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Many natural motor skills, such as speaking or locomotion, are acquired througha
process of trial-and-error learning over the course of development. It has long been
hypothesized, motivated by observationsin artificial learning experiments, that

dopamine has a crucial role in this process. Dopamine in the basal ganglia is thought
to guide reward-based trial-and-error learning by encoding reward prediction errors’,
decreasing after worse-than-predicted reward outcomes and increasing after better-
than-predicted ones. Our previous work in adult zebra finches—in which we changed
the perceived song quality with distorted auditory feedback—showed that dopamine
inAreaX, the singing-related basal ganglia, encodes performance prediction error:
dopamineis suppressed after worse-than-predicted (distorted syllables) and activated
after better-than-predicted (undistorted syllables) performance?. However, it remains
unknown whether the learning of natural behaviours, such as developmental vocal
learning, occurs through dopamine-based reinforcement. Here we tracked song
learning trajectoriesin juvenile zebra finches and used fibre photometry® to monitor
concurrent dopamine activity in Area X. We found that dopamine was activated after
syllable renditions that were closer to the eventual adult version of the song, compared
with recent renditions, and suppressed after renditions that were further away.
Furthermore, the relationship between dopamine and song fluctuations revealed that
dopamine predicted the future evolution of song, suggesting that dopamine drives
behaviour. Finally, dopamine activity was explained by the contrast between the
quality of the current rendition and the recent history of renditions—consistent

with dopamine’s hypothesized role in encoding prediction errors in an actor-critic
reinforcement-learning model*®. Reinforcement-learning algorithms® have emerged
as apowerful class of model to explainlearning in reward-based laboratory tasks, as
well as for driving autonomous learning in artificial intelligence’. Our results suggest
that complex natural behaviours in biological systems can also be acquired through
dopamine-mediated reinforcement learning.

Complex behaviours, such as speaking or producing music, are
often learned by comparing ongoing performance to internal goals
or templates without explicit external reinforcement in the form of
rewards or punishments. The neural mechanisms that underlie inter-
nally guided trial-and-error learning of motor skills are poorly under-
stood. Thisis because much of our knowledge of the brain mechanisms
of trial-and-error learning comes from studies of animals learning
simple tasks motivated by external rewards such as food or juice®’.
Basal-ganglia-projecting midbrain dopamine neurons in the ventral
tegmental area (VTA) are thought to provide a reinforcement signal
for reward-based trial-and-error learning by encoding reward predic-
tion errors (RPEs)’; they increase their firing on unexpected rewards
or reward-predicting cues, and decrease their firing when expected

rewards are withheld. Whether developmental learning of complex
natural behaviours also occurs through dopamine-mediated reinforce-
ment is not known.

Vocal learning, an essential substrate for spoken language, is arare
trait exhibited by only a few animal groups, including humans and
songbirds'® ™. Similar to speech acquisition, song learning in zebra
finches requires auditory feedback and involves a developmental criti-
calperiod during which juveniles learn to make a copy of an adult tutor’s
songthrough internally guided trial and error ™, The zebra finch brain
contains aspecialized song system'® dedicated to learning and produc-
ing song, including adopaminergic projection fromthe VTAto the song
system nucleus Area X8, the singing-related basal ganglia. Previous
work, by changing the perceived quality of specific song syllables with
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Fig.1|Synchronousrecording of developmental song learning and
dopamine. a, Dopamineis hypothesized to provide an error signal to the song
systemthat guides developmental vocal learning. b, Dopamine releasein Area
X, thesinging-related basal ganglia, was recorded using fibre photometry
during songlearning. DLM, medial nucleus of the dorsolateral thalamus;

HVC, highvocal centre; LMAN, lateral magnocellular nucleus of the anterior
nidopallium; RA, robust nucleus of the arcopallium. ¢, Stages of zebra finch
songlearning along with surgery and recording timelines. d, Song syllables

distorted auditory feedback?®in adult birds, showed that these VTA,
neurons provide an evaluative signal by encoding performance predic-
tion error (PPE)>*%; they were suppressed after distorted syllables and
activated after undistorted syllables. In addition, optogenetics experi-
ments showed that activating VTA, terminals in Area X on high-pitch
syllable renditionsinduced the birds toincrease the pitch of these syl-
lables®***, and that disrupting dopamine signalling to Area X impaired
pitch modification®?, Thus, it has been shown that dopamine can
drive changes to adult song and that dopamine activity is consistent
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werelabelled using a deep-neural-network-based annotation tool (example
syllables denotedby A, B, C)*%. e, Acoustic features were extracted for each
labelled song syllable using MATLAB’s Audio Toolbox and renditions were
placedinacousticfeature space.f, An example syllable (inside red box) on six
different days asitisrefined across development.g, For the same syllable and
example daysshowninf, eachrenditionis projected onto the first two acoustic
principalcomponents (PCland PC2), showing refinement across development.

with encoding PPEs in artificial settings. However, it remains unknown
whether dopamine guides song learning through reinforcement®2
during the developmental critical period, which we set out to test.

Tracking dopamine during song learning

To test whether dopamine activity resembles a reinforcement signal
during song learning (Fig. 1a), we recorded developmental song tra-

jectories®*°injuvenile male zebra finches and concurrently measured



dopaminerelease in Area X using dopamine fibre photometry? (Fig. 1b).
Male zebrafinch hatchlings (n = 6) were raised naturally by their parents
inour breeding colony untilthe age of 47 + 2 days, after which they were
isolated; memorization of the tutor’s song typically occurs by 35 days
of age®. Injection of a virus encoding the dopamine sensor®> GRABp,;,
into Area X was followed by implantation of an optical cannula at age
47 + 2 days (see Extended Data Fig. 1). Song learning trajectories and
dopamine activity were recorded between 61 and 100 days of age—a
period that includes both the plastic song phase of learning, when
syllables can be identified but are still variable both in sequence and
in spectral content, as well as ten days of early adulthood (Fig. 1c; see
Methods). Zebra finch song typically crystallizes when birds reach
adulthood at around 90 days of age. Song syllables (n =25 syllables
across 6 birds) were annotated by training adeep neural network (Deep
Audio Segmenter; DAS™) on the entire recorded song trajectory, and
all subsequent analyses were performed for each song syllable inde-
pendently (Fig.1d and Methods). Acoustic features were extracted for
eachlabelled songsyllable using MATLAB’s Audio Toolbox and rendi-
tions were parametrized in a 124-dimensional acoustic feature space
(Fig. 1e and Methods). Figure 1f,g shows the evolution of an example
syllable across development, which gets progressively refined as the
song crystallizes. Analysis of synchronously recorded song trajectories
and associated dopamine activity allowed us to ask whether and how
dopaminerelates to song learning.

Dopamine encodesrelative syllable quality

If dopamine guides song learning, we would expect high-quality syl-
lables (renditions that are closer to their adult version than renditions
inrecent history) to be associated with high dopamine, and low-quality
syllables (renditions that are further away from their final form than
recent renditions) to be associated with low dopamine. For each syl-
lable rendition, we calculated the proximity (Euclidean distance) to
the median of the adult renditions of the syllable (age > 90 days) in
feature space (Fig.2a,b). Because dopamine is hypothesized toencode
therelative value of performance?, we defined the ‘relative quality’ of a
syllable as proximity to the adult version of the syllable relative to the
mean of the previous 11 renditions (Methods).

