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ABSTRACT: The songbird auditory system is an excellent model for neuroethological studies of the mechanisms that govern the perception and cognition of
natural stimuli (i.e., song), and the translation of corresponding representations into natural behaviors. One common songbird behavior is the learned
recognition of individual conspecific songs. This chapter summarizes the research effort to identify the brain regions and mechanisms mediating individual song recognition in European starlings, a species of songbird. The results
of laboratory behavioral studies are reviewed, which show that when adult
starlings learn to recognize other individual’s songs, they do so by memorizing
large sets of song elements, called motifs. Recent data from single neurons in
the caudal medial portion of the mesopallium are then reviewed, showing that
song recognition learning leads to explicit representation of acoustic features
that correspond closely to specific motifs, but only to motifs in the songs that
birds have learned to recognize. This suggests that the strength and tuning of
high-level auditory object representations, of the sort that presumably underlie
many forms of vocal communication, are shaped by each animal’s unique
experience.
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Recent research on the neurobiology of birdsong has focused so consistently and
successfully on song acquisition and production that the communication function of
song is sometimes overlooked. Like other communication signals, the adaptive function of birdsong is to control or influence the behavior of others, usually conspecifics.1 Implicit in this function is the notion that communication signals transmit
information between the sender of the signal and the receivers. The success of this
transmission rests on predictability. When a singer produces a specific pattern of
acoustic energy, it does so under the expectation that it will be perceived in a predictable way—that is, that it will elicit the intended behavior in the receiver. Without
the predictable correspondence between production and perception, signals would
lose their functionality. Conversely, a functional signal implies a reliable correspondence between production and perception.
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In the case of birdsong, functions differ with the sex of the recipient. To other
males, a bird’s song may make a statement about the singer’s species, sex, and territoriality. To females, male song may announce the singer’s species, its readiness to
mate, and/or convey important information about the singer’s fitness. These functions, or rather the production/perception correspondences they require, constrain
the acoustic structure of the signal and thereby limit the universe of functional signals that a sender may produce. For the receiver, these functions imply corresponding constraints in the form of (1) a sensory apparatus selectively tuned to signal
properties, (2) perceptual mechanisms for the classification of the signals, and (3)
cognitive (i.e., sensorimotor) mechanisms for the translation of perception into action.2 These constraints provide starting points for neuroethological studies of the
mechanisms governing the processing of natural communication signals.
Studies of the song recognition system require clarity both with respect to evolutionary constraints on the system and to the perceptual/cognitive operations that the
system governs directly. One such operation, common to many species of songbirds,
is the recognition of individuals based on their vocalizations.3,4 Indeed, song recognition, i.e., the ability to associate specific songs with specific singers or other referents, is a prerequisite for many of the decisions involved in such elaborate social
behaviors as female choice, female preferences, kin recognition, and territoriality
(see ref. 5). Our ultimate goal is the identification of the brain regions and mechanisms mediating song recognition; namely, those structures where learned representations of songs are localized and whose differential activation is correlated with a
behaviorally defined recognition process. This chapter summarizes my research strategy, describes some of the recent findings, and suggests directions for future research.

DECONSTRUCTING SONG RECOGNITION BEHAVIOR:
THE “MEANING” OF SOUNDS
Learned (in contrast to innate) song recognition may be conceptualized as a sequence of subprocesses, beginning with the discrimination of a to-be-recognized
“target” sound from noise and other potentially relevant sounds. The target sound
must then be classified or associated with some specific referent (e.g., a mate or an
intruder), and the association retained until the sound’s next occurrence. Recognition
of this form can thus be seen as a classification problem in associative learning and
memory. This is true whether one considers the elementary “recognition” of a sound
as novel vs. familiar, or the more complex associations that form between a specific
sound and a specific individual, motivational state, location in space, etc. Importantly, these associations can vary within and between species depending on the behavioral context in which song recognition occurs, as, for example, when songs are used
to recognize different individuals, kin, dialects, or species. The functional plurality
of song probably reflects the coding of information at multiple levels within song
and, as noted above, is also likely to evoke selection pressures on different
perceptual and cognitive mechanisms. For my present purposes, I focus on mechanisms of “individual vocal recognition” of same-species members—so-called conspecifics—in which songs are associated with individuals or groups of individual
conspecifics.
