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Abstract

Birdsong is a rare example of learned vocal communication. Like speech, song 

consists of acoustic units (syllables) that are learned from adults and organized into 

temporal sequences (syntax) during development. Tutors’ and pupils’ syllables and 

syntax are often the same, suggesting that both song features are learned. Syntax is 

highly species-specific and consistent across individuals and populations of the same 

species, unlike syllables. Here, we hypothesized that song syntax can be accurately 

predicted by computational models based on the relationship between syllable 

acoustics and order that is consistently observed in the songs of conspecific 

individuals. We tested this hypothesis using techniques inspired by natural language 

processing to generate and test a species rules model for each of two species of 

estrildid finches whose songs are composed of stereotyped syllable sequences that 

differ in syntax. We modeled species rules as the significant correlations between a 

syllable’s acoustic features and sequence position in a song, measured by analyzing 

song acoustics in many individuals of the same species. We used only a bird’s 

syllable types and its species rules to predict syllable sequence in the birds’ adult 

songs, without using tutors’ songs to train or test the model. We then quantified the 

accuracy of the species rules model in predicting a bird’s syllable sequence 

compared to the accuracy of the tutor’s song in predicting a bird’s syllable sequence. 

Results showed that species rules models predicted birds’ actual sequences as well 

as did tutors’ sequences, in both species and across different colonies. Results 

support the hypothesis that species-specific rules based on syllable acoustics and 

order can explain the species-specific syntax of birdsong. The modeling approach 

developed here has general utility for detecting, predicting and comparing sequential 

structure in complex audio signals.
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Main Text

Introduction

Vocal communication signals often consist of acoustic units organized into temporal 

sequences. In speech, words are temporally organized into sentences using syntactic 

rules that determine the information conveyed by the speaker. Fundamental tasks in 

speech analysis and natural language processing are the modeling of syntactic rules 

to understand word sequences, and the use of those models to predict or generate 

new word sequences1,2. In birdsong, syllables are temporally organized into songs 

using syntax (syllable sequencing or order) that is similar to tutors’ songs3-6 and 

other conspecific songs6-8. Because syllable acoustics and syntax are often shared 

between tutor and pupil songs4,6,9,10, both aspects of song structure appear to be 

learned. Song syntax is highly species-specific, however; syllable sequencing is 

different across species and consistent across individuals of a species11-14. This 

suggests that the species-specific syntax of birdsong may be accurately predicted by 

computational models that account for the statistical relationships between syllable 

acoustics and order found in the songs of conspecifics. 

Tutoring manipulation studies suggest that species-specific statistical biases for 

syllable sequencing contribute to song organization. For example, the songs of 

untutored birds, those reared without hearing song, are composed of highly 

abnormal syllables that are organized into species-typical sequences8,15-18. Untutored 

zebra finches sing stereotyped repeats of syllable sequences (motifs; e.g. 

ABCABCABC), as do normal, tutored zebra finches7,19-21. Song sparrows and swamp 

sparrows show reliable species differences in song structure, such as the number of 

song types, song duration, and syllable rate, whether birds are tutored or 

untutored22. Cross-species tutoring experiments show that birds learn other species’ 

syllables, but organize them into temporal sequences that are unlike those of their 
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tutors’ songs7,23,24. The songs of pupils tutored with artificial songs also support the 

hypothesis that species-specific biases contribute to song syntax25-28. For example, 

canaries tutored with artificial songs in which syllables are organized into glissandos 

rather than trills copy the artificial syllables and then produce them in trills, like 

normal canary song and unlike the artificial tutor song25. These findings suggest that 

song syntax may be predicted by models that capture species-specific statistical 

patterns in syllable order.

Within a species, correlations between syllable acoustics and sequence position have 

been demonstrated11,26,29,30. White-crowned sparrow song begins with a whistle8,12,29, 

zebra finch song ends with long-duration syllables19,26, and long-tailed finch song 

begins with short-duration, broadband syllables7,31,32. These species-specific syllable 

acoustic and syntax traits are consistent across conspecific populations of wild and 

captive birds11-14,26, suggesting that computational models based on correlations 

between syllable acoustics and order may accurately predict song syntax. Studying 

statistical structure in birdsong offers unique opportunities for solving natural 

language processing tasks because no general lexicons describing relational 

structure between vocal units exist for birdsong3. “Vocabularies” of syllables are 

often unique to individuals and families, requiring an abstraction of syllables into 

types in order to analyze sequences33. Thus, computational modeling of birdsong 

syntax requires a generalizable strategy using correlations between acoustic 

structure and sequence position found in vocal signals34. 