To test for online error responses, for each day we compared the
dopamine activity associated with the 10% of syllable renditions with
the highest relative quality with that of the 10% of renditions with the
lowest relative quality (Fig.2c-g). As previously reported, the baseline
level of dopamine in Area X is known to increase during singing®; to
isolate the effect of syllable quality from these singing-related dopa-
mine increases, we subtracted the mean dopamine response across
all renditions of a syllable on each day from the dopamine response
for each rendition. The mean-subtracted data are presented in Fig. 2
(see also Methods and Extended Data Fig. 2). Figure 2c shows the
dopamineresponse for an example syllable, with each row of the heat
map showing the average across a day. For a quantification of the
rendition-to-rendition variability in dopamine responses, see Extended
Data Fig. 3. Figure 2d shows dopamine responses averaged across all
n=25syllables. Figure 2e shows the dopamine responses averaged
across all days for each syllable sorted by the magnitude of the dopa-
mine response. The variability in dopamine responses between sylla-
bles could not be explained by variability in distance to adult syllable,
duration or change in distance to adult syllable within or across days
(Extended Data Fig. 4). Figure 2f shows that the dopamine response
systematically tracks syllable quality from the bottom 10% to the top
10% across all ten deciles of relative distance. Dopamine in Area X was
significantly increased after renditions of high relative quality in 24 out
of 25syllables and significantly decreased after renditions of low rela-
tive quality in 25 out of 25 syllablesin our dataset (Methods). Activations
followed syllable onset with a latency of 273 + 67 ms; suppressions
mirrored the activations, following syllable onset with a latency of

242 + 60 ms (Fig. 2h). We defined the error response as the difference
between the average traces for the top and bottom 10% relative qual-
ity of syllable renditions; 25 of 25 syllables showed a significant error
response (Methods). Although songis known to exhibit circadian oscil-
lations, with song quality improving during the course of a day, these
oscillations had only a subtle influence on the dopamine responses
(Extended DataFig. 5).

Inadditionto error signalling, dopamineis known to correlate with
movement vigour®, which might be reflected in syllable amplitude
during singing. We observed no significant change in the dopamine
error response when syllable amplitude was normalized to its median
value (Extended Data Fig. 6). Together, the observed precisely timed
phasicactivations and suppressions suggest that dopamine provides an
evaluative signal during song learning, with syllable renditions that are
closer to the final version relative to recent renditions resulting in high
dopamine and renditions that are further away from the adult version
relative to recent renditions resulting in low dopamine.

Dopamine predicts future song evolution

We next asked whether this dopaminergic evaluative signal guides
song learning by influencing future song. If dopamine activity in Area
Xis not just correlated with syllable quality but drives song learning,
fluctuations in dopamine should predict song movement along the
learning trajectory.

Totest whether dopamine fluctuations predict changes during song
learning, we used canonical correlation analysis (Methods) to find
the directioninacoustic feature space along which songis maximally
correlated with dopamine withinindividual blocks of 150 consecutive
song renditions (Fig. 3a). This method allows us toidentify a direction
insongspace along which dopamine is strongly co-varying with song,
and thus potentially reinforcing, without having to select an a priori
performance quality or similarity measure. We label this direction the
‘dopamine vector’, which is defined locally for each song block and
varies across blocks and development. We then projected future song
renditions onto the dopamine vector and asked whether future song
movedinthedirection of high dopamine along this acoustic dimension
(Methods). Figure 3b shows one example song block (150 consecutive
renditions). The coloured circles show individual renditions, where
colour represents ascalar measurement of dopamine response on each
rendition, and the black circleis the median location along the firstand
second acoustic principal component (PC) dimensions of renditions
within this block (Methods). The grey crosses represent individual
renditions in a future song block, starting 500 renditions later within
the same day, and the black cross is the median location of this future
songblock. The red arrow depicts the dopamine vector computed for
the original song block using the first 23 PC dimensions (see Methods).
The black arrow depicts the direction of song movement, measured
asthedifference between the median songlocations of the future and
present song blocks.

In Fig. 3¢, we plot the movement of song (in sliding blocks of 150
consecutive renditions) along the original dopamine vector over 600
renditionsinto the future (onasingle day). Inthissong-block example,
future song movesin the direction of high dopamine. We then repeated
this procedure over many days of development with thelocal dopamine
vectors defined by the local ‘current’ song block (current song blocks
were measured every 25 renditions). This analysis allowed us to ask
whether, on average, future song moved along the dopamine vector
defined by the current song. Figure 3d shows the average movement
of the median of future song blocks along the dopamine vector for
thesame example syllable, with the average computed across all local
dopamine vectorsinthe recorded song trajectory across development
(see Extended Data Fig. 7 for more example syllables).

We then assessed the significance of this effect across syllables.
Movement along the dopamine vector averaged across all 25 syllables
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Fig.2|Dopamine encodesrelative syllable quality during songlearning.
a,Schematic showingaseries of consecutive renditions of agiven song syllable
(t, mostrecentrendition; ¢t -1and ¢ - 2, two previous renditions). b, Schematic
showing computation of relative distance to adult syllable (circles, juvenile
syllable renditions; black square, medianlocation of adult (day > 90) renditions;
arrows, distance to adult syllable). Relative distance was calculated as the
difference between the current distance to adult syllable and the meandistance
of the previous11renditions (see Methods). ¢, Dopamine responses for an
example syllable after meansubtraction (see Methods and Extended Data
Fig.2). Example spectrograms and day-averaged dopamine responsesacross
development for syllable renditions with the closest 10% relative distance (top)
and furthest10% relative distance (bottom) recorded in Area X during song
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learning, plotted above average AF/F signals (all plots aligned to syllable onset;
blue, closer renditions; red, further renditions; solid line, day 61-75; dashed
line, day 61-100).d, AF/F signals during developmental song learning averaged
acrossn=25syllablesinn = 6birds, plotted similarly toc. e, AF/F signalsare
plotted similarly tod, but each row represents the average across days 61-100
foronesyllable (shading, +s.e.m). f, AF/F signals averaged across all 25 syllables
and days 61-100 are plotted similarly to e, but for each decile (10% of syllable
renditions) of relative distance. g, Scatter plot of averaged AF/F signals for all
syllables (Methods) for closer (blue) and further (red) renditions (***P < 0.001,
paired t-test; black bars, mean = s.d.). h, Distribution of response latency for
significant responses (n = 24 significantincreases; n =25 significant decreases;
see Methods).
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150 consecutive renditions from earlier (O) and later (X) parts of the day.

b, Dopamine predicts song movement for an example syllable. A ‘dopamine
vector’ (red arrow), calculated from150 consecutive renditions earlier in the
day (coloured circles, coloured by associated dopamine release; black circle,
medianlocation), is defined as the directionin acoustic PC space of maximal
correlation with dopamine (direction computed inthe first 23 PC dimensions).
Thisdirection closely aligns with the direction of song movement (black arrow)
atalatertime (grey crosses, 150 consecutive renditions later in the day;

black cross, medianlocation; 75/150 renditions selected for visualization).

in our dataset was in the direction of increasing dopamine and was
significantly different from shuffled data (Fig. 3e,f) (black line and
greyshadingrepresent mean +1.96 s.d. of 100 shuffles; Methods). The
amount of movement along the dopamine vector was significantly
correlated with the magnitude of the error response (r= 0.46, P < 0.05;
see Methods). Thus, our data show that dopamine predicts future
song evolution across our population of syllables and birds, provid-
ing evidence consistent with the hypothesis that dopamine drives
future song. We reperformed this analysis across different song-block
sizes and found significant movement along the dopamine vector at
asong-block size as low as 10, showing that even very few dopamine
transients containinformation about future song trajectory (Extended
DataFig.7).

