Vocal learning is constrained by the statistics
of sensorimotor experience
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The brain uses sensory feedback to correct behavioral errors. Larger
errors by deﬁnition require greater corrections, and many models of
learning assume that larger sensory feedback errors drive larger
motor changes. However, an alternative perspective is that larger
errors drive learning less effectively because such errors fall outside
the range of errors normally experienced and are therefore unlikely
to reﬂect accurate feedback. This is especially crucial in vocal control
because auditory feedback can be contaminated by environmental
noise or sensory processing errors. A successful control strategy must
therefore rely on feedback to correct errors while disregarding
aberrant auditory signals that would lead to maladaptive vocal
corrections. We hypothesized that these constraints result in compensation that is greatest for smaller imposed errors and least for
larger errors. To test this hypothesis, we manipulated the pitch of
auditory feedback in singing Bengalese ﬁnches. We found that
learning driven by larger sensory errors was both slower than that
resulting from smaller errors and showed less complete compensation for the imposed error. Additionally, we found that a simple
principle could account for these data: the amount of compensation
was proportional to the overlap between the baseline distribution of
pitch production and the distribution experienced during the shift.
Correspondingly, the fraction of compensation approached zero
when pitch was shifted outside of the song’s baseline pitch distribution. Our data demonstrate that sensory errors drive learning best
when they fall within the range of production variability, suggesting
that learning is constrained by the statistics of sensorimotor
experience.
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rror correction based on sensory feedback is a ubiquitous
mechanism for maintaining behavioral performance (1–4).
However, sensory information is vulnerable to environmental
noise and to errors in sensory encoding arising at the periphery or
during central processing of the sensory signal (5). Such contamination can result in large mismatches between the actual and
expected sensory feedback that do not necessarily reﬂect errors in
performance. The brain must therefore decide whether to modify
behavior based on sensory feedback (and risk “adapting” to signals that do not accurately reﬂect performance) or ignore sensory
input (and risk leaving errors uncorrected). This problem is especially important in vocal behaviors, in which performance can
have signiﬁcant consequences for the success of an organism and
auditory feedback is vulnerable to extrinsic acoustic signals and
errors in auditory encoding.
During development, both humans and songbirds learn by
processes of vocal imitation that rely heavily on auditory feedback
(2). Early vocalizations bear little resemblance to mature song or
speech, resulting in large differences (errors) between experienced
auditory feedback and the sensory goal. With practice, vocalizations
become more similar to the “target,” reducing the size of the error.
Based on these data, models of error correction often assume that
the change in the motor program will be larger when the error in
auditory feedback is larger, as shown in Fig. 1A.
In contrast, some studies of arm and eye movements have shown
that as the size of an experimentally induced sensory error increases,
the size of the behavioral response approaches an asymptote (3) or
www.pnas.org/cgi/doi/10.1073/pnas.1213622109