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FIGURE 1. Schematic of operant training apparatus. Birds were given access to a metal panel housing three response buttons, and a feeder. Pressing the center button triggered
playback of a training song. For the two-alternative choice procedure (see text), subjects had
to peck the left button after hearing one-half of the training songs, and the right button after
hearing the other half to receive a food reward. For the go/nogo procedure (see text), subjects had to peck the center button after hearing one-half of the training songs (“go” response, S+ stimulus), and had to withhold responses altogether after hearing the other half
(“nogo” response, S−stimulus). Only “go” responses to the S+ stimuli were reinforced with
food.

To study individual vocal recognition, one first needs to understand the behavioral schemes that birds use to classify and organize the songs of conspecific singers.
Because the ultimate goal is to study the neural mechanism, I sought an operational
definition of song recognition that permitted direct laboratory study, such that the
“meaning” of a sound could be experimentally manipulated and the behavioral consequences of its presentation assessed. To do this, we used a set of operant conditioning techniques that required subjects to make one response to the songs of a
specific bird and a different response to the songs of one or more other birds.6,7 Typically, the birds are first trained to obtain food by pecking buttons on a panel mounted on the side of their cage (FIG. 1). They are then reinforced with food for pecking
one button, say the left, every time they hear a song from male “A”, and for pecking
another button, in this case the right, every time they hear a song from male “B”.
Tasks such as this, in which two sets of stimuli (songs) are associated with similar
operantly reinforced behaviors (peck right/ peck left) are called two-alternative
choice tasks (2AC). In a close variant, the so-called go/nogo procedure, behavioral
responses to only one set of stimuli are reinforced, leading the subject to cease responding to the nonreinforced stimuli. With both training procedures, subjects become proficient at recognizing stimuli in each class, and there are innumerable ways
that both the task and the stimuli can be varied to ask specific questions about the
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FIGURE 2. Starling song stimuli. Sonograms of typical stimulus exemplars used for operant training of song recognition. Each row shows a different (∼10 s) sample of song. All samples shown were drawn from the songs of a single male starling. Unique motifs are labeled with different numbers
along the bottom of each sonogram. The boxes outline similar motif sequences in different exemplars (i.e., songs). Note the high motif variability
across song exemplars, the repetitive motif sequencing with songs, and the stereotyped note structure within similar motifs. Scale bars show 1 s. Frequency range 0–10 kHz.
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acoustic features, as well as associative processes such as generalization and categorization, that guide song recognition.
Subjects in these experiments were European starlings (Sturnus vulgaris). Male
starlings tend to sing in long continuous episodes (i.e., bouts). Song bouts, in turn,
are composed of much smaller acoustic units referred to as motifs8,9 (FIG. 2), and
these, in turn, are composed of still smaller units called notes. Notes can be broadly
classified by the presence of continuous energy in their spectrotemporal representations. Although a motif may consist of several notes, the note pattern within a motif
is usually relatively stereotyped between successive renditions of that motif. Commonly, each motif is repeated two or more times before the next one is sung. Thus,
starling song appears (acoustically) as a sequence of changing motifs, where each
motif is an acoustically complex event (FIG. 2). Different motifs can vary in duration
from roughly 200 to 1,000 ms, and the number of unique motifs that a male starling
can sing (i.e., his repertoire size) can be very large. Consequently, different song
bouts from the same male are not necessarily composed of the same set of motifs.
Over time, however, the songs of a specific male can be characterized by a set of motifs typical of that male. Although some sharing of motifs does occur among captive
males,10,11 the motif repertoires of different males living in the wild are generally
unique.7–9,12,13 Thus, learning which males sing which motifs can provide a diagnostic cue for song recognition.
The results of our behavioral studies support the idea that individual song recognition operates at the level of the motif. Starlings trained to recognize sets of songs
from different conspecific individuals can correctly recognize sets of novel song
bouts from the same singers7,14 (FIG. 3). One class of acoustic cues that could permit
the recognition of novel song bouts are those resulting from idiosyncratic source
and/or filter properties of each individual’s vocal apparatus (i.e., “voice” characteristics). The use of voice characteristics (e.g., vocal timbre, the frequency of glottal
pulsation, and spectral contours imparted by laryngeal morphology) is well documented for individual talker recognition in humans (e.g., ref. 15). The hypothesis
that recognition is based at the level of the motif was tested by asking the birds to
recognize novel song bouts that have no motifs in common with the training songs
(FIG. 3). The hypothetical role of voice characteristics was tested by training birds
to recognize isolated motifs shared by two different males (e.g., bird A singing motif
1 and bird B singing motif 2), and then watching recognition after switching the motif but not the singer (i.e., bird A singing motif 2 and bird B singing motif 1). In both
cases, recognition falls to chance levels, suggesting the importance of motifs and
eliminating a critical role for voice characteristics.