We next sought to ascertain whether the relationship between song
and dopamineis purely prospective. To address this, we extended our
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¢, Song movement along the dopamine vector during the course of aday for
theexample syllable showninb.Each pointalongthexaxis representsagroup
of 150 renditions shifted arendition forward relative to the circles (see inset
schematic) showninb (black X, location of crosses plottedinb).d, Average
across alldopamine vectors for the example syllable showninb, calculated for
blocks of150 syllable renditions every 25 renditions (blue trace and shading,
mean +s.e.m.; blackline with grey shading, mean +1.96 s.d. of shuffled data;
see Methods). e, Movement along the dopamine vector (asind) for each of the
n=25syllables (thick blue line, mean across syllables). f, Movement along the
dopaminevectoraveraged acrossalln =25syllables, plottedasind (P< 0.02,
computed from shuffled distribution, see Methods).

analysis to past renditions and found that past song trajectories move
along the dopamine vector in the direction of lower dopamine, but
by asignificantly smaller amount (Extended Data Fig. 7). To investi-
gate how this temporal asymmetry depends on local change in song,
we performed an additional analysis in which we divided local song
trajectories into two geometries: trajectories that undergo sharp
turns in acoustic feature space and trajectories that remain aligned
to their current course (see Methods). We found that when the song
trajectory undergoes a sharp turn, current dopamine transients are
significantly and positively correlated with song along the future direc-
tion of song movement, but uncorrelated along the direction of past
song (Extended DataFig. 8a-e). Furthermore, we found that when an
acoustic element presentin the tutor’s syllable is being incorporated
into the juvenile’s syllable, renditions that contain the element are
associated with higher dopamine, compared with renditions that do
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not (Extended Data Fig. 8f-k). These results provide further evidence
consistent with dopamine driving song learning and not simply cor-
relating with song performance.

Dopamine tracks performance history

We next investigated the exact nature of the dopamine signal that
guides learning. Specifically, we sought to determine whether dopa-
mine encodes asimple mismatch error (ME) between ongoing perfor-
mance and afixed internal goal, or whether it represents a PPE (ref. 2),
takinginto account expectations based on recent performance. Bird-
song learning has been proposed to follow an actor-critic*>** model
of reinforcement learning. In such a learning framework, the PPE is
defined as the difference between the current performance onagiven
trial and an iteratively updated prediction of performance, the value
function, which is aweighted average of past performances (Fig. 4a).

We asked whether dopamine’s dependence on performance his-
tory more closely resembles PPE or ME. In a modelled actor-critic
reinforcement-learning agent, the current PPE is equal to the dis-
counted sum of past rewards, in which earlier performances are
summed with decaying weights, and subtracted from the current
reward™ (Fig. 4b). Figure 4b shows the coefficients for this subtrac-
tion. This is in contrast with ME, which is simply a function of the cur-
rent reward (Fig. 4b). We similarly fit the linear relationship between
performance and dopamineinour datato test whether the dopamine
reward function was consistent with it being a PPE or an ME signal (see
Methods). Figure 4c shows the linear regression fit of performance
history and current performance onto dopamine across all days of
recording for a single example syllable. Figure 4d shows the average
linear regression coefficients onto dopamine over all syllables in our
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dopamine encodes current ME). Inset, schematic of expected coefficients fora
PPE signal (blue) and an ME signal (green). ¢, Example syllable fit of song error
history to dopamine (blue trace; error bars, £s.e.m.).d, Average over syllables
(n=25) (blueline, average regression coefficients over syllables; error bars,
+s.e.m.; grey line, average coefficient value across shuffles; grey shading, 95%
percentile of the shuffled distribution; **P < 0.001; *P < 0.05, two-sided t-test).

dataset (see Extended Data Fig. 9 for further individual syllable exam-
ples). Dopamine fluctuation is predicted by the difference between
the current performance (¢ = 0) and a discounted sum of the previous
performances (¢ =-1tot=-11). Thisis consistent with dopamine activ-
ity in Area X acting as a PPE signal rather than as a pure ME or ‘reward’
signal. We measured how well the PPE model performs as we increase
the number of history steps (see Methods and Extended Data Fig. 10).
We found that model performance generally increased as we increased
this history to a point, then started to decrease for increasingly longer
histories. The number of previous renditions at which performance
peaked varied across syllables, peaking on average at 11 renditions.
Thus, we use this value for the results shown here (Fig. 4c¢,d) as well as
Fig.2. Together, our dataindicate that dopamine tracks the quality of
both current and past performance to provide a prediction error signal
that guides the learning of natural behaviour.

Discussion

Our results support a model in which dopamine guides develop-
mental song learning by providing a trial-by-trial PPE signal to the
singing-related basal ganglia. This finding connects an extensive lit-
erature on the role of dopamine as an RPE signal in laboratory tasks
to natural, internally guided developmental learning of motor skills
such as vocal learning. Speech and language learning in humans are
also thought to be mediated by basal-ganglia-dependent reinforce-
ment mechanisms'?. Birdsong is one of a small number of examples of
vocallearning and shares notable parallels with speech acquisition' ™,
More broadly, songbirds have emerged as an important model sys-
temto elucidate the neural mechanisms underlying internally guided
learning of fine motor skills that require extensive practice®. Such



motor-skill learning requires evaluation of ongoing performance rela-
tive to an internal goal and subsequent modification of future motor
outputonthebasis of these evaluation or error signals. We found that
during developmental song learning in zebra finches, song syllable
renditions that were closer to the adult version of the song thanrecent
renditions were associated with an increase of dopamine in Area X,
the singing-related basal ganglia. Correspondingly, syllable rendi-
tions that were further from the eventual song than recent renditions
were associated with a decrease of dopamine. These results provide
evidence that dopamine in the basal ganglia serves as a trial-by-trial
evaluative signal forinternally guided motor learning. Althoughsyllable
durationsare short compared with the observed dopamine transients,
we note that numerical simulations of gradient-based reinforcement-
learning models have been found to converge in reasonable time-
scales despite a delayed and temporally imprecise reinforcement
signal®.

