trial from a
uniform distribution between 1 and 5 s. Either the response ports were
physically blocked or the LED cue light was turned off to indicate that
no trial could be initiated. We used a video camera to monitor each
bird’s behavioral state continuously and ensure that it did not attempt
to initiate or respond to trials during the nonengaged condition.
Additionally, we recorded all pecking responses during the nonen-
gaged condition and excluded individual trials in the nonengaged
block during which a bird pecked into any response port during
stimulus presentation. In practice, such trials were rare, as the lack of
reinforcement quickly extinguished pecking during the nonengaged
condition. After the gaged block completed, the apparatus was
turned on, and the bird began a task-engaged (“engaged™) block of
trials. Trials were allowed to continue while the neuron’s isolation
was stable, and while the bird continued to perform trials. Because the
bird initiated all the trials during the engaged block, the intertrial
intervals were variable and the total number of trials per block (mean
30.4) was generally lower than in the nonengaged condition. After the
completion of an engaged block, another nonengaged block of trials
was run. If the neuron was still separable from background noise and
the bird was still motivated, another engaged block was run after this,
followed by a final nonengaged block. For the analyses reported here,
unless otherwise noted, we grouped the trials from the multiple
nonengaged or multiple engaged blocks together.




identify single units record engaged block

Fig. 2. Recording across non- mk-cngagcd and task-engaged conditions.
A: di of the experi on a typical recording day The
clectrode was advanced vcmmlly in the brain by adjusting the operating knob
on the microdrive in order to isolate single units (gray box). A nonengaged
recording block was then performed to record a number of responses to stimuli
when the bird was not engaged in the auditory recognition task (blue box). The
bird was then allowed to initiate trials and respond to auditory stimuli, and
responses were recorded during this task-cngaged period (red box). After this
task-engaged block, at least 1 more nonengaged block was run before advanc-
ing the clectrode and scarching for more single units, B: example raw
waveform gs (blue, ged; red, ged) from which waveforms
were J. C: mean ged (blue) and engaged (red) waveforms of
the same sorted neuron and the mean noise waveform (black) for the same
period. Shading denotes =1 SD. D: principal component analysis shows that
the waveforms of a sorted single unit cluster together in space during both the
ged (blue) and aged (red) ding conditions and both sep
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shape si ity by a ¢ ion of temy matching and clustering
in principal component space. Only well-isolated single units are
included in these analyses (see Fig. 2, B-D). For cach neuron,
<0.01% of the interspike intervals violated a 1-ms refractory period.

Data inclusion criteria. Only neurons located in CM and that
responded to at least one stimulus with a firing rate significantly
different from the spontancous rate in either the engaged or nonen-
gaged condition were included in our analyses. Birds were trained and
tested on a number of stimuli, but only responses to those training
stimuli that were presented at least five times in both the engaged and
nonengaged conditions are analyzed here, and only those neurons with
at least two such stimuli are included. To facilitate analyses across
subjects, neural data were analyzed at the scale of the motif. For
neurons from birds trained with long songs (n = 24) there were on
average 51.5 [standard deviation (SD) 3.2] motifs per neuron that
reached the data inclusion criteria, and for neurons from birds trained
with individual motifs (n = 41) the mean number of motifs was 3.4
(SD 2.0).

Spontaneous firing rate calculation. Spc s firing rates were
calculated during the intertrial intervals. Two estimates were taken for
cach stimulus presentation trial: one before the stimulus [from the
start of recording until 250 ms before the stimulus start (mean
duration 1.15 s)] and onc after the end of the alimuluc and trial
reward/punishment phase (cach estimate was 1 s in duration). Re-
ported average spontaneous firing rates included both estimates from
all trials in a given task engagement condition. Differences in spon-
tancous firing rates for a given neuron were determined by comparing
the distribution of firing rates observed during the nonengaged con-
dition to the distribution observed during the engaged condition with
the Mann-Whitney U-test (a = 0.05). P values obtained from each
neuron were corrected for multiple comparisons across neurons with
the false discovery rate procedure (Benjamini 2001). To determine
whether neurons in our population were more likely to show increases
or decreases in spontancous firing rate with task engagement, we
compared the number of observed decreases and increases to the 95%
confidence interval given by the binomial distribution that assumed an

from the cluster of noise waveforms (black).
Data Analysis

Histology. At the conclusion of each experiment, the electrode
array was retracted and the microdrive was removed from the base
plate. The bird was deeply anesthetized with Nembutal (150 mg/kg)
and then perfused with heparinized saline followed by 10% formalin.
After cryoprotection in a solution of 30% sucrose in phosphate-
buffered saline, brains were frozen, sectioned on a freezing mi-
crotome, and mounted on glass slides. Fluorescence images of each
section were taken to visualize the Dil fluorescence along the elec-
trode track(s). We then stained the sections for Nissl (which destroys
the Dil fluorescence signal) and took another series of images. The
Nissl and fluorescent images were then aligned, to visualize the
electrode tracks in the context of established cytoarchitectonic bound-
aries between auditory forebrain regions (e.g., Fig. 1C). Single-unit
recording locations were registered to the histologically verified
clectrode position, and only those neurons determined to be within the
boundaries of CM were analyzed for this study.

Spike sorting. Putative action potentials were detected and sorted
from the raw voltage waveforms with the built-in spike sorting
features in Spike2. Some noise artifacts due to birds” movements were
observable in the raw waveforms despite attempts to electrically
isolate the bird and ground the microdrive. These artifacts generally
contained power in low-frequency bands relative to putative action
potential shapes, and so could be greatly reduced by high-pass
filtering at 300 Hz. Noise artifacts are also common to many channels,
and so subtracting one or more averaged reference channels from the
data channel of interest (Ludwig et al. 2009) also improved the signal
greatly. Putative action potentials were sorted on the basis of spike

equal ber of inc and dec s among the neurons showing
a significant difference.

Determining significant responses to stimuli. To determine whether
a neuron’s firing rate was significantly modulated by the presentation
of a given motif, we compared the distribution of firing rates evoked
by the motif in a given condition to the distribution of spontancous
firing rates in the same condition with the Mann-Whitney U-test (a =
0.05). P values were corrected for multiple comparisons of stimuli
within a neuron with the false discovery rate procedure. Responses o
motifs that were significantly above the spontancous rate were termed
“excitatory,” and responses to motifs that were significantly lower
than the spontancous rate were termed “suppressive.” Population
comparisons between proportions of driven motifs across conditions
were made with the Wilcoxon signed-rank test (a = 0.05). To
determine whether single neurons were driven by a different number
of motifs in the nonengaged and engaged conditions, we compared the
proportion of motifs that evoked responses in the engaged condition to
the upper and lower bounds of the 95% confidence interval (computed
from the binomial) around the proportion of motifs that evoked
responses in the nonengaged condition.

Firing rate changes due to task engagement. We compared changes
in firing rates evoked by each motif presented to each neuron in the
engaged and nonengaged conditions, using the Mann-Whitney U-test
(a = 0.05, corrected for the false discovery rate). Because for most
cases the nonengaged rate was computed by averaging rates across
nonengaged blocks that preceded and followed the engaged block, any
nonspecific effect of block order, such as a slow increase or decrease
in rate, would work against our observation of a task-engagement
effect. To rule out nonspecific effects of ordering more directly, we
also compared the spike rates evoked in cach neuron by cach motif
between two nonengaged blocks separated by an engaged block. We




treated these three blocks as three independent variables in a one-way
ANOVA, looked for a significant main effect across blocks (P <
0.05), and then used post hoc comparisons [Tukey's honestly signif-
icant difference (HSD)] to compare firing rates in each block. As
evidence of a nonspecific effect of block ordering, we looked for
instances where cither /) rates differed significantly between the two
nonengaged blocks, and both nonengaged rates differed significantly
but in opposite directions from the engaged rate, or 2) rates differed
significantly between the two nonengaged blocks, and only one
differed significantly from the engaged rate. The same control analysis
was done for the smaller subsct of neurons where we recorded two
engaged blocks separated by an intervening nonengaged block. Both
sets of control analyses revealed little support for ordering effects.
Selectivity. Stimulus selectivity describes a neuron's lency to
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one as a separate threshold, and plotted the proportion of false positive
firing rate values (proportion of firing rates observed from the non-
target class that were above the current threshold) on the x-axis
against the proportion of true positive rates (proportion of firing rates
observed from the target class that were above the current threshold).
We then calculated the arca under this curve (AUC) as our dependent
measure. The AUC represents the probability that one can correctly
classify a pair of observed firing rates evoked by a class 1 and a class
2 motif. To determine whether a neuron’s AUC in a given condition
was different from that expected by chance, AUCs were calculated on
distributions with shuffled trial-class relationships. That is, we ran-
domly assigned cach observed firing rate to cither class I or class 2,
regardless of the class of the stimulus that actually elicited it, and
calculated the AUC for these distributions. This was repeated 1,000

elicit different numbers of action potentials in response to the presen-
tation of different stimuli and is useful for describing the response
characteristics of a neuron with respect to nonparametric stimuli. To
investigate stimulus selectivity in our data set, we used a variant of the
activity fraction as described by Vinje and Gallant (2000; sce also
Rolls and Tovee 1995), given by

Selectivity = {1 = (S r/n)>/ 2 [x}/n]}/(1 = 1/n)

where r; is the neuron’s mean response to the ith stimulus (motif) and
n is the number of stimuli presented to the neuron. This measure
varies between 0 and 15 neurons with selectivity values near 0 will
generally have similar responses to many stimuli, while neurons with
selectivity values near 1 respond to fewer stimuli (but at least 1). We
calculated the selectivity for each neuron in each behavioral condition
and compared the engaged and nonengaged conditions across neurons
with a paired t-test.

Variability. One important measure of neural responsiveness is the
reliability with which a neuron responds to repeated presentations of
the same stimulus, We used the coefficient of variation (CV) to
measure this trial-to-trial variability. The CV is equal to the SD of the
firing rate across individual trials divided by the mean firing rate
across those trials. Normalization by the mean allows comparisons
across motifs that evoke different mean firing rates. The CV was
calculated for cach motif presented to a neuron, and a separate value
was calculated for each behavioral condition. Motifs that elicited no
spikes in any trial within a condition were not included in the
analyses, and only neurons with CV calculated for at least four motifs
in both conditions were analyzed, to allow statistical testing. To
determine whether or not individual neurons showed increases or
decreases in CV with behavioral state, we compared the distribution
of cach neuron’s CV values over all motifs during the nonengaged
condition to the distribution of CVs observed during the engaged
condition, using a Wilcoxon signed-rank test. Additionally, a mean
CV was calculated for each neuron in each condition by averaging the CVs
to individual stimuli to obtain a mean nonengaged and a mean
engaged CV for each neuron. The distribution of mean nonengaged
CVs was then compared to the distribution of mean engaged CVs with
a paired r-test. We additionally analyzed the population-level CV for
cach condition by calculating firing rates using submotif stimulus-
response bins that were smaller than those given by motif boundaries
(10, 20, 50, 100, 200 ms). Results for these population-level analyses
were the same as when we used stimulus responses based on motif
boundaries.

Receiver operating characteristic. Two receiver operating charac-
teristic (ROC) curves were plotted for cach neuron, one for cach
condition. For a given condition, we divided all of the trials presented
to the neuron into class 1 (**go™ stimuli for birds trained on GNG tasks
or “left” stimuli for birds trained on 2AC tasks) or class 2 (*nogo”
stimuli for birds trained on GNG tasks or “right” stimuli for birds
trained on 2AC tasks). The firing rate distribution for the class with
the higher mean was selected as the “target” class, since we only care
about discriminability and not the directionality of the discrimination.
We then stepped through all observed firing rate values, treating cach

times in order to build a null distribution. If the AUC calculated from
the distributions with the proper trial-class relationships fell above the
95th percentile of this null distribution, it was considered a significant
AUC.

RESULTS

The analyses below include 65 well-isolated single units
recorded from eight adult starlings. To these neurons, we
presented an average of 3.6 (SD 1.6) training stimuli an
average of 42.3 (SD 30.4) times cach in the nonengaged
condition and 30.4 (SD 27.0) times each in the engaged
condition. Average behavioral performance classifying the
training stimuli for the 2,000 trials preceding microdrive im-
plant was 91% correct for birds trained with the GNG proce-
dure and 85% for those trained with the 2AC procedure. All
subjects maintained high levels of performance during neural
recording sessions; the mean behavioral performance during
the trials included in the neural analyses below was 87%
correct for birds performing GNG tasks and 90% correct for
birds performing 2AC tasks, suggesting that they tolerated the
implants well and were still able to behave at a high level of
performance. We confirmed that birds were not attempting to
engage in the task during the nonengaged condition with video
monitoring and by recording all pecks into response ports (see
METHODS). We detected pecks during nonengaged trials in only
17/65 (26%) of recorded neurons, and for only 3 of these
neurons were pecks recorded in >5% of nonengaged trials.
Trials in which pecks were detected are excluded from the
analyses below, but including these trials did not change any of
the results.