The most reasonable alternative hypothesis is that starlings learn to recognize the
songs of individual conspecifics by memorizing sets of motifs that are associated
with individual singers. If this is true, then once recognition is learned, it should be
possible to control it systematically by varying the proportions of motifs in a “target”
bout that come from two vocally familiar males. If subjects memorize a large set of
motifs from each singer, recognition behavior should be correlated with the relative
proportions of familiar motifs from different males independent of the specific motifs comprising a given song. If they attend to the presence (or absence) of a single
motif or a small set of motifs, recognition should not follow relative motif proportions, and should not generalize between songs in which different motifs from the
same singer make up similar proportions. To test these ideas, I again trained starlings
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to recognize sets of songs from different individual males, and then watched as subjects classified novel song bouts in which motifs from the training songs were combined in several different ways.16 Consistent with the motif memorization
hypothesis, we observed an approximately linear relationship between song classification and the relative proportions of familiar motifs from different singers composing each bout (FIG. 3). This suggests that when starlings are compelled to classify
individual conspecific songs, they do so by memorizing large numbers of unique

FIGURE 3. Individual song recognition behavior in European starlings. (A) Mean (±
SEM) proportion of correct responses given during asymptotic performance on an operant
recognition task (Baseline) and during initial transfer to novel songs containing familiar motifs (Novel bout). (B and C) Mean (± SEM) proportion of correct responses during transfer
from the baseline training to novel songs from the same singers composed of novel motifs.
Data in B show the transfer when the subjects were exposed to the training and test songs
outside of the operant apparatus. Data in C show the results for the same transfer after controlling for this experience. Note that in C recognition of the novel motifs falls below
chance. (D) Data showing the responses to chimeric songs composed of familiar motifs from
two different singers. Note the close and approximately linear relationship between the ratio
of familiar motifs from each singer and the subjects’ recognition response.
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song components (i.e., motifs) and then organizing subsets of these motifs into separate classes. From a human perspective, this might seem a suboptimal strategy to
solve this vocal recognition problem. However, classifying songs according to their
component structure represents a functionally parsimonious method of organizing
these complex, but phonologically disjoint, sets of acoustic signals. Since individual
starlings tend to possess unique motif repertoires, it is likely that, under natural conditions, these disjoint sets and the associated perceptual classes will correspond to
individual identity.

NEURAL SUBSTRATES OF SONG RECOGNITION
From an operational standpoint, we consider individual recognition as a function
that matches two representations—that of the incoming “to-be-recognized” (“target”) sensory signal, and that of the memory (or memories) of similar, recognizable
signals. The behavioral data suggest strongly that in starlings these representations
should correspond to the functional components of songs, i.e., motifs. Moreover, because song recognition is an associative process, mnemonic representations may reflect the acoustics of the signal and the reward contingencies associated with
specific signals. As a first step in understanding the neural substrates of song recognition, we attempted to localize these representations in the starling brain, and describe their form with respect to behaviorally relevant variation in conspecific songs.
Several lines of earlier work suggested auditory regions in the forebrain as likely
locations in which one might observe neural correlates to individual vocal recognition in starlings. The large-scale architecture and general pattern of connectivity
within the starling auditory forebrain appears to be similar to that observed for other
songbird species17 (and see Theunissen et al., Song Selectivity..., this volume). The
field L complex is the primary telencephalic target for auditory information arriving
via parallel pathways from the thalamus; interconnected subregions of field L
project to the caudal medial nidopallium (NCM) and reciprocally to the lateral portion of the caudal mesopallium (clM). The NCM and clM share reciprocal connections with the caudal medial portion of the mesopallium (cmM), and projections
from clM to Nif and the HVC shelf provide the likely source of auditory input to the
classic “song control” system (Theunissen et al., Song Selectivity..., this volume).