Ourlongitudinal recordings of song learning trajectories and concur-
rent dopamine activity allowed us to ask whether dopamine predicts
future evolution of song. We found that song moves in the direction
predicted by increased dopamine, supporting a modelin which dopa-
mine guides song evolution through reinforcement on a trial-by-trial
basis. Our data allowed us to go one step further and investigate the
exact nature of this reinforcement signal, by asking whether dopamine
transients encode a simple mismatch error between ongoing song
and the ultimate goal or whether they represent a prediction error**
that takesinto account recent performance history. By comparing our
datawithanactor-critic** reinforcement-learning model, we showed
that dopamine activity exhibits the characteristics of predictionerror
signalling, comparing ongoing performance with predictions based
onrecent history.

Our data are consistent with a causal role for dopamine in guiding
behaviour; however, future experiments such as syllable-specific
optogenetic suppression or activation”?* of Area X dopamine during
development will be required to demonstrate causality. Although the
variability in dopamine responses between different syllables could
not be simply explained by variability in syllable quality, we note that
syllables with the strongest dopamine responses tended to be more
complex compared withsyllables with the weakest responses (Extended
Data Fig. 4). Future work will investigate the possibility of differen-
tial contributions of dopamine to the learning of different syllable
types.

The identification of VTA dopamine as the evaluation signal that
mediates the developmental learning of internally guided complex
motor skills also opens up future avenues of work studying the causes
and consequences of this error signal*>”. How neural circuits encode
the song template or internal goal®®*, and how circuits upstream of
the VTA*** compare ongoing performance to theinternal goal**>**to
generate an error signal are not known. Several studies have begun to
address these questions by characterizing the inputs to the VTA that
differentially modulate the error signal***"*, Similarly to mammals, the
downstream effect of the dopaminergic evaluation signal is thought
to occur through dopamine-modulated cortico-striatal plasticity?®®,
which can link each time step in the song to the specific vocalization
that produced agood match to the internal goal at that time step.

Reinforcement learning has contributed to some of the biggest recent
advancesinartificial intelligence and machinelearning’, from mastering
chessand Go*, to the automated discovery of novel algorithms*. It has
long been speculated that internally guided reinforcement*® under-
pins much of complex learned behaviour, from language and dance to
sportand music. Here we provide direct evidence that dopaminein the
song-related basal ganglia guides birdsong learning throughreinforce-
ment. VTA-basal ganglia circuits are evolutionarily conserved across
birds and mammals*** which suggests that a similar mechanism has
aroleinvarious other forms of internally guided motor-skill learning,
including music, speech and language learning in humans.
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Methods

Zebrafinches

Subjects were six male zebra finches (Taeniopygia guttata) >45 days
old, reared by both parentsin abreeding colony and randomly selected
before experiments. All experiments were performed in accordance
with NIH guidelines and were approved by the Columbia Institutional
Animal Care and Use Committee.

Surgery

At 47 + 2 days old, the subject zebra finches were separated from the
colony for surgery. During implant surgeries, each bird was anaes-
thetized with isoflurane (1-3%) and 1 pl of the viral construct AAV2/
9-hSyn-GRABy,;;, (ref. 3) was injected into Area X at two sets of coordi-
nates (600 nl at +5.9 mm anterior, +1.5 mm lateral relative to lambda
and -2.8 mm ventral relative to pial surface; head angle 20°,400 nl at
+5.9 mm, +1.5 mm, -2.5 mm, 20°) using aNanoject IIl (Drummond Scien-
tific) injector. During the same surgery, an optical cannulaattached to
ametalferrule (Doric,400-um core) was implanted above the injection
site (+5.9 mm, +1.5 mm, -2.4 mm, 20°).

Histology

For histology to verify cannula placement, birds were transcardially
perfused, and brains were fixed in 4% paraformaldehyde solution.
Brains weresslicedinto 100-pm-thick sagittal sections and imaged using
aNikon AZ100 Multizoom microscope.

Dopamine photometry and songrecordings
Aftersurgery, birds were placedinasoundisolationchamber foraround
two weeks to allow for viral expression. At around 60 days old, birds
were moved to the experimental rig equipped witha Doric photometry
system and a microphone. Custom MATLAB code detected singing
onset, which triggered song recording as well as the LEDs for photom-
etry. Two LEDs (470 nmat 208.6 Hz, dopamine dependent; and 405 nm
at572.2 Hz, dopamine independent) were used for excitation. Demodu-
lation in Doric Neuroscience Studio produced separate emission sig-
nals generated by the 470-nm and 405-nm excitation, whichwere then
used to compute the percentage change of the fractional fluorescence
signal, defined as AF/F (%) =100 x [470_signal - 405_signal x mean
(470_signal_baseline)/mean (405_signal_baseline)]/mean (470_sig-
nal_baseline). Baseline was defined as the 1 s preceding syllable onset.
Song and dopamine data were recorded in this set-up during plastic
song and into adulthood, between 61 and 100 days of age. Dopamine
data corresponding to song syllables were included if photometry
data were present from -1to +1s relative to syllable onset. Statistical
methods were not used to predetermine sample sizes.

Syllable labelling and acoustic parametrization

Song syllable identities were based on crystallized adult song, deter-
mined at more than 90 days old, and were labelled across development
using a deep-neural-network-based song annotation tool (Deep Audio
Segmenter; DAS)*. Ten per cent of total syllables were hand-labelled
throughout the course of development and were used to train unique
classification models for each syllable in each bird. After automated
classification, putative syllables were further filtered by excluding
outliers on the basis of syllable duration and absolute distance to the
adultsyllable. Five hundred randomly selected renditions, evenly dis-
tributed across development for each syllable, were hand checked in
this phase, and false positives were discarded. Each syllable used for
further analysis had an F; score (harmonic mean of precision [1 - false
positive rate] and recall [1 - false negative rate]) of at least 90% based
onthis check. Uniquesyllable typesinzebrafinchsongvaryinacoustic
structure and are best characterized by different acoustic features®.
For example, harmonic stacks are well characterized by pitch, but
syllables with broad band frequency spectrums have unstable pitch

estimates. Thus, acoustic features were selected to build a generic,
high-dimensional, acoustic parameterization of syllables that could
be applied without curation across acoustic profiles. Consistent with
this, we found that the correlation between dopamine and individual
song features varied across individual syllable types. The MATLAB
function audioFeatureExtractor (Audio Toolbox) was used to extract
31time-varyingacoustic features across each syllable. Each syllable was
dividedinto four segments by duration, and each feature was averaged
within each syllable segment to create a 124-dimensional, smoothed,
time-varying acoustic parameterization of each syllable. Principal
component analysis was then used to reduce the dimensionality indi-
vidually for each syllable for further analysis. Days were excluded from
future analysesifthere were not enough (n >11) labelled renditions on
that day to compute relative distance (number of days included per
syllable: mean, 28 and range, 4-40, across 25 syllables). Experiment-
ers were blind to dopamine data while relative proximity of syllables
was being calculated.