Task Engagement Changes Average Firing Rates in
Some CM Neurons

Median spontaneous firing rates measured during intertrial
intervals did not differ between the nonengaged [1.43 spikes
per second (sp/s), quartiles 0.72, 3.30] and engaged (1.48 sp/s,
quartiles 0.69, 3.43) conditions at the population level (Wil-
coxon signed-rank test, P = 0.20). However, at the level of
individual neurons, 30/65 (46%) neurons showed a significant
increase in their spontancous firing rate in the engaged condi-
tion compared with the nonengaged condition, and 7 (11%)
showed a significant decrease (Mann-Whitney U-test, P < 0.05
corrected for false discovery rate). These increases and de-
creases are not distributed evenly [probability of observing 7
decreases < 0.001, binomial distribution B(37,0.5)], suggest-
ing that while there is a broad range of spontaneous firing rate
differences induced by task engagement, CM neurons are more



likely to increase, rather than decrease, their spontaneous firing
rate with task engagement.

Neurons also tended to increase their stimulus-driven firing
rates when birds were engaged in a task (median firing rate
2.42 sp/s, quartiles 0.70, 6.41) compared with the nonengaged
trials (median firing rate 1.99 sp/s, quartiles 0.81, 6.18), though
the difference in median stimulus-driven firing rates averaged
across all the stimuli presented to all neurons did not meet our
criterion for significance at the population level (Wilcoxon
signed-rank test, P = 0.056). At the individual neuron level,
6/65 (9%) neurons showed a significant increase in driven
firing rate averaged across all stimuli in the engaged condition
and 6/65 (9%, see Fig. 4B for an example) showed a significant
decrease (Wilcoxon signed-rank test, P < 0.05 corrected for
false discovery rate). Although the population-level effect for
the differences in driven firing rates seems stronger than the
population-level effect for changes in spontaneous firing rates,
fewer individual neurons show firing rate differences in driven
firing rates than show differences in spontaneous firing rates.
This is likely due to the fact that the distribution of driven firing
rates is broader than the distribution of spontaneous firing rates
(note in both conditions the similar lower quartiles between the
driven and spontaneous firing rates and the larger upper quar-
tiles for the driven firing rates). The increased variability in the
driven firing rate distributions compared with the spontaneous
distributions makes it less likely to detect small differences in
the broader driven firing rate distributions than in the narrower
spontaneous firing rate distributions. Taken together, these
results show that CM neurons can show both generalized
increases and decreases in spontancous and stimulus-driven
firing rates based on task engagement.

CM Neurons Respond to Fewer Stimuli During
Task Engagement

As in anesthetized starlings (Gentner and Margoliash 2003;
Jeanne et al. 2011; Meliza et al. 2010), CM neurons in awake
birds responded to auditory stimulation with both increases and
decreases in their firing rates relative to baseline levels. The
responses of a typical neuron to two training stimuli are shown
in Fig. 3A. To examine these responses in greater detail, we
divided the training stimuli into their constituent motifs and
determined for each neuron which motifs evoked a significant
change in firing rate relative to spontancous rate (Fig. 3A).
Responses were designated as either excitatory for stimuli that
evoked a response above the neuron’s spontancous rate or
suppressive for stimuli that lowered the firing rate below the
spontaneous rate. This was repeated for both the nonengaged
and engaged task conditions.

We quantified these effects by calculating the proportion of
motifs driving significant excitatory or suppressive responses
in each condition for each neuron. To control for poor esti-
mates of proportionality that come from discretization due to
small numbers of stimuli, we restricted this analysis to only
those neurons presented with at least four motifs (n = 38). The
median proportion of motifs that evoked firing rates signifi-
cantly different (either excitatory or suppressive) from the
spontaneous rate was 0.60 (quartiles 0.43, 0.96) in the nonen-
gaged condition and 0.50 (quartiles 0.22, 0.86) in the engaged
condition. This difference is significant (Wilcoxon signed-rank
test, P = 0.003) and remains significant if we include all
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neurons regardless of the number of stimuli presented (Wil-
coxon signed-rank test, P = 0.02). Figure 3B depicts these
proportions graphically for all neurons in both nonengaged
(Fig. 3B, rop) and engaged (Fig. 3B, bottom) conditions.

By subtracting the proportion of significantly driven motifs
in the nonengaged condition from that observed in the engaged
condition, we calculated differences in the proportion of driven
motifs due to task engagement. The distribution of these
differences across the population (median —0.07, quartiles
—0.26, 0.00; see Fig. 3C, top) is significantly less than zero
(Wilcoxon signed-rank test, P = 0.004), indicating that CM
neurons respond to fewer motifs when birds are engaged in an
auditory recognition task. When we asked whether individual
neurons showed differences in the proportion of motifs that
elicited a response in the two conditions, we found that 17/38
(45%) of neurons showed such a difference, with 15/17 (88%)
of these neurons responding to fewer motifs in the engaged
condition and 2/17 (12%) responding to more motifs in the
engaged condition (binomial test per neuron, a« = 0.05),
suggesting that it was more likely that a given CM neuron
responded to fewer motifs while a bird was engaged in a task
than it did when the bird was not engaged.

CM Neurons Are Excited by Fewer Stimuli During
Task Engagement

The observed reduction in the number of motifs that drive
significant responses in CM neurons during task engagement
may come from a decrease in the number of motifs that evoke
excitatory responses or an increase in the number of motifs that
suppress responding. To answer this question, we separately
compared the proportions of motifs driving excitatory and
suppressive responses in the engaged and nonengaged condi-
tions (again restricting our analysis to neurons with at least 4
motifs presented in each behavioral condition, n = 38). The
difference between the proportion of motifs that excited the
neuron in the engaged condition and the nonengaged condition
was significantly different from chance (median difference =
—0.02, quartiles —0.13, 0.00; Wilcoxon signed-rank test, P =
0.008; Fig. 3C, middle). Thus CM neurons are excited by fewer
stimuli in the engaged condition than in the nonengaged
condition. The difference between the proportion of motifs that
suppressed the neuron in the engaged and nonengaged condi-
tions was not different from chance (median difference = 0.00,
quartiles —0.06, 0.00; Wilcoxon signed-rank test, P = 0.8; Fig.
3C, bottom). Thus, across the population of neurons, the
decrease in the number of motifs that evoke CM responses
during task engagement comes from a decrease in net excita-
tion rather than an increase in suppression.

Task Engagement Changes Motif-Evoked Firing Rates in
Most CM Neurons

Although only a minority of CM neurons show a uniform
change in firing rate for all stimuli, averaging over all of the
motifs presented to a neuron can mask significant variability in
the response to different stimuli. Many individual neurons
show differences in the driven firing rate in response to one or
more motifs. Figure 4A, left, shows a plot of one neuron’s
average responses to individual motifs in both nonengaged and
engaged conditions for six training stimuli. For most motifs the
neuron responds similarly in the two conditions, but for morif
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Fig. 3. Neurons are driven by fewer acoustic stimuli when birds are engaged in an auditory recognition task. A: responses of a neuron to 2 different example

stimuli. For cach stimulus there is depicted the sp gram of the song (1op), raster plots of the of action | ials on cach trial (middle; cach row
is a trial and each colored dot represents the occurrence of an action potential; song 1: 56 trials, song 2: 52 wrials), and the time-varying firing rate for trials in
cach condition (botrom). Vertical black lines depict motif boundaries in the stimulus, and upward- and dow d-p g triangles denote motifs for which the

firing rate was significantly higher or lower than baseline levels, respectively, in either of the 2 conditions (nonengaged and engaged). B: each vertical column
depicts the stimuli presented to a neuron, with colors representing the proportion of these stimuli that were excited above bascline levels (green), suppressed
below baseline levels (purple), or not significantly different from baseline levels (gray), in both the gaged (top) and engaged (bottom) conditions. Horizontal
white lines in cach column separate individual stimuli. The neurons are sorted by /) the proportion of stimuli exciting the ncuron during the nonengaged
condition, 2) the proportion of stimuli suppressing the neuron during the noncngagcd condmon and 3) the ber of stimuli p d to each neuron. C: each
of the 3 histog the frequency of observing a gncn diffi ged and gaged conditions in the proportion of stimuli that
were significantly different from spontancous values (top), ited above baseline (middle), and PP d below baseline (bottom). Values on left mdlcalc that
there was a higher proportion of stimuli in the nonengaged condition, and values on right indicate that there was a higher proportion in the engag

The top 2 distributions have medians that are significantly different from zero (*).

4 the firing rate is significantly higher when the bird is engaged the changes in responses to individual stimuli there is no
in the task and for morif 5 the neuron’s firing rate is signifi- systematic increase or decrease in firing rate due to task
cantly lower during task engagement. Figure 4A, right, shows engagement (Wilcoxon signed-rank test, P = 0.44). Figure 48
a comparison of the firing rates in each condition, and a depicts another neuron, which shows a distribution of differ-
histogram of these differences at top right shows that despite  ences in the driven firing rate between the two conditions that
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Fig. 4. Neurons respond differently when birds are engaged in an auditory recognition task than when the birds are not task engaged. A, leff: responses of an
example neuron to training stimuli as in Fig. 3A, except that instead of triangles plus signs now denote motifs for which the firing rate is significantly different
between the conditions (blue plus sign, nonengaged higher: red plus sign. engaged higher). All 6 motifs that made up the bird’s training set are depicted. Right:
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in the histogram is significantly below zero (*). C: similar to Fig. 3B, for neurons that show any significant differences between the engaged and nonengaged
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proportion of stimuli ¢liciting a higher Imng rate during the engaged condition. D: for stimuli that show differences in firing rate in the 2 conditions, these

differences are equally distributed b and d with task

is significantly shifted from zero (Wilcoxon signed-rank test,
P < 0.001), indicating that this is one of the six neurons for
which the mean driven firing rate shows a more general
decrease with task engagement. Even for this neuron, however,
not every motif evoked a different firing rate in the two
conditions. Thus firing rate changes across the two conditions
are not uniform for all motifs.

To characterize this response heterogeneity more fully, we
asked how many neurons showed a difference in firing rate
between the engaged and nonengaged conditions for any single
motif. We found that 31 of 65 (48%) neurons showed signif-
icantly different firing rates between the two conditions in at

(the distribution is not shifted from zero).

SIS

least one individual motif. Ten neurons showed only decreases
in the response to single motifs with task engagement, 13
showed only increases, and 8 showed both increases and
decreases. These neurons are represented in Fig. 4C, where the
proportion of increases (engaged firing rate higher) and de-
creases (nonengaged firing rate higher) due to task engagement
can be seen for each neuron. For neurons that had differences
in at least one motif and that were presented with at least four
motifs (n = 17), the median proportion of motifs that showed
modulation in the firing rate between the two conditions was
0.33 (quartiles 0.13, 0.55). For each of these neurons, we
subtracted the proportion of stimuli that were higher in the



engaged condition from the proportion that were higher in the
nonengaged condition and compared these values across the
population of neurons (Fig. 4D). This difference was not
significant across the population (Wilcoxon signed-rank test,
P = 0.55), indicating that there was not a consistent tendency
to have significant increases in one or the other behavioral
condition. In all, 39 of 65 (60%) neurons showed a difference
in firing rate between the engaged and nonengaged conditions,
cither at the level of a single motif (31/65, 48%) or at the level
of a general facilitation or suppression across all stimuli
(12/65, 19%).

To confirm that the observed changes in stimulus-evoked
spike rates were not attributable to a time-varying parameter
other than behavioral state, we compared firing rates across the
nonengaged recording blocks that preceded and followed each
engaged block (see METHODS). In 28 of the 31 neurons in which
the firing rate for at least one motif differed between engaged
and nonengaged conditions, the mean firing for those motifs
did not differ significantly between the pre- and postengaged
blocks (ANOVA, Tukey's HSD post hoc, P > 0.05 all cases).
Thus the observed change in spike rate is tied directly to the
change in task engagement. In the remaining three neurons, we
found a small number of motifs (3 of 23, 1 of 5, and 3 of 3,
respectively) where the firing rates differed significantly be-
tween the pre- and postengaged blocks and moved in opposite
directions relative to the intervening engaged block. Thus, for
these seven motifs, we could not rule out the possibility that
temporal ordering effects might explain the observed change in
spike rate across the task engagement conditions. None of the
12 neurons showing a general facilitation or suppression of
firing rates with task engagement was affected by the ordering
of behavioral state. Thus most spike rates were stable across
multiple, nonsequential behavioral conditions, and among the
very few neurons that did show instabilities between conditions
they were not uniform across all stimuli. The relative timing or
ordering of recording sessions cannot account for the observed
changes in firing rates.