Here, we tested the hypothesis that computational models of species syntax “rules” 

accurately predict syllable order in adult pupils’ songs, without using tutors’ songs to 

train or test the models. By quantifying correlations between the acoustic features 

and sequential positions of syllables in the songs of normal (reared and tutored by 
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parents) birds, we generated a model of species rules for song syntax in each of two 

species, zebra finches (Z; Taeniopygia guttata castanotis) and long-tailed finches (L; 

Poephila acuticauda). The songs used were recorded from birds in three university 

colonies in different geographical regions and were not experimentally manipulated. 

Zebra finches and long-tailed finches have highly similar audiograms35, 

developmental trajectories20, song development stages24,31,36,37 and ranges of 

acoustic frequencies in song32,38. In contrast to these similarities, syllable acoustics 

and syntax differ between the two species24,31,32. Below, we describe the generation 

of syntax rules models for each species, using each species’ rules model to predict 

the syllable sequences of individuals’ songs, and testing the accuracy of predicted 

songs by comparing them to each bird’s actual song and tutor song.

Materials and Methods

Ethics statement

All animal handling and use procedures were conducted under the guidelines and 

approval of the Institutional Animal Care and Use Committee (IACUC) of Columbia 

University. The study reported here was conducted in compliance with 

recommendations in the ARRIVE guidelines.

Animals

We generated models of species rules and predictions of syllable sequences using 

adult songs of zebra finches (Z; Taeniopygia guttata castanotis) and long-tailed 

finches (L; Poephila acuticauda). Songs were recorded from 74 birds across 3 

colonies that were reared and tutored by conspecific adults.

Birds were bred and reared in single-family enclosures. Breeding birds reared their 

young and served as tutors. Tutor birds were all normally-reared (tutored by 
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conspecifics). All birds from which songs were recorded were ≥ 110 days old and < 4 

years old, producing adult song. Birds of the two species were bred from parents of 

the same species, and received typical tutoring. Juveniles had unrestricted social 

access to both parents and siblings. Birds in the Columbia University colony could 

hear the vocalizations of other birds of both species as juveniles and adults. Song 

was recorded from two generations of normal birds so that the songs of tutors (Z, n = 

13; L, n = 10) and pupils (Z, n = 13; L, n = 21) could be compared. We also obtained 

and analyzed the songs of 13 normally-reared Z birds (6 tutor-pupil pairs and one 

bird used for model training) reared and recorded at Tufts University, and 4 normally-

reared Z birds (2 tutor-pupil pairs) reared and recorded at the University of California, 

San Francisco. The songs of birds from Columbia University constituted the Colony 1 

dataset, and the songs of birds from Tufts University and UCSF constituted the 

Colonies 2 and 3 dataset. The family lineages of all tutor and pupil birds in the 

dataset are shown in Supplementary Fig. S1. All Z siblings were from different 

clutches (hatch dates > 5 months apart). Four pairs of L siblings were from the same 

clutch. For all analyses except those shown in Figure 4c, the Z song data were 

pooled across colonies, which resulted in a total sample of 22 tutors and 21 pupils.

Song recording and syllable extraction

To record singing behavior, we placed birds individually in sound-attenuating 

chambers equipped with microphones routed through an audio interface to a 

computer running Sound Analysis Pro39. Recorded song bouts (epochs of continuous 

singing) were digitized at 44100 Hz and stored as uncompressed wave files. Birds 

typically produced enough song for analysis over 2 to 4 days of recording. From each 

bird’s recorded song bouts, we randomly selected 25-30 seconds of song for analysis. 