Thus, within the sensory hierarchy, NCM and the caudal mesopallial structures
(clM, cmM) sit in positions analogous to secondary auditory cortices in mammals
and, by extension, then are likely to be involved in the processing of behaviorally relevant complex stimuli such as conspecific song. This reasoning is supported by a
number of studies.
In European starlings, neurons throughout the auditory telencephalon show complex patterns of tonotopic organization18,19 that can be differentiated on the basis of
the direction of the tonotopic gradient and tuning curve bandwidth,20,21 and these
patterns appear to respect the anatomical boundaries of the field L complex. Neurons
in L1 and L3 subregions of field L have lower response rates to tone bursts than those
in L2 and show greater selectivity to species-specific vocalizations.22–25 This selectivity is borne out by the complexity of the spectrotemporal receptive fields (STRFs)
for many neurons within field L. Indeed, more reliable estimates of the STRF are derived from responses to conspecific vocalizations than from tone pips26 (cf. ref. 27).
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FIGURE 4. IEG zenk expression during vocal recognition. Zenk protein expression
density in (a) NCM and (b) cmM following exposure to conspecific song under three different (see text) operant training regimes. In NCM, the response to novel songs is significantly
elevated above that for all other groups. In cmM, expression was elevated in all three groups
of operantly trained, and was higher still in the birds that heard novel songs. The 16 most
medial tissue sections (40 µm) are shown (1, most medial; 16, most lateral) with the data
collapsed across hemispheres.
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The general pattern of increasing response selectivity along the sensory hierarchy areas continues into NCM and cM,24 suggesting that these regions are involved in the
extraction of complex features. Early data from white-crowned sparrows are consistent with this in identifying a small subset of NCM neurons that are selective for the
direction of frequency modulation in particular elements of conspecific song.28
More extensive studies using complex stimuli demonstrate that both cM and NCM
are broadly tuned, i.e., selectively responsive, to conspecific songs,29 with a hierarchy of increasingly nonlinear components driving neural responses from field L to
cM respectively.30 A similar sensitivity to complex acoustic features characteristic
of conspecific songs is apparent in NCM. Repeated presentation of the same conspecific song gives rise to song-specific habituation of the NCM response,31,32 suggesting that NCM plays an important role in vocal recognition.33
The second line of research supporting the role of NCM and cM in the processing of conspecific song comes from studies of stimulus-driven expression of the
immediate-early-gene (IEG) zenk, a putative marker for song-induced experiencedependent plasticity.34 Both NCM and cM show a rapid upregulation of the IEG
zenk in response to the presentation of conspecific songs compared to a variety of
other acoustic stimuli35 (and see Mello, this volume). The zenk response is tuned to
the acoustics of particular conspecific song syllables,36 and habituates to the repeated presentation of the same conspecific song37 on a time scale that mirrors the songspecific modulation of NCM neuron firing rates. In addition, pairing the presentation
of song with an aversive stimulus leads to increased expression relative to controls
in which song is unpaired, suggesting that associative mechanisms may mediate at
least a portion of the NCM IEG response.38
To explore this idea in the context of individual vocal recognition, I trained starlings to recognize sets of conspecific songs using the operant two-alternative choice
procedure. Once they had learned to recognize the baseline set of songs I transferred
one-third of them to novel songs from different singers, kept one-third on the training songs, and reversed the response contingencies of the training songs for the final
third. Following these transfer sessions Zenk expression was visualized in NCM and
cM. The IEG response in NCM was consistent with the habituation and novelty responses described above. The density of Zenk protein expression in NCM was elevated only in the birds required to classify the novel songs; expression in the other
two groups was no different than in control birds that heard no song but worked the
apparatus for food. The pattern of expression in cmM, however, was qualitatively
different, with all three groups showing significantly elevated levels of Zenk protein
expression relative to the silent controls and birds in the novel song condition showing still higher levels relative to the other two groups of birds (FIG. 4). Thus, in addition to the effect of song novelty, Zenk protein expression in cmM also appeared
to correlate with the ongoing recognition of familiar songs.