Task Engagement Increases Stimulus Selectivity

Stimulus selectivity values ranged from 0.02 to 0.80 in the
nonengaged condition (mean 0.36, SD 0.25), suggesting a wide
range of representational densities; some neurons responded
similarly to most stimuli, while others responded to only a few
stimuli. Across the population, neurons showed a modest but
significant increase in selectivity during task engagement
(range 0.02-0.89, mean 0.39, SD 0.26) relative to the nonen-
gaged condition (paired r-test, P = 0.04). Figure 5A shows
these selectivity values for all neurons with greater than four
stimuli (n = 38) and depicts a distribution of the differences
between conditions in the histogram at top right. The tendency
for neurons to respond to fewer stimuli in the engaged condi-
tion as reported above, and to respond to those fewer stimuli
with higher firing rates, leads to a general increase in selectiv-
ity at the population level and a modest sparsening of the
stimulus representation.

Task Engagement Decreases Response Variability

We measured trial-to-trial response variability, using the CV
(see MeTHODS). We found that in 6/37 neurons (16%) the CV
was lower in the engaged condition, while only 1/37 neurons
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Fig. 5. Firing rate variability decreases and stimulus selectivity increases
during task engagement. A: scatterplot of the selectivity of a neuron to all
presented stimuli in both the nonengaged (y-axis) and engaged (v-axis) behav-
ioral conditions. The histogram at top right shows the difference in the
selectivity by the engaged and gaged diti The median (gray
line) is significantly shifted to the right (*); neurons show higher stimulus
selectivity in the engaged condition. B: scatterplot of the mean of the coeffi-
cient of variation (CV) of trial-to-trial firing rate across all stimuli presented to
a neuron in the nonengaged (y-axis) and engaged (x-axis) conditi The
histogram in top right corner depicts the distribution of the differences in CV
between the engaged and nonengaged conditions. The median (gray line) is
significantly shifted to the left (*); the trial-to-trial firing rate variability
decreases when a bird engages in an auditory recognition task.

(3%), showed a higher CV in the engaged condition (Wilcoxon
signed-rank test, P < 0.05 corrected for false discovery rate).
When we averaged the CV values for all motifs presented to a
given neuron and compared this across the engaged and non-
engaged conditions for all neurons (Fig. 5B), we found that the
CV was significantly higher in the nonengaged condition
(mean 1.46, SD 1.18) than in the engaged condition (mean
1.22, SD 0.84; paired r-test, P = 0.001). Analyzing responses
of neurons to submotif stimulus time bins instead of responses
based on motif boundaries yielded similar results (see METHODS).
Thus actively engaging in a task reduces the trial-to trial



variability in the spike rates of CM neurons, in principle
permitting a reliable representation of the stimulus.

Task Engagement Improves Stimulus Class Discrimination

Up to this point, our results describe a population of neurons
that modify their activity in response to task engagement by
responding to fewer stimuli and responding to those stimuli
more strongly and with increased reliability. There are likely
many top-down factors contributing to these phenomena that
can be attributed to the animal’s behavioral goals. In this task,
birds need to discriminate between two classes of stimuli:
either they must discriminate between stimuli that require a
response (go stimuli) and those that do not (nogo stimuli) or
they must discriminate between stimuli associated with a left
response and stimuli associated with a right response. If the
top-down mechanisms that birds employ when engaged in the
task are affecting CM neurons, we hypothesized that they
might be doing so in a way that increases the discriminability
of the neural representation of the stimulus classes upon which
the animal is performing the task. To test this hypothesis, we
calculated the ROC curve for each behavioral condition in each
neuron (Fig. 6, A and B). The area under the ROC curve (AUC)
describes how well an ideal observer can discriminate between
the two stimulus classes given the neuron’s firing rate. In our
present formulation, it represents the probability that an ob-
server is able to use a neuron’s distribution of firing rates to
correctly categorize a pair of responses when one comes from
a class 1 motif and the other from a class 2 motif. If neurons
have a greater AUC in the engaged condition than they do in
the nonengaged condition, it would demonstrate that there was
more discriminative power in the neurons’ responses when a
bird was engaged in a task.

When we compared the AUC values during nonengaged
recording epochs to engaged epochs, we found that CM neu-
rons tended to have higher AUCs during task engagement
(median 0.59, quartiles 0.54, 0.69) than during passive listen-
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ing (median 0.58, quartiles 0.53, 0.66), though this difference
was not statistically significant (Wilcoxon signed-rank test,
P = 0.082). We then asked how many neurons could classify
class 1 and class 2 stimuli significantly better than chance by
comparing the measured AUC to a null distribution of ROCs
created from the same data but with the associations between
firing rate and stimulus class randomized. By this measure,
31/65 (48%) neurons had AUCs significantly above chance
values in both the nonengaged and engaged conditions—that
is, an observer could use the neuron’s firing rate distributions
to correctly determine motif classes at better than chance
performance. For these neurons, we found the AUC values
during engaged epochs (median 0.67, quartiles 0.59, 0.84) to
be significantly higher than those calculated from nonengaged
recording epochs (Fig. 6C; median 0.61, quartiles 0.55, 0.72;
Wilcoxon signed-rank test, P = 0.002). From these analyses,
we conclude that neurons that can discriminate between class
I and class 2 stimuli can do so better when the animal is
engaged in an auditory recognition task. In other words, en-
gaging in auditory recognition increases the amount of infor-
mation about the animal’s task that is represented by these CM
neurons.

DISCUSSION

Telencephalic sensory systems provide representations of
the external sensory world that can be modulated by the
real-time behavioral demands of an organism. This report
describes techniques that allowed us to determine the effects of
task engagement on neurons in the starling auditory system by
recording single-unit activity in the CM in awake, behaving
European starlings while they performed auditory recognition
tasks using complex natural stimuli. We found that engaging in
a task that requires using the auditory information present in
complex natural stimuli modulates the responses of the major-
ity of the neurons in starling CM. Of the 65 single units from
which recordings were made, 39 (60%) showed significant
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differences in the stimulus-driven firing rate due to the behav-
ioral state of the animal. We also observed a reduction in the
proportion of stimuli that excite neurons above baseline, ac-
companied by an increase in selectivity and a decrease in
response variability. In addition, for those neurons that reliably
encode the behavioral class of (i.e., correct response to) the
training stimuli, behavioral engagement increased the informa-
tion about the stimulus classification that these neurons carried.
Changing the behavioral goal of the animal alters the neural
representation of sensory stimuli in CM neurons in real time.

Although studies of auditory-evoked neural activity in
awake starlings have been performed for over three decades
(Kirsch et al. 1980), most have made recordings in passively
listening birds from the primary thalamorecipient region field L
(but see Meliza et al. 2010 for recordings from awake, pas-
sively listening, starlings in medial CM) and were aimed at
mapping response properties (Capsius and Leppelsack 1996,
1999; Cousillas et al. 2005) and neural correlates of perceptual
phenomena such as categorization of natural sounds (Haus-
berger et al. 2000) and stream segregation (Bee et al. 2010; Bee
and Klump 2004, 2005; Itatani and Klump 2009, 2011). As far
as we are aware, this is the first report of recordings from
auditory-responsive neurons made in awake songbirds engaged
in a controlled auditory-mediated behavioral task. These
awake-behaving recordings were enabled by the microdrive
described here. Combined with commercially available micro-
electrode arrays, this drive provides a robust recording system
that allows for the isolation of high-quality single units in
awake, behaving animals. A motorized version of the micro-
drive is under development and will allow remote positioning
of the electrode array and limit the need to physically handle
the animal. These recording techniques will require less exper-
imenter intervention and ultimately allow a broader range of
physiological experimentation in the context of increasingly
complex behaviors.

At least two previous studies have attempted to make com-
parisons of responses in the starling auditory forebrain across
behavioral states. Recording from neurons in field L, Capsius
and Leppelsack (1996) reported a decrease in the spontancous
rate of multineuron and single-neuron activity in the auditory
forebrain of anesthetized and awake starlings. Meliza et al.
(2010) did not see this general decrease in spontaneous firing
rate with anesthesia in medial CM, although they did see
differences in spike timing precision and facilitative interac-
tions in awake compared with anesthetized birds. In agreement
with the latter study, we observed no uniform change of the
population average spontaneous firing rate between behavioral
states. Although one should be careful of conflating changes in
anesthesia with changes in natural behavior states, these re-
ported differences may reflect differential regulation of spon-
tancous firing rate in field L and CM. One advantage of our
data set is that we track changes in the same neurons across
behavioral state, whereas the other studies recorded from
different neurons in the two behavioral conditions. The fact
that we observe one subpopulation that increases spontaneous
firing rate and another that decreases spontaneous rate indicates
that behavioral state modulation, at least in CM, may be
different for different classes of neurons. Determining whether
these two subpopulations correspond to physiologically differ-
ent neuronal subtypes will require additional study.

51

In the Meliza et al. (2010) study, responses of CM neurons
to motifs in awake-restrained and anesthetized starlings are
described as being additive and suppressive combinations of
responses to motif subcomponents called “notes.” The authors
report that there are more facilitative interactions between
combinations of these notes when birds are awake than when
they are anesthetized and suggest that this should lead to
increased stimulus selectivity. While they observe no change in
selectivity across behavioral state using the same selectivity
measure we used here, they suggest that the broad range of
selectivity values measured and the relatively low sample size
might not allow them to observe these selectivity effects. We
too observed a broad range of selectivity values across neurons
in our data set, but because we measure selectivity in the same
neurons under two behavioral conditions the between-neuron
variability can be removed from the analysis. Doing this
reveals a somewhat modest, but consistent, increase in selec-
tivity that coincides with task engagement.

The observed selectivity differences are due to differential
modulation of responses to different motifs in the two behav-
ioral conditions. Although we found no uniform difference in
spontaneous or driven responses across all neurons due to task
engagement, some individual neurons displayed systematic
increases (6/65 neurons, 9%) or decreases (6/65 neurons, 9%)
in driven firing rate as a result of task engagement. Moreover,
about half (31/65, 48%) of the neurons in CM showed a firing
rate difference for at least one motif between behavioral
conditions. These differences were equally distributed between
increases and decreases, demonstrating that modulatory mech-
anisms can act selectively on certain acoustic features while
leaving others unchanged. This agrees with previous conclu-
sions (Meliza et al. 2010) that CM neurons receive a wide
variety of inputs tuned to complex motif subcomponents like
notes and their complex receptive fields are built up by sup-
pressive and facilitative combinations of these inputs. Al-
though our knowledge of CM receptive fields is impoverished,
the fact that response changes with task engagement are often
motif specific suggests that individual inputs (or sets of inputs)
to CM neurons may be independently altered in the short term
by behavioral tasks and/or goals. Moreover, because the dis-
criminability of responses evoked by different motifs improves
during task engagement, but only in the subset of neurons that
discriminate between behavioral classes to begin with, the
modulatory mechanisms invoked by task engagement also
appear able to target specific subsets of neurons.

The proportion of stimuli that neurons responded to de-
creased with task engagement, and this change was due to a
reduction in the ability for stimuli to drive neurons above their
baseline firing rates. This effect might be caused by a reduction
in feedforward excitatory drive, a general increase in inhibitory
drive that affects excitatory responses to a greater degree than
suppressive responses, or an enhancement of the suppressive
interactions between features that drive inputs onto CM neu-
rons. Enhanced inhibition or suppression may explain, at least
in part, the observed reduction in trial-to-trial firing rate vari-
ability. However, a global increase in inhibitory drive during
the engaged condition is not supported by changes in sponta-
neous firing rate or by the trend toward higher driven firing
rates, which should both be uniformly lower in such a scenario.
A general caveat to these interpretations is that the effects of
suppression are hard to measure in the extracellular responses



of neurons that have low firing rates, and so may be underrep-
resented here. To adequately determine the relative contribu-
tions of inhibitory and excitatory drive on tuning properties and
the effects of behavioral engagement, it will be necessary to
develop intracellular recording techniques that allow the mon-
itoring of subthreshold currents in behaving animals.