Recordings were band-pass filtered (250-8000 Hz) and root-mean-square power 

matched (65 dB SPL).
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To delineate syllables in song bouts, we used the amplitude of the sound pressure 

waveform24. Syllables were units of continuous energy that were at least 50% above 

the noise floor. For complex syllables that contained some amplitude fluctuations, we 

considered a syllable to be a single unit if any drops below threshold were shorter 

than 5 ms. We excluded introductory notes, which occur only at the beginning of a 

song bout40,41. This procedure resulted in a total of 12,187 syllables included for 

analysis (average number of syllables per bird: Z: 124.40, range: 65-234; L: 154.42, 

range: 67-342).

 

Syllable type labeling

We measured 26 acoustic features of each syllable using the warbleR package42,43 

for R (v4.1.2). Features measured for each syllable included duration, mean dominant 

frequency, spectral entropy, etc. These features capture a broad range of 

spectrotemporal acoustics and have been used to discriminate syllables of different 

species38,44. We labeled syllables using letters, according to their order in a bird’s 

song (e.g. A, B, C, D) and confirmed each bird’s syllable types from principal 

component analysis (PCA) of each syllable’s acoustic features (Fig. 1c)7,38. The full 

list of features and PC loadings are provided in Supplementary Table S1 and 

Supplementary Table S2. After performing PCA, syllables with similar acoustic 

features formed clusters. Syllables within a cluster were assigned the same letter 

label. All syllables labeled as the same type were verified by plotting and cross-

correlation of syllable spectrograms7,24.

To compare syllables between tutors and pupils, we used a set of shared labels for 

each tutor-pupil pair. We first assigned syllable type labels for a tutor bird by using 

PCA to reduce the acoustic space of the tutor’s syllables alone. Then, we assigned 
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type labels to syllables within each cluster. After labeling each tutor syllable by type, 

we projected the pupil’s syllables onto the tutor’s PC coordinates45 and assigned type 

labels to pupil syllables based on proximity to tutor clusters (Fig. 1c). For example, if 

a pupil produced a syllable cluster near or overlapping the tutor’s type A cluster, 

those syllables were labeled A. In some cases, a pupil bird copied a syllable from his 

tutor but separated it into two distinct syllables. We annotated these syllables as 

modifications of a tutor’s type (e.g. A- and A+), and considered them novel types 

produced by the pupil4. Letters labeled the syllable types in the songs of tutor-pupil 

pairs rather than across all birds of a species. For example, syllables labeled with the 

letter A were unique to each tutor-pupil pair. The syllable labeling procedure 

identified 124 syllable types across all Z songs (average number of types per song: 

4.77; range: 2-7) and 67 syllable types across all L songs (average number of types 

per song: 4.71; range: 3-7).

To verify the accuracy of syllable type classification and pupils’ copying of tutors’ 

syllables, we quantified syllable similarity by cross-correlating syllable spectrograms 

within each bird and between pupils and tutors (Fig. 1d-e)24. For both self-

comparisons and tutor-pupil comparisons, we randomly selected 20 (where possible, 

but no fewer than 5) examples of each syllable type for analysis. We then computed 

syllable spectrograms (log-transformed) with 2 ms temporal resolution and 100 Hz 

spectral resolution, and rescaled the amplitude of spectrograms to range from 0 to 1. 

Then, we cross-correlated each pair of syllables: the shorter spectrogram was 

convolved with the longer in 2 ms time increments, and the peak of the correlation 

function was taken as the similarity measure. Cross-correlation coefficients above 

0.45 consistently identified syllables of the same type7. Visual inspection of every 

syllable classified as belonging to a type (e.g. A) was used to confirm the accuracy of 

type classification7,26,30,46-49.
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Quantification of differences in syllable acoustics across sequence positions

Song syntax transition diagrams were calculated and plotted as in7 (Fig. 1b). 

Transition diagrams show the direction and probability of transitions between syllable 

types and from/to the start/end of a song bout. For each bird, the numbers of 

transitions between pairs of syllables were counted across all song bouts and 

converted to probabilities30,48,50,51.