LEARNED REPRESENTATIONS OF SONGS IN CM
To examine the role of cmM in the representation of learned conspecific song in
adult birds, I again trained starlings to recognize two sets of conspecific songs, using
both two-alternative choice (2AC) and go/nogo (GNG) operant procedures (see
FIG. 1). Both procedures teach the subject to recognize all the training songs, but for
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the 2AC procedure the songs in both sets are associated with similar positively reinforced behaviors (pecks to two different buttons), and for the GNG procedure only
one set of songs is associated with a positively reinforced behavior. Regardless, in
both training regimens, subjects learned very accurate recognition of the training
songs. Once asymptotic behavior was attained, I anesthetized each subject with urethane and recorded the extracellular responses of single neurons in the cmM to an
ensemble of acoustic stimuli. The stimulus ensemble comprised the same song stimuli used during operant recognition training (termed “familiar” songs), a balanced
number of novel conspecific song stimuli (termed “unfamiliar” songs), and two synthetic stimuli. I used three sets of songs recorded from three different males. Each of
the different song stimulus exemplars was a 10-s sample of continuous singing, taken from a single bout of a given male’s song. Two sets of songs served as training
stimuli for each subject, and the third set was used as the novel song stimuli. Thus,
the stimulus ensemble was similar for each subject, except that the familiarity or
novelty of any given song varied systematically. Neurons were tested with 33 to 77
unique song motifs (73 to 178 total motifs), depending on the exact set of familiar
songs used to train each animal and the set of unfamiliar songs used during testing.39
As a population, cmM neurons responded selectively to the class of familiar
songs. The mean response strength, which reflects the cell’s mean spike rate and
variance,39 was strongly and significantly biased toward familiar (i.e., training)
songs compared with unfamiliar songs. The strong response bias for familiar songs
was consistent in animals trained under both the two-alternative choice and go/nogo
operant regimes (FIG. 5). Thus, in this paradigm song recognition learning shapes the
responses of cmM neurons.
The observed plasticity in cmM could result from either “bottom-up” or “topdown” processes, or both. By bottom-up, I mean that the response is driven in a predictable way by patterns of acoustic variation in the stimulus. In the extreme case,
all the information represented by the cell’s response is present in the acoustic variation of the signal. Thus, plasticity may result simply from exposure to a given set
of songs. In contrast, top-down processes refer to the attentional, motivational, and/
or reward mechanisms that might also shape a cell’s response, but which are largely
independent of any particular signal acoustics. Our associative model of individual
song recognition requires both top-down and bottom processes.
Consistent with the associative model, and thus the important role of associative
learning in individual song recognition, a significant portion of the response tuning
in cmM appears to be under the control of different reinforcement signals. Whereas
the subjects trained using the two-alternative choice procedure showed no reliable
difference between response strengths associated with the two sets of training songs,
those trained with the go/nogo procedure did. That is, songs associated with positive
reinforcement (S+stimuli) elicited significantly stronger responses than those associated with no reinforcement (S−stimuli; FIG. 5). Importantly, this difference was not
the result of overall failure to respond to the S−stimulus, because the S−stimuli elicited stronger responses than unfamiliar songs. Thus, although animals in both operant regimes learned to discriminate equally well between the sets of training songs,
the stimulus reinforcement contingencies specific to the training regime (see FIG. 1)
had differential effects on the distributions of neuronal responses. These task-specific effects may reflect the use of different behavioral strategies to solve each task, or
perhaps the differential cost of incorrect responses under each regime. In the go/
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FIGURE 5. cmM neural responses. (a) Normalized response strength (z-scores) for familiar (filled symbols) and unfamiliar (open symbols) songs, split by training regime (twoalternative choice: 䊏, 䊐; go/nogo: 䊉, 䊊). (b) Response strength as in a, but with the two
sets of training stimuli and their accompanying responses labeled separately. (c) Rank-ordered response strength (z-scores) for the three most potent familiar (filled symbols) and unfamiliar (open symbols) songs for song-selective (䉬, 䉫) and nonselective neurons (䉱, 䉭).
The interaction between stimulus rank-order and response selectivity among the familiar
songs is significant, showing the strong bias in the song-selective cells for a single stimulus.
The difference between the curves for the filled and open symbols shows the populationlevel bias for familiar songs. (d) Response strength z-scores for song-selective (䉬, 䉫) and
nonselective neurons (䉱, 䉭) neurons, with the response to the preferred stimulus (the stimulus that elicited the strongest response) removed from the analysis. The differences are
significant. All values are reported as means ± SEM.