begins to decline (4, 6). Furthermore, when the magnitude of an
auditory perturbation is gradually increased across a single training
session, vocal compensation by human subjects can plateau or begin
to decrease (7, 8), suggesting that larger errors are less effective at
driving learning. Together with studies showing that a succession of
small sensory perturbations is more effective at driving learning
than a single large step (1, 9, 10), these experiments suggest that,
contrary to the model in Fig. 1A, vocal adaptation may be better
driven by smaller errors.
We exploited a learning paradigm in songbirds to investigate the
computational rules underlying vocal error correction. We hypothesized that contrary to the model shown in Fig. 1A, larger auditory
errors lead to smaller changes in vocal behavior. Adult Bengalese
ﬁnches were ﬁtted with miniaturized headphones (Fig. 1B) and
online pitch perturbations were used to drive adaptive changes in
vocal output. We examined the relationship between auditory errors
and motor learning by varying the magnitude of the pitch shift and
quantifying differences in the resulting changes in song.
Methods
We used online perturbations of the pitch of auditory feedback to generate
adaptive changes in the pitch of song. All procedures were approved by the
University of California, San Francisco Institutional Animal Care and Use
Committee. As described previously (1), lightweight headphones (Fig. 1B)
were ﬁt to each bird and online sound-processing hardware was used to shift
the pitch of acoustic signals, which were then played back through the
headphone speakers with a delay of 7–10 ms. After a baseline period (3–7 d)
of singing with zero pitch shift, the pitch of auditory feedback was shifted
upward or downward. Each experiment used a single shift size, and shift sizes
were varied among eight values (±50, ±100, ±150, and ±300 cents, see below). In all cases, the pitch shift was constant in magnitude throughout the
shift epoch. Therefore, changes in the vocal pitch in the direction opposite
the feedback shift resulted in the bird receiving auditory feedback more
similar to the pitch of baseline song (e.g., Fig. 2A, dashed red line).
Individual adult male Bengalese ﬁnches (>190 d of age; n = 6) participated
in multiple experiments with different shift sizes. The order of presentation
of different shift sizes was varied pseudorandomly within each bird. Following 14- to 17-d exposure to each pitch shift, birds sang for at least 7 d with
zero shift (still wearing the headphones apparatus) and then for at least 25 d
without headphones before beginning the next experiment. Data from experiments using ±100-cent shifts have been presented previously (1).
Acoustic Analysis. We quantiﬁed the average change in the pitch of song as
a function of time by measuring changes in pitch at particular times (“spectral
frames”) within individual song syllables (1). Individual birds produced
a median of four (range, three to nine) syllables with quantiﬁable pitch.
Individual iterations of each syllable were identiﬁed by visual inspection of
song spectrograms. Pitch was quantiﬁed for all songs produced in a 2-h
window between 10:00 AM and 12:00 PM. Birds sang many iterations of
each syllable in their repertoire, producing a median of 528 (range, 31–1489)
iterations of syllables with quantiﬁable pitch in each 2-h window. To measure the fractional change in the pitch of each syllable iteration relative to
that syllable’s baseline pitch, we converted pitch measurements (in hertz)
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describe the fraction of the imposed error that is corrected at equilibrium
and the time constant of learning, respectively. This model was ﬁt to group
data in which each iteration of each syllable contributed a single data point.
Furthermore, we ﬁt the data with an alternate model in which the learning
at equilibrium was quantiﬁed in units of cents, rather than as a fraction of
the imposed pitch error:


 
p t = a 1 − e−t=τ :

½1′

Here, free parameter a describes the equilibrium level of pitch correction
(in cents). All other model parameters and ﬁtting procedures for Eq. 1′ are
the same as those described for Eq. 1.

Fig. 1. (A) Schematic illustrating the hypothesis that, during vocal learning,
auditory feedback is compared with a sensory target, and any mismatch
(“Error”) is used to drive modiﬁcations of the vocal motor system. (B) Photograph showing headphones used to deliver manipulated auditory feedback in real time, as described previously (1).

Overlap Calculations. Our analysis considers the relationship between model
parameter c and the overlap between the bird’s baseline distribution of
pitches and the pitches experienced just after a pitch shift before any
adaptive vocal changes occur. This overlap was calculated according to the
following equation:
Z
rðxÞrðx + ΔÞdx
Z
;
rðxÞ2 dx

obtained throughout each experiment (i.e., from both the baseline and shift
epochs) into units of cents as follows:
hx
;
b

where r(x) is the probability density function of pitches in the baseline
condition and Δ is the applied pitch shift.