All measures of syllable sequences used to make and evaluate predictions were 

conducted in and across song motifs. A motif was defined as a stereotyped sequence 

of syllables that was repeated in and across a bird’s song bouts. Each adult male Z 

bird and L bird has one song motif, which is sung once or repeated multiple times to 

form a song bout14,32,52. To quantify differences in syllable acoustics depending on 

syllable position, we first binned syllable positions. For this, we chose the number of 

position bins (5 bins for Z, 10 bins for L) to approximate the average number of 

syllables per motif in each species (Z: 4.77 ± 1.54; L: 13.66 ± 6.49 mean syllables 

per motif ± SD). We then quantified the acoustics of syllables at each sequence 

position. We averaged the values of each of the 26 acoustic features for the first 

syllable in a motif, across all conspecific songs, then the second syllable and each of 

the following syllables in a bird’s motif. We did this for each bird’s song and averaged 

the acoustic feature values for each position across all birds of a species (Fig. 2a). 

Statistical significance of differences by position for each feature was tested using 

Bonferroni-corrected one-way ANOVAs (see Statistical Analysis).

Generation of species rules

We defined “species rules” as a model that relates the specific sequence positions of 

syllables to the acoustic features of those syllables. Species rules models were 
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calculated from Z and L tutor songs. First, we calculated a species rules matrix that 

was organized along the rows with only the acoustic features that significantly 

differed by position across the songs of each species. The matrix columns were 

organized as positions in the sequence, with the leftmost column being the first 

position, and the rightmost column being the last position. To calculate matrix 

values, we first min-max scaled each feature across all syllables within a motif for 

each tutor bird (min: -1, max: 1; Fig. 2b). We then computed the relative position (0-

1; first-to-last) of each syllable within each motif. Then, we divided relative positions 

into equally-spaced bins (5 bins for Z, 10 bins for L), and averaged the scaled syllable 

feature values across all birds for each position bin. Finally, we smoothed the feature 

values across positions (along the matrix columns) using an interpolation kernel. The 

resulting species rules matrix was an M syllable feature × P sequence position matrix 

(Fig. 2c and Fig. 3a, middle). For each pupil sequence prediction, the data from the 

tutor and any related bird (relatedness > 0.125; first cousin) was excluded from the 

species’ dataset.

Generation of predicted and random sequences

We used species rules matrices to predict the order of syllables in pupils’ motifs by 

calculating the alignment of each syllable with each sequence position. To do so, we 

first organized each pupil’s syllables into an N syllables × M syllable feature matrix, 

whose values were min-max scaled within each feature (Fig. 3a, left). Then, we 

computed the product of the pupil’s syllable feature matrix (N × M) and the species 

rules matrix (M × P). The resulting product was an N syllables × P positions matrix, in 

which the values were the alignments of each syllable with each sequence position 

(Fig. 3a, right). Positive values in the alignment matrix resulted from feature-position 

correlations, whereas negative values were anti-correlations. We then obtained 

position alignment curves for each syllable type by averaging alignment values for 
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each position (Fig. 3b). Our models of species rules related the sequential position of 

any syllable to a linear combination of that syllable’s acoustic features.

From the position alignments curves, we generated sequence predictions using a 

priority-based positioning algorithm. First, for each motif produced by the pupil, we 

counted the number of syllable positions to be filled for the prediction (e.g. 5 total 

positions). Then, we found the syllable type (e.g. type A) with the highest alignment 

with any position (e.g. position 1) and assigned that syllable type to that position. 

After filling that position, we proceeded with the next-highest alignment syllable type 

for any open position (e.g. type B in position 2), and continued until all positions were 

filled. The only constraint we imposed on the prediction algorithm was that the motif 

had to include each syllable type. We used the same procedure to generate a 

random arrangement of pupils’ syllables by randomizing the position alignment 

curves. This procedure resulted in motif sequences predicted from species rules (e.g. 

ABEDC) and random sequences (e.g. DAECB) that we then compared to the pupil’s 

actual motif sequence (e.g. ABCDE).