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FIGURE 6. Typical single neuron responses in the cmM. (a,b) Response of a selective
cmM unit to nine different song stimuli. Familiar songs are outlined in panel a, unfamiliar
in panel b. The peristimulus time histogram (PSTH) of the response is superimposed over
the sonogram of each stimulus. (c) Detailed view of the response of the unit in (a) and (b)
to the song stimulus denoted by the black star. Traces from top to bottom show the raw spike
waveform for a single stimulus presentation showing excellent single unit isolation, the
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FIGURE 6. Continued.
PSTH, spike raster plots for several stimulus repetitions showing the reliability of the response, and the stimulus sonogram. (d,e) Example of another, very marginally selective,
cmM neuron responding to four familiar songs (d) and two unfamiliar songs (e). Horizontal
and vertical scale bars show 5 kHz and 1 s, respectively.
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nogo condition, the failure to recognize an S+stimulus meant a missed opportunity
for food, whereas the failure to recognize an S− stimulus cost only a slight increase
in the already present delay to reinforcement following the next S+stimulus. Regardless of the specific behavioral strategies underlying differences between the two-alternative choice and go/nogo procedures, it is clear that bottom-up (i.e., stimulusdriven) mechanisms alone cannot account for the shaping of song representations in
cmM. If the absolute or relative levels of stimulus activation were the only forces
shaping cmM responses, then the response strength associated with the S+ and S−
stimulus would not have been significantly different. Additional top-down mechanisms such as those governing attention, motivation or associative processing, etc.,
must also play a role.
Response Selectivity
The strong population response bias for familiar songs obviously indicates that
cmM neurons did not respond equally to all songs in the test ensemble. To examine
this bias in more detail, I developed a selectivity index (SI) score, in which a neuron’s strongest response to a test stimulus is compared to that cell’s response to all
test stimuli.39 An SI score close to one indicates that the cell responded to only one
stimulus, while smaller SI scores indicate responses more evenly distributed across
all stimuli. If the SI score for a cell was significantly different from a random distribution of SI scores, the cell was termed “song-selective” for the song that elicited the
maximum response. The remaining cells were termed “nonselective.” By this definition, roughly 64% of the cells in the cmM gave a selective response to one of the
test stimuli; of these cells, a significant proportion (93%) preferred one of the training songs (FIG. 5). For nonselective cells, the song that elicited the strongest response was not significantly more likely to be either familiar or unfamiliar.
To our surprise, the population-level difference between the mean responses to
the familiar and unfamiliar songs was not wholly dependent on the response to the
preferred song. Even when the preferred song was removed from the comparison, the
mean response strength associated with the familiar songs remained significantly
greater than that for the unfamiliar songs (FIG. 5). This was observed for nonselective as well as selective cells (FIG. 5), demonstrating that as a population cmM neurons evince selectivity for the class (or a non-singleton subset) of familiar songs. The
strong bias in the selectivity of single neurons for familiar songs resembles biases
seen in the song control system for a bird’s own song.40,41 Here, however, I am describing neuronal selectivity for conspecific songs that adults have learned to recognize, in neurons outside of the song control system.
Motif Selectivity
Both song-selective and nonselective cells could respond with phasic or tonic patterns of activity, and with high or low spontaneous rates, but on average the songselective cells had more phasic responses and lower spontaneous firing rates than
nonselective cells. Thus, most cells with near-zero spontaneous firing rates and highly
phasic responses were selective (FIGS. 6 and 7). For many of the song-selective cells,
responses were restricted to one or a small number of repeated motifs within one or a
few songs, typically with suppression of background activity for all other motifs. Be-
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FIGURE 7. Response scattergrams. (a) Scatter plot showing the distribution of phasic
responses (PR39) across the population of selective (filled symbols) and nonselective (open
symbols) cmM neurons, as a function of spontaneous firing rate (spikes/s). The means (±
SEM) for each class are shown as the gray crosses. The line shows the significant linear regression. (b) As in a, but with PR plotted as a function of the proportion of motifs that elicited
significant responses. The line shows the significant linear regression.