Data analysis

Syllable quality and dopamine responses. The top 23 PCs (explain-
ing more than75% of variance) were extracted from the 124-dimensional
feature space containing all instances of a syllable. We tested the
robustness of our analyses in Figs. 2 and 3 across 5-50 PC dimensions
and found theresultsto be qualitatively unchanged. The ‘adult syllable’
was defined as the median location in this feature space of all rendi-
tions produced by the bird after crystallization (age > 90 days)**~
High-relative-quality, or ‘closer’, renditions were defined as those that
were closer to the adult syllable than the mean distance of the previous
11 renditions (see Methods section ‘Selecting the length of history fil-
ter in the PPE representation of dopamine’ for choice of 11). Similarly,
low-relative-quality, or ‘further’, renditions were defined as those that
were further fromthe adult syllable than the mean distance of the pre-
ceding1lrenditions. The10% highest-and 10% lowest-relative-quality
renditions, as defined above, were thenidentified for each syllable on
eachday for further analysis. For Fig. 2c, AF/F (%) is shown for 1s before
and after syllable onset, with each row corresponding to an average of
either the 10% highest-quality or 10% lowest-quality renditions during
the day. For Fig. 2d, each row corresponds to an average across all syl-
lables that have at least 20 renditions in both the furthest and closest
10% with dopamine data on that day. For Fig. 2e, each row represents
asingle syllable averaged across all renditions throughout develop-
ment. For Fig. 2f, each trace represents one decile of data as arranged
by relative distance averaged across all syllables and across develop-
ment, with the top and bottom traces equivalent to thosein Fig. 2e. For
Fig. 2g, the AF/F (%) values for each syllable (red and blue circles)
were obtained by averaging the AF/F (%) traces in a100-ms window
between 200 ms and 300 ms from syllable onset, and then averaging
across development. The difference between populations was sig-
nificant (P=2.75 x 107%; paired t-test). For Fig. 2h, response latency was
defined as the time to peak or trough inthe z-scored AF/F (%) between
0 ms and 500 ms from syllable onset only if the peak or trough was
significant (defined asgreater than1.96 for peaks and less than-1.96 for
troughs, comprising a two-tailed ztest). z-scored AF/F was calculated as
(AF/F (%) - mean [baseline AF/F (%)])/s.d. [baseline AF/F (%)]. Signifi-
cances for each syllable were calculated individually; for multiple-
comparisons correction, see Extended Data Fig. 3. Throughout Fig. 2,
results are presented in mean-subtracted format; thatis, for each day,
the average dopamine trace for that syllable across all renditions is
subtracted out (see Extended Data Fig. 2).

Singing-related dopamine responses.In Extended DataFig.2a,b, the
dopamineresponseto the onset and offset of a bout of singing was ana-
lysed. Bouts were defined as sequences of vocalizations separated by
less than150 ms, starting with anintroductory note or song syllable and
endingwithasongsyllable. Bouts wereidentified algorithmically using
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anamplitude threshold, with a subset of bouts checked for accuracy.
Only bout onsets preceded by 1s and offsets followed by 1s of silence
wereincluded. For this analysis, the baseline for AF/F (%) generation was
computed usingthe 0.5 s preceding bout onset or offset. Extended Data
Fig.2c-gillustrates the subtraction of mean singing-related dopamine
responses toisolate the error response. For eachsyllable on each day, a
mean dopamine trace was created by averaging the dopamine response
across all renditions, not just the top and bottom10%. In Fig. 2, as well
as Extended DataFigs. 2g, 3b-d, 4, 5d-f, 6 and 8f-k, dopamine dataare
analysed after first subtracting that syllable’smean trace on each day. In
Extended DataFig. 2e, theblue and red traces are identical to the ones
in Extended Data Fig. 2c, but the ‘equidistant’ decile is shown as well.
To find the closest and furthest10% on each day, the renditionsina day
aresorted by relative distance, ranging from negative numbers (closer
syllables) to positive numbers (further syllables). In this sorted list of
renditions, the set of 10% consecutive renditions that have their mean
relative distance equal to O are defined as ‘equidistant’ (no change in
distance compared withrecent renditions). In Extended Data Fig. 2g, the
responsesto the closest, furthest and equidistant 10% across develop-
ment are quantified following mean subtraction. The closer and further
responses differed significantly from 0 (P=2.67 x107°,P=3.73x105;
one-sided t-test), whereas the equidistant responses did not (P = 0.96;
one-sided t-test). (Asin Fig. 2, the response is defined as the mean of
the tracein the 200-300-ms window after syllable onset).

Rendition-to-rendition variability in dopamine responses. In
Extended DataFig. 3a, an example spectrogram of song (top) is shown
along with concurrent dopamine activity (bottom). For this dopamine
trace, the baseline for AF/F (%) generation was computed over the
full 8-s time period. In Extended Data Fig. 3b,c, data are shown for an
example syllable on one example day (day 67). In Extended Data
Fig.3c,d, bars show the mean dopamine response over the 200-300 ms
after syllable onset.

Variability in dopamine responses across syllables. In Extended
DataFig.4c, theaverage Euclidean distance inthe 23-PC space foreach
rendition was averaged for each day for each of the 25 syllables. Then,
for each day between 61 and 100, an average was taken across all the
syllables that had atleast 100 renditions on that day. Shading represents
s.e.m. across syllables, with the sample size for each point being the
number of syllables with data on that day. In Extended Data Fig. 4d-g,
the magnitude of the dopamine response is plotted against various
syllable metrics. For each of the 25 syllables, the dopamine response
isdefined as the difference between the meanresponse for the closest
10% across development and the mean response for the furthest 10%
between 200 ms and 300 ms after syllable onset. These values cor-
respond to the differences between the pairs of points presented in
Fig.2g. In Extended Data Fig. 4d, each syllable’s location on the x axis
corresponds to the mean duration across all renditions of the syllable
across development. In Extended Data Fig. 4e, each syllable’s location
onthexaxis corresponds to the mean of the standard deviation (s.d.)
of the absolute distance from the adult syllable on each day of devel-
opment with more than100 renditions. In Extended Data Fig. 4f, each
day with more than 100 renditions for each syllable was examined
separately, and the change per hour within a day was found by fitting
aslope to the absolute distance relative to the adult version. All days
across development were then averaged to give each syllable its posi-
tionon thexaxis. In Extended Data Fig. 4g, the change in distance per
day across development for each syllable was found by computing the
mean absolute distance to the adult version for each day with more
than 100 renditions in development, then fitting a slope across days.
Correlation and significance values in Extended Data Fig. 4d-g were
computed using MATLAB’s corr function, returning the Pearson linear
correlation coefficient (panel d, r=0.22, P=0.29; panel e, r=0.04,
P=0.86; panelf,r=0.17, P=0.43; panel g, r=0.07, P= 0.76).