Sequence match quantification

The match between two syllable sequences was quantified using the Levenshtein 

distance (LD) metric (Fig. 3c), which is widely used to quantify similarity between 

two strings34,53,54 and has been previously used to compare syllable sequence 

similarity in birdsong55,56. The LD is a cost to convert a source sequence (e.g. pupil’s 

predicted motif) into a target sequence (pupil’s actual motif)54, using the minimum 

number of operations. Operations include syllable insertions, deletions, and swaps 

(exchanging one syllable for another). We weighted swap operations using the 

acoustic similarity between the actual and misplaced syllables53,57. A swap cost 

between similar syllable types was <1, whereas a swap cost between maximally 
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dissimilar types was 1. We then added all costs and divided by the total number of 

sequence positions to obtain a total cost between 0 (no errors; identical sequences) 

and 1 (all errors; completely dissimilar sequences)58. Sequence match was calculated 

as 1 - total cost, which ranged between 1 (perfect match) and 0 (complete 

mismatch).

Sequence match was used to assess similarity of predicted pupil sequences to actual 

pupil sequences (Fig. 3c, Fig. 4). The same metric was used to assess the match 

between pupil sequences and tutor sequences, and between pupil sequences and 

random arrangements of pupil syllables, which served as an expected lower bound 

for model performance59. We also used sequence match to quantify sequence 

similarity across renditions of motifs within individual birds (Fig. 4c). Within-bird 

sequence similarity was computed by comparing actual sequences (e.g. motif 1) to 

other actual sequences (e.g. motif 2) sung by the same bird.

We also computed, for each syllable type in a bird’s song, the repeat probability as 

the number of times the syllable type was repeated out of the total number of 

transitions for that syllable type. We then averaged, for each bird, all repeat 

probabilities for all syllable types in the bird’s song.

Statistical Analysis

We used α = 0.05 as a significance threshold for all statistical tests. We tested for 

syllable acoustic similarity differences using one-way ANOVAs with type comparison 

(same vs. copied vs. different) as factors. We tested for sequence match differences 

using nested one-way ANOVAs with sequence type (e.g. predicted vs. tutor vs. 

random) as factors, and bird nested within sequence type. We tested for significant 

differences in syllable acoustics by sequence position using one-way ANOVAs with 
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sequence position as a factor. Because of the large number of syllable acoustic 

features measured (26 for each species), we used a Bonferroni correction to adjust 

the significance criterion for each test (corrected α = 0.0019). We performed post-

hoc multiple comparisons using the Tukey-Kramer method. We used paired t-tests to 

test for differences in syllable repeat probability between actual and predicted 

sequences.

Results

Syllable acoustics and sequences are similar in pupil and tutor song 

We recorded, analyzed and compared the adult song syllables and syntax of tutors 

and their pupils in 43 zebra finches (Z; Taeniopygia guttata; 22 tutors, 21 pupils) 

from 3 colonies (26 from Columbia, 13 from Tufts, and 4 from UC San Francisco) and 

31 long-tailed finches (L; Poephila acuticauda; 10 tutors, 21 pupils) from our colony at 

Columbia. Figure 1a shows representative spectrograms of a tutor song and a pupil 

song for each species (Z, top; L, bottom). As reported by others14,26,60-63, Z songs 

were composed of broadband syllables with prominent harmonics organized into 

sequences of each syllable type to form motifs, which are repeated multiple times in 

a singing bout (e.g. ABCDABCDABCD). Also as previously reported24,31,32, L songs 

began with short duration, broadband syllables, which were followed by more tonal 

mid-duration syllables and then long, frequency-modulated syllables, with sequences 

including repeats of the same syllable (e.g. AAABBBBBBCCCD). Figure 1b shows 

syllable transition diagrams for the songs shown in Fig. 1a. The Z transition 

diagrams show the same syllable sequences in tutor and pupil song. The L transition 

diagrams show the same syllable order but different repeats of the same syllable 

type; the tutor repeats syllable C and the pupil repeats syllable D. 
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To group syllables by type (e.g. A, B and C), we conducted PCA of 26 acoustic 

features measured from each syllable42,43, described in detail in7,38 (Fig. 1c). The full 

list of acoustic features and PC loadings are shown in Supplementary Table S1 and 

Supplementary Table S2. Figure 1c shows the projected syllable type clusters for 

the songs in Fig. 1a and b. Syllables of different types formed separate clusters 

while the same types shared by tutors and pupils formed overlapping clusters. 