where p is the change in pitch (in cents) of the syllable during the selected
spectral frame, hx is the pitch (in hertz) of the syllable during the selected
spectral frame, and b is the average pitch of the syllable being analyzed (in
hertz) during the baseline epoch. Note that 100 cents is the same pitch interval as a semitone, corresponding to a ∼6% change in absolute frequency.
Note also that the change in frequency (in hertz) resulting from a given pitch
shift (in cents) will depend on the frequency of the song syllable being shifted. In our dataset, the average frequency shifts (in hertz) for 50-, 100-, 150-,
and 300-cent pitch shifts were 92.9, 215.9, 306.8, and 536.2 Hz, respectively.
To quantify the dynamics of learning and the fraction of error compensation at equilibrium, we ﬁt the behavioral data with a simple exponential
model as follows:


 
p t = −cE 1 − e−t=τ ;

[1]

where p(t) is the change in the mean pitch of song on postshift day t and E is
the experimentally imposed sensory (pitch) error. Free parameters c and τ
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Permutation Tests for Signiﬁcant Differences in c and τ. To test the hypothesis
that the value of c or τ differed between shift sizes, we used a permutation
test (11) against the null hypothesis that the tested parameter was equal in
the two conditions. For example, to test the hypothesis that c differs between 50- and 100-cent shift sizes, we tested against the null hypothesis
H0: c50 = c100, where c50 is the value of c in the 50-cent shift condition and
c100 is the value of c in the 100-cent condition. This test is derived from the
following generalization of Eq. 1:


 
p t; n = − cn En 1 − e−t=τn :
|ﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ{zﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ}
Φ
Here, p(t,n) represents the change in the mean pitch of song on postshift
day t for shift size n. This equation can be rewritten using the function δn=k,
which equals 1 if the pitch value p was collected during exposure to shift size
k and zero otherwise:
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Fig. 2. Relationship between the size of sensory errors and vocal error correction. (A) Data from four separate experiments in which the same Bengalese
ﬁnch experienced downward shifts in auditory feedback of four different magnitudes (−50, −100, −150, and −300 cents). The gray boxes indicate the 14 d
during which the pitch shift was applied, and the solid lines show change in the mean pitch of song as a function of time (Methods). The solid lines indicate
the median value of the (nonnormal) pitch distribution, and the error bars show the distributions’ 40th and 60th percentiles. The dashed lines in each plot
indicate the pitch of auditory feedback played through the headphones (equal to the pitch of the song produced by the bird minus the appropriate
downward pitch shift; note discontinuity on vertical axes). (B) Combined data from all experiments oriented so that adaptive changes are positive. The solid
lines indicate median values, and the error bars show only the 60th percentile for visual clarity. Inset indicates the number of experiments for each shift size.
The asterisk indicates the ﬁrst day on which data differ signiﬁcantly across the four shift size conditions (P < 0.05, Kruskal–Wallis test). Color conventions are
as in A.

2 of 5 | www.pnas.org/cgi/doi/10.1073/pnas.1213622109

Sober and Brainard

[2]

According to the null hypothesis of H0: c50 = c100, the model will produce
the same predictions if c50 and c100 are randomly interchanged across trials.
This manipulation is implemented by permuting (randomly resorting) the
values of n shown explicitly in Eq. 2, leaving the values of Φ unpermuted. To
perform the permutation test, we created 1,000 artiﬁcial datasets in this
manner, ﬁt the model to each dataset, and computed the resulting R2. If the
R2 value for the true dataset is greater than the 95th percentile of artiﬁcial
R2 values, then H0 can be rejected. Null hypotheses for different pairs of shift
sizes (e.g., H′0: c50 = c150) and for parameter τ (e.g., H″0: τ50 = τ100) were
tested in a similar fashion.