Effects of circadian oscillations. In Extended DataFig. 5a, the average
absolute distance from the adult syllable over the course of the day is
shown. Here, the distance of all renditions falling within each hour of
the day across development was averaged for each of the n =25 sylla-
bles. Each pointalongthe y axis represents an average across all of the
n=25syllables with at least 20 renditions during that hour across all
days of development. In Extended DataFig. 5b, the dopamine response
(averaged across 200-300 ms after syllable onset) was calculated for
all renditions across development for each of the 12 hours of the day
foreach ofthen=25syllables. Then, for each hour of the day, the aver-
age acrossall of the n =25 syllables with at least 20 dopamine-aligned
renditions across development is shown. For Extended Data Fig. 5c,
for each of the n =25 syllables, all renditions in each of the 12 hours of
the day were examined, and the percentage of renditions fallingin the
closest 10% and furthest 10% in terms of relative distance during the
daywasfound; the average percentage of the closest 10% of trials (blue
line) and the furthest 10% (red line) for each hour averaged across all
of'the n=25syllables with more than 200 renditions during that hour
across developmentis shown. For Extended Data Fig. 5d-f, dopamine
responses were computed separately for the renditions occurring in
the first three hours of the day (‘morning’), and the latter nine hours
of the day (‘afternoon’). This temporal division cut the data roughly
in half (n = 51,560 morning renditions and n = 51,465 afternoon rendi-
tions across all n =25 syllables). For each rendition, relative distance
was still computed using the median adult (day > 90) rendition across
all hours of the day as the target, but the dopamine responses of ren-
ditions were analysed separately depending on the time of day. The
dopamine response to ‘closer’ trials was not significantly different
in the morning compared with the afternoon (P = 0.12; paired ¢-test),
whereas theresponse to ‘further’ trials was significantly greaterin the
morning (P =0.0046; paired t-test).

Contribution of syllable amplitude to the dopamine response. In
Extended DataFig. 6a, the normalized amplitude of anexample syllable
across n =40 days of development is shown. For each syllable rendition,
amplitude was computed as the root mean square of the raw audio
trace. Then,amplitude for all renditions on a day was averaged. Finally,
each day’s mean amplitude was divided by the mean amplitude of all
days > 90, whichis the syllable’s ‘adult’ amplitude. In Extended Data
Fig. 6b, the process described above was performed for each syllable,
then, oneachday, asyllable wasincluded ifthere were at least 20 rendi-
tions of that syllable on that day. In Extended DataFig. 6¢, all renditions
withaccompanying dopamine dataare shown for an example syllable.
Each rendition’s point along the x axis corresponds to the rendition’s
amplitude, calculated as the root mean square of the raw audio trace,
and each rendition’s point along the y axis is the average dopamine
response from200-300 ms after syllable onset. The Pearson’s correla-
tion coefficient was generated with MATLAB'’s corr function (r=0.01,
P=0.08).InExtended DataFig. 6d, the correlation and significance of
the relationship described in Extended DataFig. 6¢ is shown for all syl-
lables. To generate the amplitude-normalized plots in Extended Data
Fig. 6f-h,each quarter of the syllable was first normalized toits median
amplitude before feature extraction. Amplitude normalization did not
significantly change the response to closer (P=0.43, paired t-test) or
further (P=0.92, paired ¢-test) trials.

Linking dopamine activity to future and past song. For Fig. 3 and
Extended Data Fig. 7, canonical correlation analysis (CCA), com-
puted using the MATLAB function canoncorr, was used to find the
linear combination of acoustic features that maximally correlated
with rendition-to-rendition dopamine fluctuations in local blocks of
consecutive syllables (n =150 renditions)****. To compare a scalar dopa-
mine value to syllable acoustic structure, the dopamine (AF/F) trace
was averaged in 12.5-ms windows. The timing onset of the dopamine
window used to compute the direction of maximal correlation with



syllable acoustic variations was selected to be the peak, summed CCA
correlation between song fluctuations and dopamine variation across
all song-block-dopamine comparisons (direction computed in the
first 23 PC dimensions). Across syllables, peaks were selected from
within O to 500 ms after syllable onset. Timing latency between sylla-
ble onset and dopamine was held fixed for individual syllables across
all analyses (mean latency = 207 ms). Song renditions were projected
onto the acoustic dimension of maximum correlation with dopamine
(the ‘dopamine vector’). The median of song along this dimension was
computed within blocks 0f 150 song renditions in sliding steps of one
rendition, for 600 renditions forward in time. The distance between
future song blocks and the original song block was defined as the dif-
ferenceinsong-block medians. This procedure was performed across
alldays and allsongblocks (every 25 renditions) for each syllable. Song
blocks were not used to estimate adopamine vector ifless than 40% of
renditions within the block had associated dopamine data. The move-
ment along the dopamine vector was then averaged across all song
blocks across development. The significance of average movement
alongthe dopamine vector was measured by shuffling dopamine traces
relative tosyllable renditions withinindividual days and reperforming
the same analysis 100 times. The shuffled distribution of song move-
ment was used to compute a two-sided P value at each step forward
in time. Average movement along the dopamine vector over the full
population of syllables was significant (P < 0.02) in future rendition
steps10-600. A second shuffling procedure was also tested by selecting
consecutive sequences of dopamine responses randomly offset from
thetrue sequencelocationinrendition number. This preserves possi-
ble underlying temporal correlations in the dopamine activity across
renditions while randomizing the relationship to song. Significance
remained unchanged. To test sensitivity to the song-block sizein which
the dopamine vector was computed, song-block size was varied from
n=>5ton=300.Movement along the dopamine vector remained signifi-
cant (P<0.05)inblock sizesn=10to n =300 (Extended Data Fig. 7a).

As an additional comparison, we measured the movement along
the ‘adult song vector’, whichis the direction defined as the difference
between the adult song median location and the current song-block
median location in acoustic space. This is the acoustic direction the
songis ultimately going during development, and thus is, on average,
thelinear directionin which the song will move the most. When we do
this comparison, the average movement along the dopamine vector is
15.0% of the average movement along the adult song direction at 600
renditions into the future (averages taken across syllables).

Tosimilarly measure the dopamine vector’s orientation towards the
pastsongtrajectory (Extended DataFig. 7c), song movement along the
dopamine vector was computed in past rendition steps (-1to -600
renditions relative to the onset of the current song block). We found
that the past song moves along the negative direction of the dopa-
mine vector (towards lower dopamine) but much less than the positive
movementin the future direction. The significance of the difference in
magnitudes of future versus past song movement along the dopamine
vector was calculated using a paired ¢-test at each rendition step away
from current song. We find that song moves significantly further along
the dopaminevectorinthe future thanin the past fromrendition steps
51to 600 (P<0.05).

Movement along the dopamine vector for each syllable, defined
as the amount of movement 600 renditions in the future divided by
the s.d. of the shuffled data at that point, was significantly correlated
with the magnitude of the error signal for that syllable (defined as the
difference between the response to the closest 10% and furthest 10%
renditions in relative distance averaged over 200-300 ms after sylla-
ble onset; r=0.46, P=0.02, Pearson’s linear correlation coefficient,
calculated using MATLAB'’s corr function).