Syllable type ellipses showed no overlap for 79.4% of types, indicating clear 

separability of syllable types based on acoustic features. Tutor and pupil versions of 

the same syllable type overlapped completely or partially in 83.7% of syllable types, 

indicating highly similar acoustic features. Spectrogram cross-correlation confirmed 

the classification of syllables into types using PCA (Fig. 1d-e)7,24,64-67. Figure 1d 

shows spectrogram cross-correlation heatmaps for the songs shown in Fig. 1a, with 

warm colors showing greater similarity. Figure 1e boxplots show the spectrogram 

cross-correlation similarity scores for pupil syllables of the same type (same), pupil 

and tutor syllables of the same type (copy), and pupil syllables of different types, 

across all birds. The acoustic similarity of the same syllable type within an 

individual’s song (same), between tutor and pupil songs (copy), and different syllable 

types (different) differed across Z birds (one-way ANOVA; F2,75 = 297.57; p = 2×10-

36) and L birds (F2,60 = 398.35; p = 2×10-35). The acoustic similarity of same-type 

syllables was highest within a bird (Z: 0.79 ± 0.07; L: 0.75 ± 0.07; mean ± SD) and 

high between pupils and tutors (Z: 0.63 ± 0.07; L: 0.62 ± 0.08; mean ± SD), but 

significantly lower than within a bird’s song in both species (Z same vs. copy: p = 

3×10-11; L: p = 1×10-6). The acoustic similarity of different syllable types was low (Z: 

0.33 ± 0.07; L: 0.18 ± 0.05; mean ± SD), and significantly different from that of the 

same syllable type within a bird (Z: p = 5×10-29; L: p = 9×10-29) and the same 

syllable type shared by tutors and pupils (Z: p = 1×10-20; L: p = 9×10-24). The results 
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of acoustic analyses showed that all pupils reliably produced syllables of distinct 

types and accurately copied syllables from tutors (Fig. 1e).

Syllable acoustics differ with position in a song motif 

We derived species rules for song syntax by correlating syllable acoustics and 

sequence position. Figure 2a shows the values of three out of twenty-six acoustic 

features (duration, spectral entropy, and mean dominant frequency) across syllables 

in each sequence position, in Z motifs (left) and L motifs (right). Each of the three 

features showed a significant difference across sequence positions using Bonferroni-

corrected one-way ANOVAs (corrected α = 0.0019), in Z motifs (duration: F4,188 = 

12.97; p = 2×10-9; spectral entropy: F4,188 = 5.34; p = 4×10-4; mean dominant 

frequency: F4,188 = 5.59; p = 3×10-4) and L motifs (duration: F9,295 = 27.73; p = 

1×10-34; spectral entropy: F9,295 = 3.63; p = 3×10-4; mean dominant frequency: F9,295 

= 19.90; p = 5×10-26). We used Tukey-Kramer pairwise comparisons to assess 

feature differences between specific sequence positions. Across Z motif positions, 

duration differed between positions 1 and 2-5 (all p < 5×10-4), spectral entropy 

differed between positions 1 and 2 (p = 0.033) and between positions 2 and 4-5 

(both p < 0.012), and mean dominant frequency differed between positions 1 and 2 

(p = 0.035), between positions 1 and 5 (p = 5×10-5), and between positions 4 and 5 

(p = 0.037). Across L motif positions, duration differed between positions 1-3 and 8-

10 (all p < 0.023), spectral entropy differed between positions 1-3 and 8 (all p < 

0.039) and between 8 and 10 (p = 0.049), and mean dominant frequency differed 

between positions 1-4 and 7-10 (all p < 0.0039). Of the total 26 features measured, 

16 showed at least one significant difference across positions in Z song (61.5%), and 

21 showed at least one significant difference across positions in L song (80.8%; 

Bonferroni-corrected one-way ANOVAs; detailed results are shown in 

Supplementary Table S3 and Supplementary Table S4). Results indicated that 
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in both species’ songs, the measured syllable acoustics differed significantly over the 

course of syllable sequences.

Using the species-specific relationships between syllable acoustics and position in the 

sequence, we constructed a “species rules” model of song syntax for each species. 