Short-term modulation of auditory cortical responses across
behavioral states has been observed in other systems, but its
explicit functions remain poorly understood. In ferrets and cats,
receptive fields of auditory cortical neurons shift with task
engagement toward stimulus features that are diagnostic for the
task at hand (Fritz et al. 2003, 2007; Lee and Middlebrooks
2011). In rats, responses of auditory cortical neurons to dis-
tracting, broadband clicks that precede tones are suppressed
when rats are actively detecting the tones (Otazu et al. 2009).
The present results extend this prior work to include songbirds
and complex natural stimuli and tie these behavioral-state-
dependent changes directly to the discriminability of the stim-
ulus-driven neural responses. We speculate that the changes in
neural responsiveness observed here are the product of short-
term modulatory processes such as attention and ultimately
contribute to the enhanced representations of learned acoustic
material observed throughout in CM at longer timescales
(Gentner and Margoliash 2003; Jeanne et al. 2011). Activation
of neuromodulatory centers associated with arousal (Froemke
et al. 2007; Kilgard and Merzenich 1998; McLin et al. 2002;
Metherate and Weinberger 1990) or reward (Bao et al. 2001)
have been implicated in experience-dependent plasticity of
auditory cortices, and receptive field changes in single neurons
that result from stimulation of the nucleus basalis coincident
with auditory signal presentation can last for multiple hours
(Froemke et al. 2007). Short-term modulation of natural stim-
ulus responses having been demonstrated, it will be important
for future studies to directly control selective attention to
specific acoustic features of the same stimulus, and to track
changes in the response of single neurons (and populations)
over the course of recognition learning.

In addition to the modulatory roles of internal processes such
as attention and learning, the overt structure of the task is likely
to have significant effects on neuronal encoding as well. We
observed general effects of task engagement across different
behavioral tasks (2AC, GNG) and stimuli (long songs, single
motifs), but it would not be surprising if differences in training
protocols (even those employed in the present study) did not
lead to differential task-related modulation. The reward con-
tingencies differ dramatically between the 2AC and GNG
procedures, and this may have a strong effect on the motivation
of the animals during task engagement. Although the present
experimental design lacked sufficient statistical power to test
the independent contribution that different training might make
to the observed task-engagement effects, we note that different
training contingencies have been linked to CM neuron re-
sponse differences in anesthetized birds (Gentner and Margo-
liash 2003). Thus it seems reasonable to predict that similar
differences could be observed in in awake birds given the
appropriate design in future studies. Importantly, because the
training conditions and stimulus sets were held constant within
each neuron, differences between training and/or stimuli can-
not explain the reported effects of task engagement within any
single neuron.
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The results of the present study highlight the importance of
precise control over each animal’s behavior during awake
physiological recording. While it is clear that moving away
from anesthetized preparations is a necessary step for systems
neurophysiology, the benefits of making this transition are not
likely to be realized by simply removing anesthesia. As soon as
one wakes up their experimental subject they must contend
with a large number of previously fixed and unknown internal
variables. Our results demonstrate that simple engagement in
an auditory recognition task can produce significant changes in
how neurons encode natural acoustic stimuli, but we note that
this manipulation, while effective, leaves most of the ethologi-
cally relevant internal variables only loosely controlled at best.
Although interesting in their own right, showing how the
auditory system can modify its representations in real time, the
results are also somewhat daunting. They remind us that
providing a full account of auditory cortex will require tasks
that bring stimulus type, reward contingencies, and working
memory loads, attention, and learning under exquisite behav-
ioral control.
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CHAPTER 4

LEARNING TO CLASSIFY NOVEL STIMULI ALTERS NEURAL RESPONSES

IN THE AVIAN AUDITORY CORTEX
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INTRODUCTION

The manner in which vertebrate sensory systems represent the external world
changes on multiple timescales across the life of an organism. Early sensory input
adapts individuals’ visual and auditory systems quickly to the gross statistics of the
external world that an organism experiences before critical windows shut in early
development, while adult sensory systems can be tuned toward features important to
adult animals’ experiences with behaviorally relevant stimuli. Short-term modulatory
changes in the tuning and gain of individual neurons assist with local stimulus
normalization and highlight important features relevant to motivational and attentional

processes. Stimulus representations are not static in vertebrate sensory systems.

The songbird auditory system is particularly well suited to studying changes in
auditory encoding that depend on an animal’s experience. Songbirds are notable for
their complex vocally mediated social interactions. These social interactions include
mate selection and bonding, territory disputes with con- and heterospecifics, and even
individual vocal recognition, which requires forming an association between a
particular individual and that individual’s song (Catchpole and Slater, 1995; Gentner
and Hulse, 1998). Each of these behaviors necessitates relating a particular auditory
signal with an appropriate behavioral response, which can vary based on the type of
interaction, a bird’s history, and its current behavioral state. The full range of

relationships between acoustic input and appropriate behavior cannot be known until
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the world is experienced by an animal, and it must therefore learn the appropriate

associations over the course of its lifetime.

Correspondingly, many regions of the avian auditory system show evidence of
long-term experience-dependent alterations in their representation of auditory stimuli.
After European starlings are brought into a laboratory setting and trained to classify
sets of naturalistic stimuli in an operant task, population responses in many auditory
brain regions show differences in their neural response as a function of training
history. Neurons in both the lateral and medial caudal mesopallium (CLM and CMM,
respectively), secondary auditory forebrain regions, tend to show stronger responses
for learned songs and contain more information in their patterns of activity about
learned stimuli than about novel stimuli (Gentner and Margoliash, 2003; Jeanne et al.,
2011). Additionally, CLM seems to preferentially encode stimulus familiarity, while
CMM appears to preferentially encode the likelihood that a given stimulus will lead to
reward (Jeanne et al., 2011), suggesting that long-term changes are not limited to
familiarity, but may represent other features of acoustic stimuli, such as reward
valence. A neighboring and interconnected region, the caudomedial nidopallium
(NCM), appears to preferentially encode novel stimuli over learned stimuli
(Thompson and Gentner, 2010), and responses of neurons in this region are heavily
influenced by local inhibitory mechanisms that are themselves modulated by stimulus

familiarity (Thompson et al., 2012).

Experience-dependent changes in neural activity are also well documented in

the primary auditory cortices (A1) of mammals (for reviews, see: Dahmen and King,
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2007; Weinberger, 2007). Both the long-term tonotopic arrangement across neurons
and the receptive fields of single neurons in A1l tend to shift according to training with
acoustic stimuli (Edeline and Weinberger, 1993; Recanzone et al., 1993). Furthermore,
these training-induced effects can be replicated by pairing auditory stimuli with
stimulation of the dopaminergic ventral tegmental area (Bao et al., 2001) or the
cholinergic nucleus basalis (Metherate and Weinberger, 1990; Kilgard and Merzenich,
1998; McLin et al., 2002; Froemke et al., 2007), modulatory nuclei involved in
mediating reward assessment and arousal/attention, respectively. Accordingly, when
reward and arousal are modulated in awake animals performing operant tasks with
auditory stimuli, task-related changes in auditory coding are observed in single
neurons in the A1 of rats (Otazu et al., 2009), cats (Lee and Middlebrooks, 2011), and
ferrets (Fritz et al., 2003, 2007), and more recently in the CMM of starlings (Knudsen
and Gentner, 2013). In each instance, the behavioral modulation serves to highlight the
features the animal needs to use while engaged in a task, or to decrease the

representation of distracters.

It is likely that the long-term remodeling of receptive fields and population
responses are brought about or even directly composed of these short-term task-
dependent changes that take place as an animal learns stimulus-response-reward
associations during training, but such a connection remains undescribed. To assess
these relationships, and to observe the genesis of the experience dependent plasticity

in relation to behaviorally relevant stimuli in the avian auditory system, we performed
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experiments to monitor the changes in neural activity as starlings learned to classify

novel auditory stimuli.

We trained birds to quickly classify novel acoustic material while recording
from single neurons in CMM. We found evidence that neurons with different degrees
of training history were represented differently across the population; stimuli with
which a bird was very familiar tended to produce a weaker neural response than those
with which a bird had less training. Additionally, by recording before, during, and
after the learning period, we saw a decrease in the post-learning neural response for
most neurons when compared to the pre-learning neural response. This decrease was
larger for stimuli a bird had just learned and smaller for the stimuli with which the bird
had extensive experience. The reduction in firing rate appears to be due, at least in
part, to an adaptation of the neurons’ responses to repeated presentations of a stimulus,
and we found evidence that the rates of adaptation were different for different stimuli.
Furthermore, the rate of adaptation to some stimuli varied as a function of whether the
animal was actively engaged in learning the novel stimulus classifications, leading to
the possibility that stimulus-specific adaptation may be an important mechanism for
modifying neural responses in CMM, and that it may be under active top-down

control.

We also observed task-dependent changes in firing rate similar to those
recently described in neurons from the same auditory region in starlings (Knudsen and
Gentner, 2013), and found evidence that some neurons appeared to develop these task

engagement effects as a bird learned a novel set of stimulus classifications. That is, the
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response to a given stimulus was sometimes seen to increase or decrease over the
course of learning, and then to return to its pre-learning state once the animal was no

longer actively engaged in the classification task.

These results demonstrate that CMM neurons modify their responses to stimuli
as they learn to classify novel acoustic material, and do so differently for stimuli with
different behavioral relevancies. We suggest a model of learning in which the
responses of single neurons are altered in relation to their ability to encode relevant
stimulus features, leading to a general suppression of most, irrelevant, neural activity
and the active retention of a few discriminative features, but note that there is much to
be done to test this general hypothesis. These initial forays into studying the
physiological basis of auditory cognition and experience dependent plasticity in birds
that are awake and engaged in a naturalistic behavior have done much to focus the
scope of future studies and to suggest interesting mechanisms that may be involved in

shaping the auditory system to better represent an animal’s world.

METHODS

Subjects and Operant Shaping

Detailed subject housing, basic operant training, and neurophysiological
recording methods are described in greater detail in (Knudsen and Gentner, 2013).
Subjects were 6 European starlings (4 male, 2 female) wild-caught in Southern

California between 2009 and 2011. Prior to experimentation, subjects were housed in
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large mixed-sex aviaries with ad libitum access to food and water, and a naturalistic

light-dark cycle that tracked sunrise and sunset times for San Diego, California.

At the start of experimentation, birds were moved to individual testing
chambers that each consisted of a weld-wire cage suspended inside a sound-
attenuating chamber. Chambers were illuminated by a broad-spectrum compact
fluorescent light bulb (“house light”) mounted above the wire cage, and a continuously
running fan provided ventilation for each chamber. One wall of the wire cage
contained an operant panel consisting of three response ports arranged horizontally
into which the birds were trained to peck their beaks to indicate operant responses.
Directly above the center response port was a green signal light emitting diode (LED)
that was used to indicate trial availability and also served as a secondary reinforcer.
Below the response ports was an opening into which a food reward could be presented
by a solenoid-driven food hopper. Directly behind the operant panel was a single
speaker through which we presented all auditory stimuli. Birds earned all their food by
performing operant tasks, and had ad-libitum access to water throughout the entirety

of training and testing.

Stimuli

Starlings sing their songs in bouts that can be described as a string of varying
and repeated subunits of spectrotemporal structure, here termed “motifs” (Eens et al.,
1989; Gentner, 2008). A bout generally lasts on the order of 30 to 90 seconds, with

individual motifs having much shorter durations. An individual male starling sings a
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great variety of motifs, and these generally do not overlap with the motifs sung by
neighboring males (Eens et al., 1989). Stimuli in the current study consist of a library
of 295 distinct single starling motifs that were excised from song bouts of 11 male
starlings recorded in sound-attenuating chambers at 44.1Khz. Small periods of silence
that occur between individual motifs were used to excise motifs from song bouts.
Motifs were then high-pass filtered at 100Hz (4th order Butterworth), down sampled to
40Khz (in order to be played back appropriately by our data acquisition system) scaled
to 65dB mean, and ramped at both the beginning and end with 20msec linear ramps to
avoid onset or offset clicks. Motifs were then grouped, per bird, into categories
defined by similar spectrotemporal features and one representative motif exemplar
was selected from each motif category from each bird, yielding 295 spectrotemporally
distinct motifs with a mean duration of 0.83 seconds (standard deviation (SD): 0.24
seconds). None of the subjects’ songs contributed to the motif library, and all subjects

were naive to the stimuli in the motif library prior to experimentation.