cause these responses appeared to be driven by acoustic variation at the level of the
motif, we simply counted the number of motifs that elicited a significant response
(i.e., an increase in firing rate relative to spontaneous activity) from each cell. Consistent with their tendency toward phasic response patterns, the song-selective cells
responded to on average about 8 motifs, whereas nonselective cells were driven by
significantly more motifs, roughly 20, on average.
To quantify the relationship between motif features and each neuron’s spike response, we used a multiple linear regression between the response strength associated with each motif in a given cell’s test ensemble and the coefficients from a twodimensional wavelet decomposition of the sonogram for each motif. (Wavelet decomposition is a very efficient data compression technique that allows us to characterize the high-dimension acoustic space of each motif by a relatively small list of
weighted features, i.e., coefficients. To the extent that variation among the wavelet
coefficients is correlated with variation in the spike rate of a single neuron, one can
say that the neuron codes for those features represented by the significant regression
coefficients. Thus, we are concerned primarily with two measures: the mean R2 values across cells, which provide us with an estimate of the overall quality of the regressions, and the proportions of cells within different classes that show a
significant regression with the wavelets). The mean R2 value for regressions with
the song-selective cells was significantly greater than that for the nonselective
cells, indicating that acoustic features in individual motifs predicted the responses
of the song-selective cells better than those of nonselective cells. In addition, the
regressions were significant for roughly 60% of the song-selective cells, but only
about 18% of the nonselective cells. This suggests strongly that the “song” selectiv-
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ity we have described in this population of cmM neurons is derived from selective
tuning for spectrotemporal features centered at the level of the motif.
Characterizing these critical spectrotemporal features in any detail is a complex
task. Because of its emphasis on data compression, the wavelet decomposition technique tends to yield only arbitrary characterizations of the features driving each response. It was very difficult to reconstruct a spectrotemporal image of the relevant
features that drove a cell using only the significant wavelets. What can be said is that
the cells do not appear to be tuned in a linear way to relatively “simple” acoustic features, such as a sound at a given frequency or repetition rate. Consistent with the observation of others,30 the cmM neurons we describe here are poorly modeled by
spectrotemporal receptive fields (STRFs). Since STRF techniques provide an estimate of the optimal linear combination of spectrotemporal features that maximally
drive a given cell (see Theunissen et al., Methods..., this volume), the observation
that STRFs provide poor predictions of a cell’s response to a stimulus indicate a predominantly nonlinear response. Thus, neurons in cmM are driven by relatively complex acoustic features corresponding to specific motifs. We cannot yet say what
those features are precisely. Nonetheless, I have demonstrated the selective neural
representations for acoustic features diagnostic of individual or small sets of motifs.
Such representation could obviously contribute to assessing the proportion of familiar motifs within a given song, which our earlier behavioral work has shown is important for learned recognition of individual conspecific songs in starlings.17

CONCLUSIONS
I have described a population of neurons selective for individually distinct conspecific songs that starlings that have been operantly trained to recognize—neurons
that are, in other words, tuned to learned communication signals in adult animals.
The neuronal population is found in a nonprimary forebrain auditory region, exhibits
increased responses to the set of learned songs compared to novel songs, and exhibits
differential responses to categories of learned songs based on recognition training
contingencies. Within the population, many cells respond highly selectively to a subset of specific motifs present only in one individual’s songs. Since behavioral recognition of individual songs is also driven by motif acoustics, one may infer that the
experience-dependent neuronal selectivity shown here contributes substantially to
individual song recognition behavior in this species. Data from lesion studies and
preliminary recordings in awake, behaving starlings (Gentner and Margoliash, unpublished data) are consistent with this inference.
The behavioral strategy for individual vocal recognition used by starlings suggests that the upper boundary for accurate recognition is set by the memory capacity
of the system for specific motifs. To this end, both the acoustic complexity and the
sheer numbers of to-be-remembered motifs are likely to pose significant challenges
to the representational system’s capacity (cf. ref. 42). Although some coding efficiency is likely gained through adaptive sensory system specializations that lead to
innate representational mappings, the idiosyncratic acoustic microenvironments encountered by any given individual are very hard to predict, and thus require representational plasticity mechanisms that operate on ontogenetic time scales. The
observations of experience-dependent mechanisms that work to shape neural repre-
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sentations of unique sets of behaviorally relevant auditory objects (motifs) demonstrate exactly this sort of coding efficiency, and suggest the hypothesis that longterm memory constraints derive directly from the perceptual mechanisms for coding
complex stimuli.