Dopamine’s relationship with the local geometry of the song learn-
ing trajectory. Future song moves in the direction of high dopamine

and past song moves in the direction of low dopamine, but to a lesser
degree. To further test dopamine’s relationship with the immediate
song trajectory (Extended Data Fig. 8), we characterized the local
geometry of the song learning trajectory and measured dopamine’s
correlation with future and past song movement. To measure this, we
locally defined three consecutive, non-overlapping blocks of song: the
pastsongblock, the current song block and the future song block. These
three blocks of song are computed every 25 renditions across all days of
recording. We defined the past song vector as the difference between
the current and the past song blocks’ median locations in acoustic
feature space (the first 23 PCs of each syllable, as described earlier).
We defined the future song vector as the difference between the future
and current song blocks’ medianlocations. We then projected the song
renditions in the current song block onto the future and past vectors
and measured the correlation with dopamine along these two dimen-
sionsinacoustic feature space. These measurements compare current
dopamine’s correlation with future and past song change. We catego-
rized local song trajectories into two types: (1) trajectories in which
the angle between the future and the negative of the past song vector
isgreater than /2 (labelled ‘arrows’ because they represent relatively
straight trajectories through song space); and (2) trajectoriesinwhich
theangle betweenthe future and the negative of the past song vectors
is less than 1t/2 (labelled ‘hinges’ because they represent trajectories
inwhichthe song has taken sharp turns). We found thatinlocal ‘hinge’
trajectories, dopamine was significantly positively correlated with the
future song vector but not with the past song vector. Thisis consistent
with dopamine driving song learning and not simply correlating with
song. As expected in ‘arrow’ trajectories, in which the past and future
vectors are relatively aligned, dopamine significantly and positively
correlated with both the pastand future vectors, but more strongly with
the future vector. The significance of the difference between dopamine
correlations along the future and past song vectors was calculated
using a paired ¢-test. The significance of the individual correlations with
dopamine along the future and past vectors for both hinge and arrow
song trajectories were computed using two separate methods: (1) a
two-sided t-test and (2) comparing to a shuffled distribution (n =100
shuffles) inwhich dopamine trials were randomizedin relation to song
trials. Both methodsyielded significant correlations with future song
vectorsin hinge trajectories ((1) P< 0.00001; (2) P< 0.02), but not with
past song vectors in hinge trajectories. This analysis was repeated in
song-block sizes 5-300 as in the analysis for Fig. 3, and was found to
be robust to block size.

Inaddition, to test dopamine’s relationship with imitative learning,
we found three syllables that contained an element from the tutor’s
syllable that was also present in the final, adult, version, but was miss-
ing from renditions early in development. For each of these three syl-
lables, we identified the day (days 61, 63 and 61, respectively) when
roughly half of the renditions contained the tutor syllable’s element
(‘mature’ renditions), and half did not (‘immature’ renditions). For
each syllable, all renditions on that day were hand-labelled as either
mature or immature. By taking the mean of the dopamine response
for each trial between 200 ms and 300 ms after syllable onset, the
mature and immature populations could be compared, and all three
syllables had a significant difference in dopamine response between
mature and immature renditions (P=1.6 x10°%,P=4.9x10™,P=0.012,
two-sided t-test).

Data modelling

Actor-critic model and dopamine’s dependence on performance
history. The critical encoding of a prediction error that we test in the
dopamine datais generictoavariety of formulations of reinforcement-
learning models®. We focus here on the actor-critic implementation
because this is the dominant model that has been posited for the
birdsong system*?**, but our evaluation of the relationship between
dopamine and error versus prediction error is more general than this
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formulation. For Fig. 4 and Extended Data Fig. 9, an actor-critic rein-
forcement-learning model was defined as follows. Arandomly gener-
ated (drawn from a normal distribution with mean O and variance 1)
n-dimensional vector t was defined as the target song. The actor agent’s
policy was initialized to an n-dimensional unit vector m (each value
drawn froma normal distribution with mean O and variance 1) and the
criticagent’s value Vwas initialized to 0. At each time point, the actor
agent generates an action vector a equal to the current policy with a
random step eadded toit, scaledby £=0.1:

e=N(0,?)
a=m+e

The reward for this action R is then calculated as the mean squared
error (MSE) between the action and the target:

> (G-a)?

i=1

R(a)=—l
n

1
R(@)=-=|t-al?
n

Thetemporal difference error (or PPE), §, was calculated as the differ-
ence between this reward and the critic agent’s current expected value:

6=R@-V

This is then used to update the actor’s policy along with learning
rate f,cor = 0.15,

“(_“+”act0rx6><e’

and critic’s value along with learning rate 7.,;;.= 0.2,

VeV+n . X6,

critic

To evaluate dopamine’s dependence on performance history, the
MATLAB function fitlm was used to fit a linear regression model to
the performance quality history (renditions(i), i = —Nuistory fitrer t0 0)
and current scalar dopamine response (AF/F (%)) (i = 0) computed
as described above. In brief, this model fits a linear model that pre-
dicts the dopamine response on the previous trial as the weighted
sum of the quality of the current syllable as well as those in its recent
history, identifying a coefficient for each lag distance that captures
the relationship between syllables at that lag and dopamine on the
current trial®. Positive coefficients for agivensyllable lag indicate that
high performance at that point in the history predict high dopamine
onthe current rendition, whereas negative coefficients indicate that
low performance at that lag predicts higher dopamine. Performance
quality was defined as the negative L, distance between the current
song rendition and the median location of adult song in the first 23
PC dimensions of the full acoustic feature space. PCs were computed
for each syllable individually across all days of recording. Linear fits
were performed on all days of recording across all syllables and birds
and separately for early development (age < 75 days) and late develop-
ment (age > 75 days).

Distinguishing PPE from ME. For Extended Data Fig. 10, to com-
pare dopamine’s representation of performance ME (analogous to
reward error) and PPE (analogous to RPE), linear regression fits to
current performance ME and current performance plus performance
history were compared over a range of performance history steps
(Mhistory=[1234 561015202530 3540 50]). Linear regression is the
appropriate model to test the PPE hypothesis because the functional

form of the RPE (PPE here) equation from a reinforcement-learning
theory framework s alinear combination of current reward minus a
weighted sum of past rewards, in which the weight decays to zero back
in history:

RPE,=R.-n ) (1-n)'R,_,,

i=1

with 0 < <1.Model quality was compared using two measures: (1) the
difference in the Akaike information criterion (AAIC)**® and (2) the
difference in MSE (AMSE) between the ME model and the PPE model,
estimated fromten cross-validation folds. Syllables were excluded from
the ME-PPE comparisonifneither the ME nor the PPE linear regression
onto dopamine had a significant R? value (computed using the fitlm
function in MATLAB). All syllables were included in the ME/PPE com-
parisonand had atleast one ME or PPE linear regression onto dopamine
with a significant R? value. We find that the PPE model is better thana
pure performance mismatch model at predicting dopamine transients
in the data across many different numbers of sample history terms:
under the AAIC metric, at least 20/25 syllables were better fit by a PPE
model for all history filters n =1:10; under the AMSE metric, at least
19/25 syllables were better fit by a PPE model than by a ME model for
all history filters n=1:10.