Initial Training

Birds were acclimated to the operant apparatus and shaped by an automated
procedure to peck into the response ports to obtain a food reward as described
previously (Gentner 2008). Once birds were reliably pecking into the response ports,
motifs were introduced as conditioned auditory stimuli in a two-alternative-choice
(2AC) paradigm. For each bird, three motifs were picked at random from the motif

library and were assigned to the association with the left response port, and three
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different motifs were selected at random to be associated with the right response port.
These six motifs make up the bird’s initial training set and are known as the “over-
trained” motifs in the learning task described below. All trials were self-initiated by a
bird pecking its beak into the center response port, at which time one of the six
training motifs would play from the speaker. The motif played on a given trial was
chosen from the uniform distribution across all six motifs. At the conclusion of the
motif playback, if a bird pecked its beak into the response port associated with the
motif (for example, if it pecked left after a “left” motif), the green signal LED would
blink rapidly for 0.5 seconds as a secondary reinforcer and the bird would obtain a
brief access to the food reward. If it made an incorrect response (pecking the right port
to a “left” motif, the house light would extinguish for 5-10 seconds as a mild
punishment (timeout). Birds were given two seconds after the end of the motif
playback to make a response into either the right or left port. If no such response was
made, the trial was marked as a “no-response” trial, and neither reward nor
punishment was delivered. At the end of the trial consequence (reward, punishment, or
response window), there was an inter-trial interval of two seconds, during which time
a new trial could not be initiated. The possibility of initiating a trial was marked by the
steady illumination of the green signal LED. Birds lived in their training chambers and
to ensure high levels of motivation they were only allowed to initiate trials in
restricted time windows throughout the lights-on period of each day. When the lights
turned on in the morning, trials were available (as denoted by the green signal LED)

for some duration chosen at random (typically 30-60 minutes), after which there was a
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subsequent period (duration again randomly chosen, typically 30-60 minutes) where
the bird could not initiate trials. This cycle of trial availability and unavailability
assured high levels of responding during trial availability and allowed us control over

he animals’ engagement in the task, especially during electrophysiological recording.

Multiple Training Set Task

Once a bird achieved a high level of performance on the initial over-trained
motifs, we began introducing novel sets of training motifs (Figure 1). A novel training
set consisted of an equal number of over-trained motifs chosen randomly without
replacement from the six over-trained motifs (either one “left” and one “right” over-
trained motif or two “left” and two “right” over-trained motifs) and two untrained
motifs picked at random from the remainder of the motif library, and now termed the
“newly-trained” motifs. Trials proceeded as before, except that the newly-trained
motifs were four times as likely to be presented upon trial initiation as the over-trained
motifs. For one of the newly-trained motifs, the bird was rewarded for pecks to the left
response port and for the other motif, the bird was rewarded for pecks to the right
response port. The inclusion of the over-trained motifs allowed us to monitor that
birds were still performing the baseline categorization task as they gradually learned to

correctly categorize the newly-trained motifs.

At the end of each trial, we determined the number of times each motif in the
set had been correctly classified in its previous 20 presentations. If this number was

greater than 15 (corresponding to ~97% confidence interval around chance) for all
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Figure 1: Starlings were trained to quickly classify novel auditory objects. Birds
were trained on an initial training set of three left (blue, boxes outline spectrograms of
training motifs) and three right (red) training motifs. Once a bird became proficient at
classifying these initial motifs, a learning set was chosen that consisted of two of these
initial motifs chosen at random (one left and one right; since two initial training motifs
were included in every learning set and were seen many times, they were termed
“over-trained”), and two untrained motifs (also one left and one right, termed “newly-
learned” motifs, green dashes in set 3). Performance improved as the bird learned to
correctly classify these new motifs until the bird’s behavior reached the behavioral
criterion for above-chance performance. At this point, the motifs in the current
learning set were considered “previously-trained” (magenta and teal; sets 1 and 2), and
were not used in future learning sets. A new set was chosen, and the bird continued to
learn novel motifs in this fashion.
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motifs, we considered the set to be “learned”. If the bird finished the lights-on period
in a given day in the middle of learning a set, the check for 15 of 20 correct was
restarted the next morning for each motif. Once the newly-trained motifs were learned,
they were classified as “previously-trained” motifs for all future sets, and were not
included in any other set. A new set was subsequently chosen, the bird learned to
correctly classify the novel motifs while maintaining strong classification performance
on the over-trained motifs, and the process continued this way, with birds serially

learning to recognize and correctly classify pairs of novel motifs.

Birds generally took fewer trials to learn later sets than initial sets (Figure 2,
and results), as they acquired the larger learning set task along with correctly
classifying individual motifs in each set. At this point, birds were moved to a different
operant chamber that was fitted for electrophysiological recording (Knudsen Gentner
2013 for details). After a brief acclimation period where they continued to perform the
learning set task, birds were implanted with a chronic microdrive and neural recording

began.

Electrophysiology

Behavioral electrophysiology proceeded as described in (Knudsen Gentner,
2013). Briefly, birds were anesthetized with isoflurane and a custom microdrive
containing a 16-channel neuronexus microelectrode array was attached to their skull
over a craniotomy that allowed access to the auditory cortex. The dura was resected

and replaced by a silicone gel that acted as an artificial dura (Jackson and
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Figure 2: Birds required fewer trials to learn novel acoustic stimuli as training
progressed. Each colored line depicts the mean number of trials of a newly-learned
motif performed by a single bird over its first 25 learning sets. The thick black line is
the mean of these values across the six birds from which neural data was collected in
this study. There is a significant negative correlation (Pearson’s r = -0.23, p = 0.005)
between the number of trials it took to learn the novel motifs and the serial number of
the training set, indicating that birds learned newly-trained motifs with fewer trials in
later sets.
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Muthuswamy, 2008). The electrode array was coated with fluorescent dye (Dil) to
facilitate histological recovery of the track (DiCarlo et al., 1996), and then positioned
to target the medial portion of the caudal mesopallium (CMM, target coordinates:
2500um rostral and 500um lateral to the bifurcation of the Y sinus; all implants
targeted the left hemisphere). The electrode array was advanced to a depth of
approximately 1000-1300um so that the electrode pads were situated within the

boundaries of CMM.

The electrode was attached to a headstage (HST/16V-G20, Plexon) mounted to
the microdrive implant that provided 20x gain and this was in turn attached, via a
tether, to a motorized commutator installed in the roof of the soundproof chamber
(Plexon, Dallas, TX). The signal was passed to a 16-channel amplifier where the
signal was amplified 2,000x-10,000x (model 3600 16-channel microelectrode
amplifier, A-M Systems, Sequim, WA), and bandpass filtered between 500Hz-5kHz.
The output of this amplifier was fed to a Power 1401 analog to digital converter
(Cambridge Electronic Designs (CED)), where the signal was digitized at 25-32kHz
and saved via CED Spike2 software. This device also allowed us to control the
behavioral apparatus via custom-written Spike2 scripts, and to maintain the proper

temporal alignment of neural and behavioral data.

Recording Procedure

On a given recording day (Figure 3), experiments proceeded by first advancing

the electrode array in small steps (~35um) until one or more single units could be
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isolated from the background noise. A panel of motifs was then presented while the
operant apparatus was inactive (the green signal LED was not illuminated) and the
bird listened passively as a number of repeats for each motif was presented (generally
10-40) to determine the neurons’ responses to a variety of motifs (Figure 3, Non-
Engaged-Pre-Learning condition). The panel of motifs consisted of all six of the bird’s
over-trained motifs, some number of previously-trained motifs (usually three “left”
and three “right”), and some number of novel motifs from the motif library, which the
bird had never heard in an operant context before (usually six), and one five-second-
long “silent” stimulus. Stimuli were presented in pseudo-random fashion, with a 1-5

second inter-trial interval.

After this, a training set was created by selecting two of the over-trained (one
‘left” and one ‘right” motif) and two of the novel motifs at random to be the newly-
trained motifs (one was assigned to the “left” response, and the other to the “right”
response). The apparatus was activated, and the bird performed trials as during
training while neural responses were recorded (Figure 3, Engaged-Pre-Learning
condition). Recording proceeded until the bird learned the set, or the single unit neural
activity was no longer separable from background noise. The behavioral criterion for
having learned a set was the same as during the pre-physiological recording (15 of the
previous 20 trials correct for each motif in the set). After the bird learned the new set
(Figure 3, Engaged-Post-Learning), it was allowed to perform more trials at a high
level of performance so that we could collect post-learning neural responses. The

operant apparatus was then again deactivated, and the responses to multiple repeats of
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Figure 3: Procedure for neural recording while birds performed the learning
task. Time proceeds from left to right. Experiments began by isolating one or more
auditory single units. Then, a panel of motifs was presented to the bird while the
operant apparatus was disabled and the bird listened in quiet wakefulness during the
Non-Engaged-Pre-Learning recording condition. The apparatus was then activated and
two of the over-trained and two of the untrained stimuli were presented in the
Engaged-During-Learning context. The bird was initially unfamiliar with the novel
motifs in the Engaged-Pre-Learning condition, but soon reached the behavioral
criterion for above-chance performance and continued performing the task in the
Engaged-Post-Learning condition. The apparatus was then again deactivated and the
same motifs that were presented in the Non-Engaged-Pre-Learning condition were
again presented, this time in the Non-Engaged-Post-Learning condition to assess the
effects of learning on the response of the simultaneously recorded neurons.
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the entire panel of motifs were again recorded while the bird passively listened (Figure
3, Non-Engaged-Post-Learning). If the single unit was still separable, we attempted to
run through the entire procedure again with a new panel of motifs and a new training
set. Each instance of recording the activity of a single unit before, during, and after a
bird successfully learned a set is referred to as a “learning instance” in the remainder

of this document.

Data Analysis

Histology

At the conclusion of recording from each subject, the bird was deeply
anesthetized with nembutal and perfused with heparinized saline and then 10%
formalin in order to fix brain tissue. The brain was removed from the skull,
cryoprotected in a 30% sucrose solution, and then 50um coronal sections were made
on a freezing microtome. Slices were mounted on slides, allowed to dry, and then
photographed at 250x in both bright field and fluorescent illumination to observe the
fluorescent dye marking the electrode tracks. Sections were then Nissl-stained, and
photographed again. The fluorescent and Nissl stained images were aligned and tracks
were reconstructed to ensure that all single unit recordings were made in CMM. Single
unit recordings were excluded from analysis if they did not fall within the histological

boundaries of CMM.
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Spike sorting and data organization

Single unit activity isolation from background noise was determined on the
basis of shape-based sorting using the built-in spike sorting features in Spike2,
following the procedures outlined in (Knudsen and Gentner, 2013). Only well-isolated
single units were included in the analyses described below. Once spikes were sorted,
spike times and all related behavioral and neural data were stored in a custom-
designed postgreSQL database that was accessed by custom-written MATLAB scripts,

which was used for all analysis unless otherwise noted.

Firing rates and significant responses

Spontaneous firing rates are reported in spikes/second (Hz) and were
calculated for each trial from the end of the trial consequence until the end of
recording for that trial, or until two seconds before the following trial, whichever came

first.

Driven firing rates were calculated for each trial by counting the number of
spikes that occurred between the start and end of the motif presented on that trial and
dividing by the duration of the motif and are reported as spikes/second (Hz).
Individual trial firing rates were averaged across all presentations of a given motif
within a given recording condition (e.g., Non-Engaged-Pre-Learning) to get a neuron’s

mean firing rate for each motif in each recording condition.

For each motif presented to a neuron in a given recording condition, we

determined whether the neuron had a significant response to this motif in this
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condition by comparing the distributions of firing rates across all presentations of the
motif to the distribution of spontaneous firing rates observed during the condition with

the Mann-Whitney U-test (a0 = 0.05).

Motif class differences before learning

To determine whether there were differences in the driven response to different
classes of motifs based on a bird’s long-term training history, we compared the mean
firing rates elicited by classes of motifs with different training histories in the Non-
Engaged-Pre-Learning recording condition. We first calculated the mean firing rate to
each motif and then transformed these values to Z-scores to allow for comparisons
across neurons. We averaged these Z-scores across motifs with similar training
histories, leading to the mean normalized response to each of the following three motif
classes: over-trained, previously-trained, and untrained. We then performed a one-way
ANOVA across neurons (normalized firing rate by motif class, a = 0.05). In order to
focus on the long-term changes, if a neuron was recorded across multiple learning
instances in one recording session we only included data from the first learning set for
each neuron. Single-neuron analyses were performed similarly, except that the firing
rates were not first transformed to Z-scores, and analyses were done on the
distributions of firing rates to individual trials grouped by motif class, instead of mean
responses to each motif. Post-hoc comparisons between groups in the single-neuron

analyses were made with Tukey’s honestly significant differences test (Tukey’s HSD).
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Population-level changes in firing rate across learning

To determine whether learning led to changes in neurons’ firing rates in
response to motifs with different training histories, we compared the distribution of
firing rates recorded in the Non-Engaged-Pre-Learning condition with those in the
Non-Engaged-Post-Learning condition. For each learning instance, we calculated a
mean firing rate for each motif in both the Non-Engaged-Pre-Learning and Non-
Engaged-Post-Learning conditions. We then calculated the Z-scores for these
estimates to allow for comparisons across neurons, and then subtracted the normalized
pre-learning value from the normalized post-learning value for each motif. We then
averaged these within-motif differences into groups of motifs with the same training
history yielding four estimates of the difference between the post- and pre-learning
normalized firing rate per neuron: one each for the over-trained, previously-trained,
newly-trained, and untrained motif groups. These values were compared across
learning instances with a one-way ANOVA (normalized response difference X motif
class, a = 0.05). Post-hoc comparisons were made with Tukey’s HSD. We tested
whether or not each class of motifs had a change significantly different from zero with

a t-test (o= 0.05) of deviation from the standard normal distribution.