While the explicit spectrotemporal parameters underlying the selectivity of cmM
neurons have not been described, the acoustic features of recognized motifs (as represented by the wavelet coefficients) were correlated with the response strength of
many cmM neurons. Yet, a purely acoustic account of cmM responses, involving putative “feature detectors” is unlikely to be convincing. The distribution of cmM response properties depends not only on the spectrotemporal patterns of motifs in
familiar (and unfamiliar) stimuli, but also on the specifics of the conditioning paradigm. This sensitivity to conditioning context may reflect seemingly subtle differences in the reward contingencies in the two training regimes. Because song
recognition mediates a variety of behaviors in both agonistic and antagonistic contexts, different forms of learning under more natural conditions may act on the recognition system to produce a variety of top-down effects on auditory response
properties.43,44 The presence of these contextual influences on representational plasticity complicates the search for neural correlates in the absence of well-controlled
behavior, and may account for the few reports of such neurons in sensory systems.
Even with the large stimulus repertoires that animals were trained to recognize, I
estimate that less than 50% of the neurons responded to the test stimuli. The unresponsive neurons may not have been auditory, or may have been responding to other
songs that these wild-caught birds had previously learned. Since we find almost no
cells selectively tuned to the motifs in unfamiliar songs, the data argue that subpopulations of cmM neurons are selected from a pool composed primarily of neurons
that have already been shaped by the animal’s prior experiences with conspecific
songs, rather than from a large pool of unselective neurons. cmM neurons were more
selective than those observed in the Field L of starlings, where cells commonly respond to numerous novel conspecific vocalizations.22 Response biases for speciesspecific vocalizations have been reported in Field L22,45 and cM of birds,29 and in
mammalian primary and secondary auditory cortex.46,47 Within this context, it is important to note that although cmM evinces a strong selectivity for familiar songs, the
responses are not entirely exclusive. With the exception of the roughly 20% or so of
cells that showed high phasic and selective responses, many of the cells were driven
above spontaneous response levels by both familiar and unfamiliar songs. Thus, despite the prevalent bias for familiar songs, it does not appear that all information
about unfamiliar songs is excluded from the system. Response to novel songs observed as modulations NCM neural firing rates,31,32 and IEG zenk responses,37 may
reflect the incorporation of novel information that under appropriate conditions is
consolidated into longer-term representations in cmM. Obviously, for learning to
take place, some novel information must be available.
Experience-dependent representational plasticity, reported in a variety of animals
and sensory systems,48 is typified by shifts in the topography of primary cortical receptive fields.49–52 In the auditory system, this plasticity leads to overrepresentation
of the spectral and temporal properties of a learned stimulus.43 Thus, in a hierarchical scheme of sensory processing, plasticity at primary levels should influence
higher-order regions, such as cmM, so that the neuronal response properties and
organization are expressly determined by an animal’s unique experience in behav-
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iorally relevant tasks. These higher-order regions could contribute to recognition of
individual conspecific vocalizations, and could influence motor tasks such as countersinging and vocal learning in juveniles.
Neural correlates to learned object recognition have also been reported in extrastriate visual cortex where cells are broadly tuned,53,54 and in prefrontal cortex55
where selectivity for familiar objects is generally evidenced by a decrease in the
numbers of neurons responding to a given object—an effect taken to indicate sharpening of the tuning for such objects.56 In contrast, the proportion of cmM cells selective for familiar songs was much larger than that for unfamiliar songs, and many
cells were sharply tuned. For vocal recognition, the predictability imparted by speciesspecific characteristics of vocalizations, and the constraints imposed by evolutionary
history and experience, is likely to have produced a population of neurons predisposed to represent those vocalizations. I argue that the response properties of cmM
neurons are elaborated continuously toward new functional representations depending upon the specific songs and behavioral contingencies an animal encounters. As
in juvenile song learning,57 the rules by which functional representations arise from
biased populations may be complex, and are not likely to be well predicted by simple
spectrotemporal similarities between the target songs and the initial representations
of cmM neurons. The availability of “acquired neural representations” of auditory
objects provides starlings, and perhaps other higher vertebrates, with an efficient
mechanism for recognizing a wide and changing array of behaviorally important natural stimuli.
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