Selecting the length of history filter in the PPE representation of
dopamine. For Extended DataFig.10, across the PPE history filter para-
meter sweep, the minimum values of both the AAIC and the AMSE met-
ricsindicate the largestimprovement in quality of fit to dopamine over
performance history fits. From reinforcement-learning theory, we
expect the coefficients on performance history terms to asymptotically
decay to O further back in the past. The expectation of performance
quality isiteratively updated on each performance rendition, and the
filter theoretically includes all past performance. However, the amount
of data, level of noise and extent of underlying PPE representation in
dopamine will all affect the number of history coefficients that can be
foundsignificant. As the coefficients approach 0, noise will overtake the
benefit ofincluding additional history termsinthe dopamine function.
Consistent with this, we found a positive correlation between the num-
ber of optimal history terms for each syllable and the amount of data
for each syllable (AAIC: r=0.69, P< 0.001; AMSE: r=0.72, P< 0.001).
The optimal number of history terms was averaged over all included
syllables (22/25) to select the length of the history filter used in Figs. 2
and 4. Under the AAIC and the AMSE model comparison metrics, the
average best history filter length was found to be 11and 12 respectively.
The more conservative model average, n =11, was used in Figs.2and 4.
Coefficients from fits across all recording days were averaged across
syllables and plotted in Fig.4d.InFig.4d, Pvalues for coefficient aver-
agesover syllables were computed individually for each performance
history step using atwo-sided ¢-test. From O to —11 song history steps,
P=[1.89x107,8.67 x10°8,3.58 x10~,0.002, 0.001, 0.002,3.61x 107,
0.19,0.003,0.323,0.006, 0.014]. At a history filter of 11, the average
acrosssyllables=0.01+0.01(s.d.),and 20/25 of these r* values are signi-
ficant (Pvalue of F-test onregression model, P < 0.05, Holm-Bonferroni
method used to correct for multiple comparisons®). The significance
of coefficient averages across the full syllable population was further
assessed by randomizing the relationship between song rendition and
dopamine. Dopamine responses were kept temporally ordered to ac-
count for the effect of possible underlying temporal correlations in
the dopamine response across renditions. Population shuffles were
performed 100 times to generate randomized population coefficient
averages.

Reporting summary
Furtherinformation onresearch designis available in the Nature Port-
folio Reporting Summary linked to this article.
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a

Extended DataFig.1|Histological verification of fibre placementinAreaX. brainslice showingfibre placement (purple dashedcircle, AreaX; orange
a, Schematic from the zebrafinch atlas. Adapted fromref. 18 (Wiley). Orange dashedlines, fibre placement).
dashedlinesindicate the intended placement of the cannulain AreaX. b, Example
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Extended DataFig. 3 | Rendition-to-rendition variability indopamine
responses. a, Spectrogram of an example eight-second section of song plotted
above the corresponding AF/F signal. b, Single rendition dopamine responses
foranexample syllable onasingle day (day 67) with the closest 10% (top) and
furthest10% (bottom) relative distance plotted above average AF/F signals
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Extended DataFig. 8| Dopamine correlates more with the future than with
the pastat points of abrupt changeinsong. a, Schematic of analysis. Three
consecutive, non-overlapping song blocks are selected: past, current, and
future. Pastand future vectors are computed from the differencein median
songlocationsin eachsongblock.Songrenditionsinthe currentsongblock are
projected onto the past and future vectors and the correlation with dopamine
inthe currentsongblock are computed along these dimensions. Thisis repeated
atstepsof 25renditions across all song development (see Methods). Local song-
blocktriplets are divided into two categories depending on the local geometry
ofthe songtrajectory: ‘hinge’ (B <1/2) trajectoriesand ‘arrow’ (6 > 11/2)
trajectories (is defined between 0 and ). b, Distribution of angles between
the future vector and the negative of the past vector across all sampled triplets
of song blocks along song developmentacross n =25 syllables (block size,

150 renditions). ¢, Average correlation coefficient between currentsong
renditions projected onto the future and past song vectors and current
dopaminetransients (pointsand error bars, mean + s.e.mover syllables; blue/
pinkstars, p<0.05, two-sided t-test, correlations between dopamine and past/
future song vectors are significantly different from zero; black circle, p < 0.05,
pairedt-test, correlations between dopamine and past/future song vectors are

Time relative to syllable onset (s)

Time relative to syllable onset (s)

significantly different). d,e, Plotted asin ¢, butacross multiple song-block sizes
for‘hinge’ (d) and ‘arrow’ (e) trajectories. f, Example syllable spectrograms
showing the emergence of an element present in the tutor songbutnotin early
renditions during development. Left, syllable renditions produced on asingle
day during development (day = 61) were divided into ‘Immature’ versions
(without the tutor element, purple box) and ‘Mature’ versions (with the tutor
element). Right, example spectrograms of the adult version (day =100) and
corresponding tutor syllable. g, Dopamine responses for the example syllable
showninaonasingle day during development (day = 61) for the ‘Mature’
(n=423,top) and ‘Immature’ (n =402, bottom) versions plotted above average
AF/F signals (all plots aligned to syllable onset; blue, ‘Mature’ renditions; red,
‘Immature’ renditions; P< 0.05, two-sided t-test, significant difference between
dopamine responses for lmmature’ and ‘Mature’ renditions). h,i, Asecond
examplesyllable plotted asinf,gusing day = 63 during development (P< 0.05,
two-sided t-test, significant difference between dopamine responses for
‘Immature’ (n =201) and ‘Mature’ (n =137) renditions).j,k, A third example
syllable plotted asin f,g using day = 61 during development (P < 0.05, two-sided
t-test, significant difference between dopamine responses for Immature’
(n=240) and ‘Mature’ (n =310) renditions).
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Extended DataFig.9 | Dopaminetracks performance historyinindividual
syllables. a, Magnified view of the regression coefficients over all development
for the current rendition (0) and the previous two renditions (-1, -2) for all
n=25syllables plotted asinFig.4d (error bars, mean +s.e.m;*P<0.001,
two-sided t-test; see Methods). b, Fraction of performance history coefficients
inlinear regression fit to dopamine in Fig. 4b that are less than O compared to
the shuffled distribution (see Methods). Coefficients are consistently negative

above chance (P<0.05, computed from shuffled distribution, see Methods).
c,d, Linear regression fit of performance to dopamine for early (c) and

late (d) development, plotted asinFig. 4d. e, Plotted asin Fig. 4c. Coefficients
ofalinear regression fit of the song history to the dopamine signal for
examplesyllablesfitacross development (blue trace, average over days;
errorbars, £s.e.m.).
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Extended DataFig.10 | Dopamine transientsrepresent prediction errors
better thanmismatch errors. a, Top, comparison of the PPE and ME models
with different numbers of performance history terms (see Methods). Each trace
isasingle syllable model comparison (blue dot, the minimum, negative Akaike
information criterion, AAIC, the PPE model’s best fit relative to the ME model).
The magnitude and sign of AAIC indicate the relative superiority of one model
overanother.25/25syllables were included in the ME/PPE comparison because
allsyllables had atleast one ME or PPE linear regressiononto dopamine witha
significant R?value (computed using the fitlm functionin MATLAB). 22/25
syllable traces have a negative minimum (blue dot excluded from the three
syllable traces which are always above O; that is, the ME model always
outperforms the PPEmodel). Blueline indicates the average best number of
history terms across syllables (including the three syllables in which no. history
terms=0). Bottom, summary plot of number of history termsin best selected
model fromthe top traces.3/25 models had no PPE models whichimproved fit
to dopamine over the ME model (shownwithopencircle).b, Top, asina, but
applying AMSE asasecondary model comparison metric (see Methods).Asina,
thesignand magnitude of AMSE indicates the relative superiority of the ME
versus PPE model. Negative valuesindicate that the PPE model outperformsthe
ME model. The AAIC and AMSE metrics found the average best number of
history terms across syllablestobe n=11and n=12, respectively. Bottom,
plotted similarly to afor AMSE.
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