Results
Shifting the pitch of auditory feedback consistently led to compensatory changes in the pitch of song, as shown for a representative bird in Fig. 2A. In all but one case, vocal changes induced by
feedback shifts were conﬁned to shifts in pitch, as reported previously (1). In one experiment (of 19 total) involving a +300-cent
shift, we observed dramatic changes in syllable structure that
made it difﬁcult to measure the pitch of the syllable and bore
a strong resemblance to spectral changes that precede song degradation in zebra ﬁnches (12). We therefore excluded data from
this experiment from further analysis.
Comparing data from experiments involving different shift sizes
revealed inverse relationships between pitch shift magnitude and
both the speed and completeness of learning. First, as the size of
the imposed pitch shift increased, the absolute pitch of song
changed more slowly. As shown in data from four experiments in
a single bird (Fig. 2A) and in data combined across all birds (Fig.
2B), smaller changes in the pitch of auditory feedback led to larger
changes in the pitch of song in the ﬁrst few days after pitch shifts
began. As early as 24 h after the beginning of the feedback shift
(Fig. 2B, asterisk), group data from the four shift size conditions
differed signiﬁcantly (P < 0.05, Kruskal–Wallis test).
Second, as size of the pitch shift increased, the fraction of error
compensated at equilibrium decreased. For example, at the end of
the shift epoch the adaptive change in the pitch of song in response
to a 50-cent shift (Fig. 2B, red) was ∼30 cents, showing that birds
compensated for ∼60% (30 of 50) of the imposed sensory error.
Increasing the size of the pitch shift to 100 cents (Fig. 2B, blue) led
to a mean adaptive change of ∼40 cents, corresponding to 40%
compensation for the larger error. For 150- and 300-cent shifts, the
fraction of compensation at the end of the shift epoch similarly
decreased with shift size. Such incomplete learning could result
from the bird’s relying in part on nonauditory inputs such as proprioceptive feedback or the output of an internal model used to
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predict sensory feedback (13–15). Furthermore, note that prior
studies have demonstrated that Bengalese ﬁnches are able to
produce changes in vocal pitches of 150 cents or greater (1, 10). It is
therefore unlikely that the plateau in vocal learning shown in Fig.
2B reﬂects any mechanical constraint limiting pitch changes.
To allow quantitative comparisons of the time course of learning
across shift sizes (even in cases in which learning may not have
reached equilibrium by the end of the shift epoch), we ﬁt our data
with an exponential model of learning (Methods). The solid lines in
Fig. 3A show group data plotted as the fraction of the total error
compensated (rather than the absolute change in the pitch of song
as in Fig. 2B), and the dashed lines show model ﬁts for each shift
size. Fit values of c show that as the size of sensory errors increases,
the fraction of error correction decreases monotonically (Fig. 3B).
As shown in Fig. 3C, the time constant of learning increased
monotonically with shift size across shift magnitudes of 50, 100,
and 150 cents. When ﬁt to the 300-cent data, the model did
not converge on a value of τ, presumably because the adaptive
change being modeled was similar in magnitude to the day-today pitch ﬂuctuations that occur even in the absence of experimental manipulations (1).
Fitting this model also allowed us to determine the statistical
signiﬁcance of behavioral changes in individual experiments and
compare the dynamics of learning across shift sizes. In all but one
experiment (which used a −300-cent shift), the ﬁt value of c was
signiﬁcantly different from zero, indicating a signiﬁcant adaptive
change in the pitch of song. Therefore, as previously reported for
±100 cent shifts (1), ±50- and ±150-cent shifts reliably drive
adaptive changes in song, and ±300-cent shifts do so in some
cases. Permutation tests (Methods) were used to assess the signiﬁcance of differences in the ﬁt values of c and τ. All pairwise
differences in c were signiﬁcant (P < 0.03 in all cases) except for
the difference between values ﬁt to the 100- and 150-cent datasets
(P = 0.34), as were all pairwise differences in τ between the 50-,
100-, and 150-cent datasets (P < 0.001 in all cases).
Furthermore, our data suggest that the fraction of error correction is limited by the statistics of birds’ prior sensorimotor
experience. We observed that the ﬁt value of c approaches zero
when the pitch shift becomes sufﬁciently large (±300 cents) that
the distribution of pitches heard by the bird no longer overlaps
with the baseline (preshift) distribution. Fig. 4A shows the baseline distribution of pitches (black lines) and the same distribution
translated by each shift size (colored lines). As the shift magnitude increases across experiments from ±50 to ±300 cents, the
overlap between the distributions decreases. We computed the
normalized overlap between the baseline and shifted distributions
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Fig. 3. Inverse relationship between pitch shift magnitude and the completeness of error correction and results of model ﬁtting. (A) Group data (median
values), plotted in units of the percentage of the sensory error compensated (rather than absolute change in pitch). Other conventions are as in Fig. 2B. (B) Fit
value of free parameter c, which quantiﬁes the fraction of the sensory error compensated when learning has reached equilibrium. Permutation tests
(Methods) revealed that all pairwise differences in c were signiﬁcant (P < 0.03 in all cases) except for the difference between values ﬁt to the 100- and 150cent datasets (P = 0.34). (C) Fit values of free parameter τ, the time constant of learning. The model did not converge (dnc) on a value of τ for the 300-cent
shift data (see text). All pairwise differences in τ between the 50-, 100-, and 150-cent datasets were signiﬁcant (P < 0.001 in all cases). Error bars in B and C
represent 95% conﬁdence intervals and are obscured by symbols in some cases.
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Fig. 4. Completeness of error correction is predicted by the overlap between sensorimotor experience and sensory feedback. (A) Normalized probability
density functions for all data recorded in the baseline epoch (black) before the introduction of ±50-, ±100-, ±150-, and ±300-cent shifts. The colored lines show
the baseline probability distributions translated rightward by the corresponding shift size, representing the distribution of pitches that birds experience at the
beginning of the shift epoch (distributions for experiments with negative shifts have been sign-reversed so that all shifts are shown as positive). Baseline pitch
distributions are non-Gaussian (Jarque–Bera test, P < 0.001 in all cases). (B) Relationship between the overlap between the distributions shown in A (Methods)
and the ﬁt value of c. Data are combined across all experiments within each shift size. The dashed line shows unity. (C) Relationship between overlap and the ﬁt
value of c for 13 individual experiments. Fits to data from the other ﬁve experiments did not converge on a value of c (see Results). Shapes identify data from
individual birds. Data identiﬁed with a circle and shown in Fig. 2A are from the same individual. The dotted line indicates a signiﬁcant (P = 0.002) regression.
Color conventions are as in Fig. 2.