Individual changes in firing rate across learning

In addition to looking at population-level effects in differences across learning,
we analyzed changes across individual learning instances. For each motif in each

learning instance we compared the distribution of firing rates recorded during the
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Non-Engaged-Pre-Learning condition to those recorded during the Non-Engaged-
Post-Learning condition with the Mann-Whitney U-test (o = 0.05). If the distributions
were significantly different, we subtracted the median Pre-Learning firing rate from
the median Post-Learning firing rate to label the difference as either a significant

increase or a significant decrease in the neuron’s response to that motif.

Task-engagement dependent changes in firing rate

To assess task-engagement dependent changes in firing rate, and whether or
not they were stable across learning, we compared responses to each motif recorded
across each learning instance with a one-way ANOVA on the distribution of firing
rates recorded in each of the different behavioral conditions (Non-Engaged-Pre-
Learning, Engaged-Pre-Learning, Engaged-Post-Learning, Non-Engaged-Post-
Learning). We necessarily restricted the motifs included in the model to those
presented in the Engaged-During-Learning behavioral condition, and to those that
showed significantly driven firing rates in both the Non-Engaged-Pre-Learning and
the Engaged-During-Learning condition. If the ANOVA showed a main effect of
behavioral condition, we performed a post-hoc multiple comparison test (Tukey’s
HSD, a=0.05) to determine across which behavioral conditions the firing rate of the
neuron differed. Similar results were obtained by assessing differences with the

nonparametric Kruskal-Wallis test instead of using an ANOVA.

To decide whether a neuron developed or lost a particular task engagement

effect in response to a particular motif, we first required that the firing rate measured
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in the Non-Engaged-Pre-Learning condition was not significantly different from the
distribution recorded in the Non-Engaged-Post-Learning condition; that the response
is the same in both Non-Engaged epochs is a necessary prerequisite for having a task-

engagement-dependent change.

If the Engaged-Pre-Learning firing rate was significantly different from the
Non-Engaged-Pre-Learning firing rate, and the direction of the difference between the
mean Engaged-Pre-Learning firing rate to the mean Non-Engaged-Post-Learning
firing rate was the same as the direction of the difference between the Engaged-Pre-
Learning to the Non-Engaged-Pre-Learning (for example, if the firing rate increased
with task engagement, this would require it to go back down when the bird was again
in the non-engaged condition), we determined that there was already an effect of task
engagement on the firing rate in response to the given motif. If the firing rate in the
Engaged-Post-Learning condition was significantly different than the firing rate in the
Engaged-Pre-Learning condition, and in the same direction as the Non-Engaged
conditions relative to the Engaged-Pre-Learning firing rate, then we determined the

neuron to have lost a significant task engagement effect across the learning condition.

If the Engaged-Pre-Learning firing rate was not significantly different from the
Non-Engaged-Pre-Learning firing rate, we determined that there was no pre-existing
effect of task engagement on the response of the neuron to the given motif, and further
asked whether or not such an effect might have developed over the course of learning.
If the Engaged-Post-Learning firing rate was significantly different from both the

Non-Engaged-Pre-Learning and the Engaged-Pre-Learning firing rate, and the mean
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difference was in the same direction relative to these distributions and to the Non-
Engaged-Post-Learning firing rate, we determined that the neuron had gained an effect

of task engagement over the course of the learning set.

Stimulus adaptation

We assessed the effects of repeated presentations of a motif in the Non-
Engaged-Pre-Learning condition by using the statistical package JMP (version 10) to
perform a least-squares indicator variable linear regression analysis for each neuron.
We modeled firing rate as a function of motif presentation number and included motif
identity as a categorical indicator variable, allowing us to assess the main effects of
motif presentation number and motif identity, as well as the interaction between these
two factors. The analysis fits a line for each motif to the relationship between firing
rate and presentation number, and allows us to determine main effects of motif
identity, presentation number, and the interaction between the two. Neurons were
considered to show significant adaptation to a particular motif if the 95% confidence

interval around the slope parameter for the linear fit to the motif did not include 0.

We performed a similar analysis to determine whether the rate of adaptation
was different across the Non-Engaged-Pre-Learning and Engaged-During-Learning
conditions by again using JMP to perform a least-squares indicator variable linear
regression analysis on each motif in each learning instance. We modeled firing rate as
a function of motif presentation number and included behavioral condition as a

categorical indicator variable. We necessarily restricted the motifs included in the
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model to those presented in the Engaged-During-Learning behavioral condition, and to
those that showed significantly driven firing rates in both the Non-Engaged-Pre-

Learning and the Engaged-During-Learning condition.

RESULTS

Birds learned to quickly classify novel motifs

Birds rapidly acquired the overall training set task. Over the first 25 sets across
all birds, there was a significant negative correlation between the set number and the
number of presentations of the newly-trained motifs required to learn the set
(Pearson’s r = -0.23, p = 0.005; Figure 2). We recorded a total of 80 well-isolated
single units in CMM in response to the Non-Engaged-Pre-Learning panel of motifs.
Of these 80 neurons, we were able to maintain isolation over the course of birds
learning newly-trained motifs for 44 neurons. Five of these neurons were held through
more than one learning instance, leading to a total of 54 successful learning instances

across 44 neurons.

Neurons respond differently to motifs with different training histories.

Birds had different levels of experience with different motifs; over-trained
motifs were represented in every set a bird learned, previously-trained motifs were
learned at one point, but only ever in one set, and untrained motifs were never
presented in an operant context. In order to determine whether there were any long-

term changes in the population response to different classes of motifs in the learning
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set task, we characterized the neural responses in CM with respect to the difference in
motif training history. The over-trained motifs had lower normalized driven responses
(mean Z-scored response, see methods, -0.10 (SD 0.46)) than the previously-trained
(mean 0.06 (SD 0.4)) or untrained (mean 0.06 (SD 0.46)) motifs (Figure 4). Though
there was considerable variance, there was a main effect of motif history on firing rate

across the three groups (one-way ANOVA, F;237)=3.20, p = 0.04).

These population-level measures averaged over much neuron-to-neuron
variability. When we looked for differences between firing rates elicited by different
motif categories within a given neuron, we found that 15/80 neurons showed a
significant main effect of motif class on firing rate (one-way ANOVA for each
neuron, p < (0.05). Post-hoc analyses on these 15 neurons allowed us to determine
which groups elicited significantly different firing rates. Over-trained motifs elicited
higher firing rates than either the previously-trained or untrained motifs in only 4/15
neurons, while having significantly lower firing rates in 10/15 neurons. Previously-
trained motifs had higher driven rates in 4/15 neurons, and lower rates in 5/15
neurons; and untrained motifs showed higher rates in 8/15 neurons, and lower rates in
1/5 neurons. While there is great heterogeneity, there is a trend for training to lead to

lower driven firing rates at both the population and single-neuron level.
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Figure 4: Training history affects the population response to motifs. The figure
depicts the normalized response rate of 80 neurons recorded during the Non-Engaged-
Pre-Learning behavioral condition, grouped by motif class within neuron. Each dot
represents the mean normalized response of a single neuron in the motif classes based
on a bird’s experience (over-trained, previously-trained, untrained). A one-way
ANOVA shows a significant main effect of motif class (see text; light grey shading:
one SD; dark grey shading: SEM; horizontal black line: mean).
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Firing rates decrease after learning; the largest decrease is observed for the

newly-trained motifs

To determine whether or not learning altered driven neural responses across
the learning instance, and whether these differences depended on the training history
of the motif, we compared driven firing rates measured before and after learning by
subtracting the firing rates measured during the Non-Engaged-Pre-Learning period
from those measured during the Non-Engaged-Post-Learning period. A positive
difference suggests that neurons increased their driven responses to motifs after
learning, while a negative value indicates that responses were suppressed relative to
pre-learning rates. By normalizing within-neuron and grouping responses from motifs
with similar training histories, we were able to compare these differences across the
set of learning instances (Figure 5). Driven firing rates tended to decrease for all
classes of motifs over the course of learning, but only the previously-trained and
newly-trained motifs showed a within-class decrease in firing rate that was
significantly lower than zero (z-test; p = 0.045, previously-trained; p = 0.0001, newly-
trained), indicating a significant change between the Non-Engaged-Pre-Learning and
Non-Engaged-Post-Learning responses to these motif classes. The change in firing
rate was significantly modified by the motif training history (one-way ANOVA, main
effect of motif training history, F3210)= 2.78, p = 0.04). Post-hoc comparisons showed
that the newly-trained motifs showed a significantly greater decrease in firing rate

across learning than did the over-trained motifs (Figure 5, asterisk).
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Figure 5: Neurons show decreased responsiveness to motifs after learning, and
show a greater decrease for newly-trained motifs. The figure shows the normalized
response rate difference across learning for 54 learning instances in 44 neurons,
grouped by motif class within neuron. Each dot represents the mean normalized
response difference between the Non-Engaged-Post-Learning and the Non-Engaged-
Pre-Learning condition for a single neuron in a given learning instance. Responses are
grouped by the motif classes based on a bird’s experience (over-trained, previously-
trained, newly-trained, untrained). A one-way ANOV A shows a significant main
effect of motif class, and a post-hoc comparison shows that the newly-trained motifs
show a significantly larger decrease across learning than do the over-trained motifs
(black line with asterisk: significant difference, see main text. Light grey shading: one
SD; dark grey shading: SEM; horizontal black line: mean).
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Individual neurons display heterogeneous changes to neural responses

across learning

While the population-level effect on the change in firing rate between the Non-
Engaged-Pre-Learning and Non-Engaged-Post-Learning suggested a population that
decreased its driven response to all motifs, there was a great deal of variability in the
direction of change for individual motifs recorded in a given learning instance. In
51/54 learning instances, we found that there was at least one motif that had a
significantly different driven firing rate between the Non-Engaged-Pre-Learning and
Non-Engaged-Post-Learning behavioral conditions. In 27 (53%) of these instances, all
significant changes were decreases, mirroring the population effect of seeing a general
decrease in firing rate with learning (e.g., Figure 6A). However, we observed 9 (18%)
instances in which all of the significant differences were increases in firing rate with
learning (e.g., Figure 6B), and 15 (29%) in which there were both significant increases
and significant decreases observed for different motifs (e.g., Figure 6C). This suggests
that though the population level effect was to decrease driven firing rates over the
course of learning, neurons could show both increases and decreases to individual
motifs, suggesting a more complex modification of response rates due to learning than

the simple decrease suggested by the population-level analyses.

In addition to changes observed between the Non-Engaged-Pre-Learning and
Non-Engaged-Post-Learning conditions, many neurons showed interesting patterns of

alterations to their time varying firing rate in response to a given motif while the
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Figure 6: Neurons show heterogeneous changes in response to motifs across
learning. (A) depicts a learning instance for which all significant changes across
learning were decreases. The top graph depicts the distribution of firing rates
(spikes/second) across trials both before learning during the Non-Engaged-Pre-
Learning condition (triangles) and after learning during the Non-Engaged-Post-
Learning condition (circles). Each distribution is summarized by a black line (mean)
and gray box (SEM). Each column represents a different motif, colored by the class to
which they belong. Light red shading in the background of a motif column denotes
that the distribution of firing rates recorded before learning is significantly different
than the distribution recorded after learning (Mann-Whitney U test, p < 0.05). The
lower half of panel a shows the difference in the mean firing rate (Non-Engaged-Post-
Learning minus Non-Engaged-Pre-Learning). For this learning instance, all motifs that
show a significant difference cause the neuron to respond less after learning. (B) and
(C) are arranged similarly, but depict learning instances for which all significant
differences are increases (B), or for which there are both significant increases and
significant decreases (C).
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bird was actively engaged in learning the proper classification of the newly-trained
motifs in the Engaged-During-Learning condition. We observed neurons that both
increased (Figure 7A) and decreased (Figure 7B) their firing rate to certain motifs
across the Engaged-Pre-Learning to Engaged-Post-Learning boundary, and neurons
that increased their firing rate to one part of a motif while decreasing it to another
portion of the same motif (Figure 7C, right motif). Interestingly, we also observe
neurons that gain a response to a motif for which there was previously none (Figure

D).

