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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. 



 

1 

 

 

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 
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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 
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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 I 

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 
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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 
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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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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 A1 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 



58 

 

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 (DiI) 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 (α = 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, α = 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, α = 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 (α = 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 (α = 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, α = 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(2,237) = 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 (t-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, F(3,210) = 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 ANOVA 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 

7D). 

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 X2(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 

is 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 > F2-19) < 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>F1) < 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 > F2-19) < 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 > F1) < 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 



103 

 

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. 