(Methods, Overlap calculations). Fig. 4B plots overlap against the
ﬁt value of c for each shift size, showing that both values decrease
with increasing shift magnitude and approach zero together.
To ask whether variability in overlap could predict variability in c,
we ﬁt Eq. 1 to data from each experiment, rather than combining
data across birds within shift sizes, as in our other analyses. We were
able to ﬁt c to data from 13 of 18 experiments. In the other ﬁve
experiments, the model did not converge on a value of c due to the
day-to-day variability of the pitch data, which is substantially
greater in data drawn from a single experiment compared with data
combined across experiments using the same shift size (1). Cases in
which the model did not converge on a value of c appeared in 100cent (two cases), 150-cent (two cases), and 300-cent (one case) shift
experiments and could represent either the greatest or smallest
degree of learning (as measured by the change in song pitch on the
last shift day) within each shift size. As shown in Fig. 4C, we found
a signiﬁcant correlation between overlap and the ﬁt value of c (P =
0.002; note that the signiﬁcance of this regression is due primarily to
differences across shift sizes, rather than experiment-by-experiment variability within each shift size). The slope and intercept of
this regression (Fig. 4C, dotted line) were not signiﬁcantly different
from unity and zero, respectively. As described below, this relationship between overlap and the extent of error correction
suggests a simple strategy by which songbirds rely on the statistics of
prior vocal motor experience to constrain sensorimotor learning.
Additionally, we ﬁt our data with an alternate model (Eq. 1′) in
which we quantiﬁed the absolute size of the error correction at
equilibrium (in cents) rather than the fraction of the total imposed
pitch error corrected at equilibrium, as in our primary analysis. Fit
values of free parameter a in Eq. 1′ for 50-, 100-, 150-, and 300-cent
shifts were 30.4, 39.5, 49.5, and 4.7 cents, respectively, and all
pairwise differences were signiﬁcant at P < 0.05 except for that
between the 100- and 150-cent conditions. This nonmonotonic
relationship between pitch shift size and absolute change in vocal
4 of 5 | www.pnas.org/cgi/doi/10.1073/pnas.1213622109