Task-engagement dependent changes in firing rate develop over the course

of learning

We noticed that, although there were changes in firing rate between the pre and
post learning conditions, and that often responses appeared to change during the
learning period itself, it did not appear that there was always a smooth transition from
the response observed in the Non-Engaged-Pre-Learning condition via the change
observed in the Engaged-During-Learning condition to the response observed in the
Non-Engaged-Post-Learning condition. Instead, there were often discontinuities in the
responses observed between the non-engaged and engaged task conditions that
reminded us a great deal of the changes in firing rate due to task engagement we
recently reported in recordings made from CMM neurons in birds performing similar,
well-learned classification tasks (Knudsen and Gentner, 2013). Some of these firing

rate differences between task-engaged and non-engaged recording conditions appeared
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Figure 7: Neurons show temporally restricted changes in firing rate that
correlate with learning novel object discriminations. Each panel depicts the
response of a neuron as the bird learns to correctly classify the newly-trained left (left
side of panel, teal) and the newly-trained right (right side of panel, magenta) motifs in
the Engaged-Pre-Learning (green shading) and Engaged-Post-Learning (yellow
shading) behavioral conditions. For each motif, the top of the panel plots the spike
rasters for each trial, where each row is a single trial, and the presence of a dot on the
row is the time of a recorded action potential. Earlier trials are toward the bottom, and
the total recording time is plotted to the left of the topmost trial (reported in
hours:minutes). Between the rasters for the two motifs is a record of the bird’s
behavior during recording and reports the proportion of trials that were answered
correctly in the previous 20 trials. The solid grey line denotes chance, and the dashed
grey lines are the 95% confidence interval around chance. Below the rasters are the
peri-stimulus time histograms (PSTH) of the response of the neuron to both the
Engaged-Pre-Learning trials (green, shading denotes SEM) and the Engaged-Post-
Learning trials (yellow). Behind the PSTHs is the spectrogram of the respective motif.
(A) a neuron that tended to increase its response during the learning period, (B) a
neuron that tended to decrease its response, (C) a neuron that increased its response to
the left motif, and showed an interesting pattern of increasing its response with
learning toward the beginning of the motif, and decreasing its response later in the
motif, (D) a neuron that had no regions of responsiveness before learning, but gained a
strong peaked and time-restricted response after learning.
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to be present only after successful learning, while others that were already present

appeared to diminish with learning.

To determine whether neurons gained or lost differences due to task-
engagement in their responses to a given motif over the course of learning, we
compared the distribution of firing rates recorded from a neuron across the four
behavioral conditions (Non-Engaged-Pre-Learning, Engaged-Pre-Learning, Engaged-
Post-Learning, Non-Engaged-Post-Learning). We assessed these differences in each
significantly driven motif in each learning instance (N = 205) by comparing the firing
rate of the neuron across behavioral conditions with an ANOVA and then, if the
ANOVA showed a significant main effect of behavioral condition, we compared
significant differences between groups, looking for patterns consistent with a gain or
loss of a task-dependent alteration in firing rate. To determine that a neuron gained a
task-engagement-dependent effect, we looked for responses that were similar in the
Non-Engaged-Pre-Learning, Engaged-Pre-Learning, and Non-Engaged-Post-Learning
conditions and different in the Engaged-Post-Learning condition. Likewise, to
determine that a neuron had lost a task-engagement-dependent effect, we looked for
responses that were similar in the Non-Engaged-Pre-Learning, Engaged-Post-
Learning, and Non-Engaged-Post-Learning conditions and different in the Engaged-
Pre-Learning condition (see Methods: “Task-engagement dependent changes in firing

rate” for the full logic).

This analysis revealed 11 instances of the gain of a task-engagement-

dependent effect over the course of a learning instance. The development of firing rate
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changes as a function of task engagement occurred as both increases in the response to
the motif (e.g., Figure 8A), and decreases (e.g., Figure 8B,D). Interestingly, the
distribution of the classes of motifs that developed these effects (newly-trained, 9;
over-trained, 2) was significantly different than if one expected to see equal numbers
of newly-trained and over-trained motifs developing such changes X*(1, N=11) =
4.46, p = 0.035. In addition to gains, we observed four instances of a loss of a task-
engagement-dependent firing rate changes in firing rate (over-trained, 1; newly-

trained, 3; e.g., Figure 8C).

Interestingly, we also see temporally restricted regions within a given motif
response in which task engagement effects appear to be developing in different
directions. In Figure 8D, we see that there is a region toward the beginning of the
motif (marked by the open arrowhead) that elicits a similar response in both Non-
Engaged conditions, and the Engaged-Pre-Learning condition that appears to show an
increased response during task engagement after learning. In the neuron’s response to
the same motif (closed arrowhead) we again see similar response strength for both
Non-Engaged conditions as well as the Engaged-Pre-Learning condition, which
decreases after the bird has learned and is still performing the task. That is, the first
portion of the motif (open arrowhead) does not elicit a response to the neuron until
after the bird is successfully performing the classification task; the second portion

(closed arrowhead) elicits a lower response after learning, and the neuron returns to its
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Figure 8: Neurons develop task-engagement dependent effects over the course of
learning. Each panel (A-D) depicts the response of a single neuron to a particular
motif over the course of a learning instance. Left: mean (colored shading, SEM) time
varying firing rate of the neuron in each of the four behavioral conditions (blue: Non-
Engaged-Pre-Learning; green: Engaged-Pre-Learning; yellow: Engaged-Post-
Learning; magenta: Non-Engaged-Post-Learning) in response to the motif (grey
shading). Right: distributions of the firing rate for each trial, measured across the motif
duration, and grouped by behavioral condition (light grey shading, SD; dark grey
shading, SEM; horizontal black line, mean). Red lines show significant differences
between groups (post-hoc Tukey’s HSD after showing significant main effect of
behavioral class by one-way ANOVA). Some neurons developed task-engagement
dependent increases in their firing rate (A), some decreases (B), and others lost their
task-engagement dependent effects (C). In (D), a task-engagement-dependent decrease
forms with learning, but it appears that this may be due to the development of two
different effects: a time-restricted task-engagement dependent increase (open arrow),
and a larger task-engagement-dependent decrease (closed arrow).
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Non-Engaged-Pre-Learning response strength in both response regions when the bird
1s no longer performing the task. It is likely that averaging over the entirety of the
motif is washing out many of these sub-motif level response modifications. Further
analyses are underway to isolate these sub-motif response regions and characterize the

development of task-engagement effects in these smaller time windows.

Neurons show adaptation in the pre-learning phase, and many show

different adaptation rates to different motifs

Since the modal change in response was a decrease in firing rate over
learning, we sought to understand whether this might be caused in part by stimulus
adaptation, a phenomenon by which neurons in many sensory systems decrease their
stimulus-evoked response over the course of repeated presentations of the same
stimulus. We first focused on the Non-Engaged-Pre-Learning condition, to determine
whether neurons decreased their firing rate in response to repeated presentations of the
same motif. For each of the 80 neurons recorded in the Non-Engaged-Pre-Learning
condition, we performed a linear regression to model firing rate as a function of the
sequential number of motif presentation. We included motif identity as a factor to
isolate the effects of repeated presentations of each motif separately and to test the

interaction between motif identity and presentation number.

All 79 of 79 neurons (one neuron had only a single motif that elicited a
significant response, precluding comparisons across motifs) showed a main effect of

motif identity ((probability > F».19) < 0.001 for all neurons), indicating that neurons
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responded with different numbers of spikes in response to different motifs. In addition,
we observed a main effect of presentation number in 47 of 79 neurons
((probability>F;) < 0.05), indicating that the number of previous presentations of a
given motif significantly affected the firing rate of these neurons (e.g., Figure 9A).
The median slope of the fit of presentation number to firing rate for these 47 neurons
was -0.084 (sp/sec)/presentation (quartiles -0.151, -0.013). The distribution of these
values is significantly less than zero (Wilcoxon signed-rank test, p = 0.002), indicating
that, on average, this population of neurons decreases its firing rate in response to
repeated presentations of the same motif. In addition to these main effects, we
observed that 41 neurons showed an interaction between motif presentation number
and motif identity ((probability > F».19) < 0.05), which indicates that neurons are
changing their firing rates in response to repeated motif presentations differently for
different motifs, and supports the notion that these neurons display stimulus-specific

adaptation (e.g., Figure 9B).

Adaptation is altered by behavioral state in many neurons

To test whether stimulus-specific adaptation might be a mechanism under the
control of top-down modulation due to differences in birds’ behavioral states, we
explored the possibility that the adaptation rate for a given motif might change when
birds move from passively listening during the Pre-Learning-Non-Engaged condition
to performing the learning task in the Engaged-During-Learning condition. In each

learning instance, for each of the over-trained and newly-trained motifs that
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Figure 9: CMM neurons adapt to repeated presentations of a motif, and many
neurons show evidence of stimulus-specific adaptation. (A) depicts linear fits of
firing rate as a function of motif presentation number for 16 motifs that drove this
neuron significantly above baseline in the Non-Engaged-Pre-Learning condition. Solid
grey lines denote neurons that showed significant adaptation, while dotted grey lines
show fits with a slope that is not different from zero. Grey dots are firing rates from
individual trials to which the lines were fit. The green dots and line show a
representative neuron that decreased its firing rate as a function of motif presentation
number. Though many motifs showed evidence of adaptation, the adaptation rates
were not different across motifs. (B) same as (A) for a different neuron which shows
evidence that the response of the neuron adapts differently for different motifs. The
motif represented by green shows significant adaptation, while the motif represented
by blue does not show evidence of adaptation across repeated motif presentations,
despite having a similar mean firing rate to the green motif.
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showed a significant firing rate in each behavioral condition, we again performed a
linear regression to model firing rate as a function of presentation number, now
including the behavioral condition as a factor (Non-Engaged-Before-Learning,
Engaged-During-Learning). In 55 of 170 motif-learning instance pairs, we observed a
significant interaction between presentation number and behavioral condition
((probability > F;) < 0.05), indicating that the slope of the best-fit line was
significantly different in the Non-Engaged-Pre-Learning condition than it was in the
Engaged-During-Learning condition. These effects were distributed such that 33 of 52
learning instances (two learning instances were excluded because none of the four
over-trained or newly-trained motifs significantly drive the neuron in both behavioral
conditions) had motifs that showed different adaptation rates between the Non-
Engaged-Pre-Learning and the Engaged-During-Learning recording conditions. A
neuron that does not adapt to a particular motif when not engaged in the learning task
may show adaptation to this same motif while the bird is actively learning the motif
classification, or vice versa, or may simply show different levels of adaptation
between the two behavioral conditions. These results suggest that in many neurons,
stimulus-specific adaptation may indeed be under the control of top-down mechanisms
employed during the learning task as a way to modify the responses of neurons to

specific motifs of interest.
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DISCUSSION

To begin to elucidate the short-term correlates of the long-term experience-
dependent plasticity known to occur in the avian auditory cortex, we recorded the
acoustically driven extracellular spiking activity from 80 well-isolated neurons in the
starling auditory cortical region CMM in response to auditory stimuli with which the
birds had varying behavioral experience. For 44 of these neurons, we additionally
recorded across the entire process of a bird learning to correctly classify two novel
motifs, and for 5 of these neurons we were able to hold the neuron over multiple
learning periods. This led to 54 learning instances in which a neuron’s activity was
recorded in response to a panel of motifs before, during, and after successful
acquisition of the novel behavioral classification. Most neurons changed their
responses to auditory stimuli over the course of the learning task; in only three
learning instances did we fail to observe a change in firing rate to any motifs. We
observed long-term population-level differences in response to stimuli with different
training histories, and shorter-term changes in single neurons over the course of
learning a novel set of motif classifications. These included an overall decrease in
responsiveness to motifs—especially the newly-learned motifs—and the observation
that many neurons gained and some lost the types of task-engagement-dependent
changes in firing rate that have been previously shown to enhance the coding ability of

neurons in CMM. Finally, we explored the possibility that these effects might be, at
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least in part, mediated by stimulus-specific adaptation that may be under top-down
behavioral control and serve as a mechanism for the short- and long-term changes

observed in the neural coding in this system.

Responses in the Non-Engaged-Pre-Learning behavioral condition should
reflect the long-term effects due to experience-dependent plasticity that lead to
differences in the neurons’ responses to motifs with different operant training
histories. We found that the over-trained motifs with which birds had extensive
experience tended to be represented by a diminished spiking response when compared
to previously-trained motifs, with which the bird had much less training experience
but was at some point capable of successfully classifying, or untrained motifs that the
birds had never before experienced in an operant training context. When we looked for
changes in individual neurons, we again saw that it tended to be the motifs that had
more training that elicited fewer spikes from neurons than motifs with less training

history.