pitch suggests a trade-off between the robustness of error correction (which decreases with error size) and the size of the sensory
error itself, consistent with the primary analysis presented above.
Discussion
Our results demonstrate an inverse relationship between the
magnitude of the pitch shift and both the completeness and speed
of vocal error correction. Varying the shift size revealed that as the
magnitude of auditory errors increases from ±50 cents to ±300
cents, the fraction of errors corrected when learning has reached
equilibrium (c) (Fig. 3B) decreases and the time constant of
learning (τ) (Fig. 3C) increases. Furthermore, the fraction of error
correction (c) approaches zero when auditory errors become large
enough to shift the distribution of pitches heard by the bird outside
of the baseline distribution of pitches (Fig. 4).
Our results suggest a simple principle that predicts the extent to
which auditory errors drive vocal learning. As shown in Fig. 4, the
fraction of compensation approaches zero when (in the 300-cent
shift experiments) sensory errors are large enough so that the
distribution of pitch in the manipulated auditory feedback does not
overlap with the baseline distribution of pitch. Such a ﬁnding
suggests that learning in response to a sensory error is limited by
the probability that the sensory signal could have come from the
distribution of signals accumulated over past experience. This
strategy represents a simple and robust solution to the problem of
how much to rely on the inherently unreliable sensory signals
needed to calibrate behavior (6) because it uses the statistics of the
bird’s sensorimotor experience to determine whether to correct an
apparent behavioral error.
Limiting learning in response to large sensory errors appears to
be a principle common to many forms of complex behavior, suggesting that other systems might similarly constrain learning based
on the expected distribution of sensory feedback. The inverse relationship between pitch error size and vocal learning reported
Sober and Brainard

learning because the small amount of overlap between distributions
(as in Fig. 4A, Right) results in less reinforcement. This account of
our results is consistent with recent studies that use white noisebased negative reinforcement signals to drive adaptive changes in
pitch (10, 24). These studies show that when a subset of pitches is
punished by an aversive white noise stimulus, songbirds change their
pitch distribution to avoid white noise. The common principle unifying these two sets of results might therefore be that birds will only
adjust their vocal output when their current range of motor variation
sometimes results in “successful” outcomes. In the present study,
a successful outcome would be one in which auditory feedback falls
within the bird’s baseline pitch distribution. In white noise experiments, a successful outcome would be an escape from negative reinforcement. Indeed, experimental conditions in which no trials are
successful (very large pitch shifts in our study or previously published
experiments in which white noise is provided on every trial) produce
zero or near-zero learning (10, 24). Therefore, despite the methodological differences between shifting the pitch of feedback and
differentially reinforcing some syllable variants with white noise, we
believe that learning in both paradigms can be explained by birds
evaluating the relative value of a range of vocal pitches.
Our results show that the adult song system corrects small errors
more rapidly and robustly than large errors. This relationship is
somewhat surprising given that song acquisition in juvenile birds is
characterized by initially very large errors in vocal production, which
are minimized during the dramatic changes to vocal output over
a ∼6-wk-long period of sensorimotor learning. Although the mechanisms governing juvenile song acquisition and adult error correction
might be distinct, it is possible that they rely on the same underlying
computation. Although the absolute size of errors in young birds is
very large, so is the variability of song itself (25–29). Constraining
learning based on variability (Fig. 4) might therefore both allow the
large changes necessary during song acquisition (when both error
size and behavioral variability are high) and also provide the stability
required during adult song maintenance (when both error size and
behavioral variability are low). Our studies suggest that, for error
correction in juvenile songbirds, and more broadly for error correction in other complex behaviors, the statistics of prior experience
constrain the capacity for learning and adaptation.

1. Sober SJ, Brainard MS (2009) Adult birdsong is actively maintained by error correction.
Nat Neurosci 12(7):927–931.
2. Doupe AJ, Kuhl PK (1999) Birdsong and human speech: Common themes and mechanisms. Annu Rev Neurosci 22:567–631.
3. Fine MS, Thoroughman KA (2007) Trial-by-trial transformation of error into sensorimotor
adaptation changes with environmental dynamics. J Neurophysiol 98(3):1392–1404.
4. Robinson FR, Noto CT, Bevans SE (2003) Effect of visual error size on saccade adaptation in monkey. J Neurophysiol 90(2):1235–1244.
5. Faisal AA, Selen LP, Wolpert DM (2008) Noise in the nervous system. Nat Rev Neurosci
9(4):292–303.
6. Wei K, Körding K (2009) Relevance of error: What drives motor adaptation? J Neurophysiol 101(2):655–664.
7. Katseff SH, Houde J, Johnson K (2012) Partial compensation for altered auditory
feedback: A tradeoff with somatosensory feedback? Lang Speech 55(Pt 2):295–308.
8. MacDonald EN, Goldberg R, Munhall KG (2010) Compensations in response to real-time
formant perturbations of different magnitudes. J Acoust Soc Am 127(2):1059–1068.
9. Linkenhoker BA, Knudsen EI (2002) Incremental training increases the plasticity of the
auditory space map in adult barn owls. Nature 419(6904):293–296.
10. Tumer EC, Brainard MS (2007) Performance variability enables adaptive plasticity of
“crystallized” adult birdsong. Nature 450(7173):1240–1244.
11. Good P (2000) Permutation Tests (Springer, New York), 2nd Ed.
12. Leonardo A, Konishi M (1999) Decrystallization of adult birdsong by perturbation of
auditory feedback. Nature 399(6735):466–470.
13. Méndez JM, Dall’asén AG, Goller F (2010) Disrupting vagal feedback affects birdsong
motor control. J Exp Biol 213(Pt 24):4193–4204.
14. Suthers RA, Goller F, Wild JM (2002) Somatosensory feedback modulates the respiratory motor program of crystallized birdsong. Proc Natl Acad Sci USA 99(8):
5680–5685.

15. Wolpert DM, Ghahramani Z, Jordan MI (1995) An internal model for sensorimotor
integration. Science 269(5232):1880–1882.
16. Burnett TA, Freedland MB, Larson CR, Hain TC (1998) Voice F0 responses to manipulations in pitch feedback. J Acoust Soc Am 103(6):3153–3161.
17. Liu H, Larson CR (2007) Effects of perturbation magnitude and voice F0 level on the
pitch-shift reﬂex. J Acoust Soc Am 122(6):3671–3677.
18. Burns JK, Blohm G (2010) Multi-sensory weights depend on contextual noise in reference frame transformations. Front Hum Neurosci 4:221.
19. Sober SJ, Sabes PN (2005) Flexible strategies for sensory integration during motor
planning. Nat Neurosci 8(4):490–497.
20. Ernst MO, Banks MS (2002) Humans integrate visual and haptic information in a statistically optimal fashion. Nature 415(6870):429–433.
21. Balleine BW, Ostlund SB (2007) Still at the choice-point: Action selection and initiation
in instrumental conditioning. Ann N Y Acad Sci 1104:147–171.
22. Thorndike EL (1911) Animal Intelligence (Macmillan, New York).
23. Skinner BF (1953) Science and Human Behavior (Macmillan, New York).
24. Charlesworth JD, Tumer EC, Warren TL, Brainard MS (2011) Learning the microstructure of successful behavior. Nat Neurosci 14(3):373–380.
25. Brainard MS, Doupe AJ (2001) Postlearning consolidation of birdsong: Stabilizing
effects of age and anterior forebrain lesions. J Neurosci 21(7):2501–2517.
26. Miller JE, Hilliard AT, White SA (2010) Song practice promotes acute vocal variability
at a key stage of sensorimotor learning. PLoS One 5(1):e8592.
27. Olveczky BP, Andalman AS, Fee MS (2005) Vocal experimentation in the juvenile
songbird requires a basal ganglia circuit. PLoS Biol 3(5):e153.
28. Ravbar P, Lipkind D, Parra LC, Tchernichovski O (2012) Vocal exploration is locally
regulated during song learning. J Neurosci 32(10):3422–3432.
29. Tchernichovski O, Lints TJ, Deregnaucourt S, Cimenser A, Mitra PP (2004) Studying the
song development process: Rationale and methods. Ann N Y Acad Sci 1016:348–363.