This long-term difference in firing rate may reflect the long-term bias in
coding that we have observed in this and other avian auditory system regions, but the
direction of the effect is different from that observed in CMM in previous studies,
where neurons were previously reported to display an increased response to learned
versus novel stimuli. There are many reasons the direction of the effect here may be
different from previous CMM studies, including differences in experimental
conditions and sampling bias that can have a large effect on these sorts of population-

level differences grouped across multiple recording sessions (single-wire, fully head-
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restrained and anesthetized in previous studies; multi-electrode arrays mounted to the
skull in awake birds, in the current study). However, perhaps a more parsimonious
explanation is that once the birds in this study learned the meta-task, that is—once
they knew that their task on a given day would include listening to a panel of motifs
and then needing to learn to classify a subset of them—they may have begun to
covertly attend to those motifs which they might be likely to hear in the upcoming
learning session, and in doing so suppressed those for which they had a great deal of

previous experience in classifying.

In addition to the long-term changes observed by recording neurons’ responses
in the Non-Engaged-Pre-Learning condition, we observed that neurons, on average,
decreased their driven neural activity over the course of learning. Interestingly, they
displayed the largest decreases for the newly-trained motifs, to the point of having
significantly larger decreases for these neurons than for the over-trained motifs.
Though the population of neurons tended to decrease driven firing rates across
learning, there was a diversity of changes to the driven firing rate in response to single
motifs across neurons. Most learning instances showed significant changes to single-
motif responses that consisted of only decreases (27/54), but there were some learning
instances in which neurons showed the opposite pattern: only significant increases
(9/54). Perhaps most interesting were the learning instances in which neurons showed
both increases and decreases in their responses to individual motifs after learning

(15/54), since these responses cannot be described by simple changes in spiking
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threshold, but require a more complicated neural explanation for their pattern of

response changes across different stimuli.

The observation of stimulus-specific adaptation and its apparent modification
by behavioral state provides a possible mechanistic basis for these effects. We
observed that neurons on average adapted their responses to repeated presentations of
the same motif, firing fewer and fewer spikes in response to each subsequent stimulus
presentation. In addition, many neurons had significantly different decay rates across
different motifs, suggesting that the responses to different motifs may be modulated
by different sets of inputs impinging on each neuron. Studies performed in our lab,
and currently in preparation for submission, support this notion. Single CMM neurons
in anesthetized starlings can adapt to repeated presentations of auditory stimuli, and
this adaptation is specific to features present in those stimuli; after adapting to
repeated presentations of a particular stimulus, a neuron may still fire at the initial
firing rate observed for a different stimulus to which the neuron had not been adapted
(Kozlov & Gentner, in preparation). This suggests that different groups of afferent
inputs may be differentially affected by adaptation, each providing the substrate for a
unique portion of a neuron’s receptive field, and each a possible target for learning-

induced modification.

The implication of stimulus-specific adaptation in learning-induced changes in
auditory neurons is not without precedent. A neighboring region in the avian auditory
forebrain, NCM, shows strong adaptation to rapidly repeated presentations of brief

stimuli in anesthetized zebrafinches, and this has been proposed as a mechanism of
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sensory learning (Chew et al., 1995). Likewise, neurons in the A1 of cats show
differential rates of adaptation to stimuli that occur with different presentation
probabilities and act over timescales from hundreds to tens of thousands of
milliseconds (Ulanovsky et al., 2004). The authors suggest that the stimulus-specific
adaptation in these neurons appears to participate in encoding sensory memory on
these timescales. Whether the stimulus-specific adaptation we observe underlies the
long-term experience-dependent effects in CMM, or simply participates in the short-
term decorrelation of the inputs to these neurons is unknown, but should not be

ignored in future studies of the system.

In a recent study, we showed that engagement in an auditory task alters the
motif-driven firing rates of most neurons in CMM compared to non-engagement. This
study focused on birds that were performing a classification task with well-learned
stimuli (analogous to the over-trained motifs in this study), and the effects due to task-
engagement were such that neurons conveyed more information about the behavioral
classes of motifs while the birds were engaged in a task than while they were not task-
engaged (Knudsen and Gentner, 2013). That the changes with task engagement were
specific to the learned behavioral categories suggests that they were established as a
result of birds learning appropriate motif classifications during their experience in the
operant training paradigm. The evidence we present in this report and the examples
shown in Figure 8 appear to support this notion; we observed the development of such
task-engagement effects over the course of learning. For the neurons that develop such

a dependence on task-engagement, there is no particular modulation of the response to
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the motif when the bird begins the learning task; in the Engaged-Pre-Learning
condition, the neuron appears to be driven to the same level as it was in the Non-
Engaged-Pre-Learning state. As the animal learns the proper association between
motif, response, and reward, some modulatory action that was not present before the
proper classification was learned comes into play either at the level of CMM or in
upstream nuclei to increase or decrease the driven response to that particular motif.
These increases and decreases then disappear when the animal is no longer engaged in
the task, suggesting they are actively imposed by some a modulatory mechanism that
is only present during behavior. This modulation may come as a function of trial-by-
trial variations in dopaminergic or cholinergic input due to reward feedback or
differences in object-based attention as the bird learns the proper contingencies of the
classification task. The involvement of auditory attention is likely, as a set of recent
experiments in the lab has shown strong attentional effects by carefully controlling
starlings’ auditory attention while recording in the caudal mesopallium. In these
studies, neurons show time-restricted increases and decreases in driven firing rate that
are only present when a bird’s attention is properly directed to certain features in the
stimulus and not others (Caporello and Gentner, in preparation). Whether or not the
effects we observe here are maintained and reappear in subsequent task-engaged
epochs, and whether or not these particular task-related changes lead to an enhanced
representation of the motifs remains to be determined; the mechanism underlying
these task-engagement and attentional effects remains unknown, and provides exciting

directions for future study.
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In previous studies of learning-induced modification of auditory
representations, modifications tended to improve the system’s ability to encode
stimulus features that are relevant to an animal. How might the effects we observe
here improve the representation of features that birds use to perform the classification
task? Since the space of all auditory features that are possibly represented by the set of
neurons in CMM is likely much larger than the space of features a given bird uses in
any particular learning instance, we might expect that the majority of CMM neurons
do not code for task-relevant features. In this case, a general decrease in the driven
responses in CMM might be a way to reduce the overall noise of the system, while an
increase in signal might be achieved when a small minority of neurons that have
receptive fields that contain the features to which the bird is attending increase their
driven firing rate. The observation that a certain minority of neurons, and some
individual motif responses for a particular neuron, tend to increase their firing rate
across learning agrees with this active reshaping of the representational landscape. In
this case a general suppression of the less-informative features represented by most
neurons accompanied by a selective retention or increase of the response to those
features that are informative acts to renormalize the representation of useful features
every time the bird needs to represent new meaningful stimulus associations. The
general mechanism of this normalization may be the observed adaptation—cells
respond more weakly to stimuli that are presented multiple times and don’t need to be
preferentially represented. Meanwhile, features that are useful for the classification

task are rescued from this adaptation by neuromodulatory mechanisms such as
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attention and reward prediction involved during behavior. Some or all of these
behavioral modulations might then be maintained after the learning session, to be
consolidated into the network representation and leading to the long-term experience-

dependent effects that are observed in this region.

While the above description includes several assumptions and requires further
experimentation to validate, it may be a helpful framework for interpreting the current
results and designing future experiments. These experiments should work to focus
animals’ behavior to particular stimulus features of interest, ideally based on a model
of a neuron’s receptive field. Receptive field models allow a parametric mapping
between stimulus and response, and will provide useful predictions about how a
neuron’s response should change as a bird learns novel stimulus classifications that
can either support or invalidate the model described above. It may be necessary to
control for the stimulus-specific adaptation we observe, or as suggested here, this
adaptation may be an integral mechanism in the system’s representation. Finally, a
description of how the short-term behaviorally induced changes are consolidated and
lead to long-term differences in the representation of different stimuli will require
experiments that test the observed effects over longer timescales, and may require
pharmacological manipulation aimed at blocking known mechanisms of plasticity or
consolidation. There remain many challenges to understanding the experience-
dependent reorganization of avian auditory cortex, and the results described in this
report serve to focus future studies on those behavioral and stimulus dimensions that

can explain the important sources of variance in this system.
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GENERAL DISCUSSION

Songbirds have a complex and ever-changing relationship with the information
that makes up their auditory world, making them a powerful model for understanding
auditory cognition in animals and humans alike. In the wild, birds must be able to
perceive and adapt to important auditory information, including encoding and
recognizing important stimuli such as the song of their tutor, a rival, or a potential
mate. We took advantage of these natural behaviors by bringing European starlings
into the lab to examine the manner in which auditory stimuli are represented both
perceptually and neurally, and how these representations change based on a bird’s

relationship to particular stimuli.

We showed in Chapter 2 that birds build distributed perceptual representations
of stimuli; even when presented with very limited acoustic information from a
previously learned stimulus, they are able to use this information to perform an action

that leads to reward. The neural bases for these learned representations have been
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studied before in anesthetized birds, but by ‘waking up’ our experimental subjects in
Chapters 3 and 4, and putting them in a variety of experimental contexts that altered
their relationship to auditory stimuli, we demonstrated that auditory representations

are modified by a bird’s behavioral state and by its recent experience with particular

stimuli.

Neurons in the caudal mesopallium (CM) of starlings respond selectively to
complex conspecific vocalizations. In Chapter 3, we trained birds to classify sets of
these vocalizations, and saw that when they were engaged in this classification task,
the neurons changed their selective responses in such a way as to encode more
information about the relevant stimulus classes than when the birds were not
performing the task. These are likely the effects of selective auditory attention, though
we did not explicitly control for attention, and ours is only a coarse measure of neural

encoding.

In Chapter 4, we attempted to see how such short-term changes as those
observed in Chapter 3 might lead to the longer-term experience-dependent changes
previously shown in CM of anesthetized birds. We trained birds to quickly recognize
new auditory stimuli, and recorded from neurons before, during, and after these
learning sessions. We again observed changes in the neural representation due to the
animals’ changing relationship to the stimuli; this time seeing a complex pattern of
changes with learning, including both a general decrease in the response to stimuli for
most neurons, and selective increases for others. We also witnessed the development

of the types of task-dependent modulations observed in Chapter 3. How these
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learning-induced changes relate to changes in the relative representation of different
classes of stimuli remains to be determined, but we suggest that this might be
explained by a combination of the suppression of uninformative features, and a
selective retention and enhancement of behaviorally relevant information. It is
possible that the changes we observe here are the basis for the long-term experience-
dependent enhancements of behaviorally relevant stimuli previously described, but

there is much to be done before this relationship is fully understood.

One of the most important factors for better understanding in this system is the
knowledge of the relationship between a neuron’s response properties and the specific
acoustic features a bird is using to perform a particular task. The more we can match
the variability in a bird’s behavior to the variability in a neuron’s receptive field, the
more explanatory power we gain with each behavioral trial. As we better understand
the response properties of these neurons by constructing the appropriate receptive field
models, we will uncover the acoustic dimensions that provide the best description of
neural response. Experiments can then be carefully constructed to tune birds' behavior
to attending to some small set of these acoustic dimensions. In order to accomplish
this, the desire for a complete understanding of the representation of natural stimuli
must be balanced with the experimental expedience and analytical power of using
artificial stimuli. Effort should be made to find a reduced stimulus that is parametric in

nature, but which keeps the complexity inherent in the natural stimulus.

In addition to selecting the appropriate stimulus and behavior, future studies

must select the appropriate targets for recording. CM is made up of many more
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neurons than those from which we recorded. Any complete description of auditory
representation, and the changes in this representation, will necessitate assessing
activity in multiple neurons at once. It’s very likely that the effects we observe here
are a result of the entire auditory system modifying its response properties at multiple
stages in a manner that may be hard to understand when recording from single
neurons. The stimulus-specific adaptation results described in Chapter 4 suggest
changes across independently modifiable inputs that might reflect plasticity happening
in nuclei upstream of CMM such as NCM or CLM, or in Field L. Likewise, the
neurons we record from in what we conceptualize as sensory structures somehow
participate in the selection of an appropriate behavioral response. Whether they simply
send a feedforward signal to downstream decision networks, or whether neurons in the
auditory system in some way encode action selection will be an interesting question

for future studies.

With these first studies of behavioral electrophysiology in the avian auditory
forebrain we have extended the experimental range of a model system that is well
suited to answering important questions about stimulus representation, motivation,
attention, learning, and auditory cognition in general. We’ve made important technical
advances in studying this system in both the control and harnessing of birds’ behavior
while recording from well-isolated neurons, in the design of experiments regarding
both technical hardware and software issues, and in making the very important link
between behavior and neural activity that make these kinds of data interpretable. As

we make progress in explaining this system we’ll be rewarded with a greater
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understanding of how nervous systems use experience to tune themselves to the
important features in their environments, allowing animals to use specialized sensory

representations to successfully interact with the world.