Sober and Brainard

ACKNOWLEDGMENTS. This work was supported by a National Institute of
Deafness and Communications Disorders R01 award, a National Institute of
Neurological Diseases and Stroke P30 award, a National Institute of Mental
Health P50 award, and a Helen Hay Whitney Postdoctoral Fellowship.

PNAS Early Edition | 5 of 5

NEUROSCIENCE

here parallels similar ﬁndings in the response of the human arm
movement system to visual (6) and force (3) perturbations and of
the primate oculomotor system to visual errors during saccades (4).
Similarly, in response to brief (200-500 ms) pitch perturbations
during ongoing speech, transient compensatory vocal changes in
human subjects occur on fewer trials (16) and correct a smaller
fraction of the imposed error (17) for larger perturbations. Further
analysis of these data from humans and nonhuman primates might
reveal that the observed inverse relationships between error size and
learning in fact reﬂect limitations imposed on learning based on the
range of baseline feedback rather then on absolute error size per se.
Additionally, our results indicate that the vocal error correction
model shown in Fig. 1A requires modiﬁcation. Although future
experiments will be needed to fully clarify the algorithm underlying
vocal error correction in adulthood, at least two plausible (and
nonexclusive) models could explain our ﬁndings. First, the reduced
speed and completeness of learning in response to larger errors
might reﬂect a change in multisensory integration. Psychophysical
studies of human motor control have shown that when integrating
sensory signals, subjects can ﬂexibly weight sensory inputs (18, 19)
and that such weighting appears to be based on the variability of
the available sensory signals, as predicted by theories of optimal
motor control (20). Such a ﬂexible weighting strategy might account for the inverse relationship between the size of sensory pitch
shifts and the magnitude of the behavioral responses. That is, when
experiencing large errors, songbirds might reduce their reliance on
auditory information and increase their reliance on proprioceptive
signals (13, 14) or internal models of motor output (15) to estimate
vocal pitch. The resulting integrated estimate might then be compared with an internal target to generate an error signal. Such
a reweighting strategy might reﬂect an estimate that larger auditory
errors reﬂect unreliable auditory signals (rather than motor errors)
and are therefore less relevant to motor performance (6).
A second possibility is that the inverse relationship between pitch
shift magnitude and learning reﬂects a reinforcement-based mechanism (21–23) in which plasticity is driven by the occurrence of
“successful” trials rather than the magnitude of experienced errors.
Internal reinforcement signals might reward trials in which the pitch
of experienced auditory feedback falls within some acceptable
range. Because the range of acceptable pitches would presumably be
similar to the baseline pitch distribution (Fig. 4A, black), smaller
pitch shifts would result in more reinforcement, as reﬂected by
the larger amount of overlap between the baseline and shifted (Fig.
4A, red) distributions. Conversely, larger shifts might lead to less