Figure 2b shows a spectrogram of a Z bird’s motif with five syllables in positions one 

through five and values of three min-max re-scaled acoustic features (duration, 

spectral entropy and mean dominant frequency) at each position. To create a syllable 

feature-position vector for every acoustic feature, we averaged the re-scaled values 

of each feature at each motif position across all motifs within bird, and then across all 

conspecific birds. We then organized the feature-position vectors into a matrix to get 

the “species rules.” This analysis yielded position-weight matrices like those used to 

predict genetic sequences or word order in speech68,69. Figure 2c shows the species 

rules matrices for Z song (left) and L song (right). Consistent with previous reports, 

the Z species rules predicted long-duration syllables at motif ends, high-entropy 

syllables at the beginning positions, and high-frequency syllables in middle positions 

and end positions19,26. The L species rules predicted a similar trajectory of syllable 

features, but with gradual changes from short to long duration, high to low entropy, 

and low to high frequency across a sequence, as reported previously7,24,31,32. The 

procedure used to generate species rules models was identical for both species, 

requiring only the measurement of syllable features and the positions of syllables in 

sequences.

Prediction of syllable sequences from species rules and quantification of 

sequence match

To test the hypothesis that song syntax can be predicted by models of species-

specific relationships between syllable acoustics and order, we used the species rules 
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model for each species to predict the syllable sequences of unrelated birds’ songs. 

Using the species rules, we calculated sequence position alignments for each syllable 

type in a pupil’s song and used those alignments to predict the syllable sequence in 

that bird’s song (Fig. 3). Figure 3a illustrates the result of multiplying a matrix of 

one sequence of one pupil’s syllables (left) and their features with the species rules 

matrix (middle). The product is a syllable-by-position matrix (right) that quantifies the 

alignment between the acoustic feature vectors for each syllable and each position. 

We calculated a matrix of position alignments for each recorded syllable, for each 

bird. The mean ± SD for the number of times each syllable type was represented in 

syllable position alignment matrices was 30.2 ± 11.3 for Z birds and 32.4 ± 16.5 for L 

birds.

For each syllable type for each bird, we then generated an alignment curve that 

quantified the alignment of that syllable type in a bird’s song with each possible 

sequence position, according to the species rules (Fig. 3b). Syllable sequence 

predictions resulted from alignment curves by the assignment of syllables to their 

highest open positions (red markers in Fig. 3b) in order starting with the syllable 

with the highest alignment with any position. In the example in Fig. 3, there are 5 

positions in the sequence. Syllables A, B, and D were each assigned their highest-

alignment positions (1, 2 and 4). Because syllable E’s highest position was already 

taken (position 1), it was assigned its highest open position, 3. The same rule 

resulted in the placement of syllable C in position 5. We used this procedure for all 

syllable position assignments for each sequence from each bird until all positions 

were filled, resulting in a predicted syllable sequence (ABEDC; Fig. 3c).

We tested the accuracy of using species rules to predict syllable sequences by 

comparing the syllable sequences of predicted and actual motifs. For this, we used 
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the Levenshtein distance metric53-56,58, in which each syllable that did not match 

between predicted and actual sequences resulted in a cost (Fig. 3c). In the example 

shown in Fig. 3c, the bird sings ABCDE while species rules predicted the sequence 

ABEDC. Syllables A, B and D were correctly predicted. Syllables C and E were 

incorrectly swapped in the prediction, resulting in a total weighted cost of 1.22 (0.61 

+ 0.61). The sequence match between the actual and predicted sequences was 

therefore calculated to be 0.76. For each prediction of a pupil’s syllable sequence, we 

excluded the tutor’s song and the songs of related birds (relatedness > 0.125) from 

the species rules model.

Species rules accurately predict song syntax 

The accuracy of syllable sequences predicted by species rules and by tutor song did 

not differ (Fig 4). Figure 4a shows spectrograms of actual motifs recorded from two 

Z pupils (top) and two L pupils (bottom). Below the actual motifs are motifs 

generated using species rules, tutors’ motifs, and motifs constructed by randomly 

assigning pupils’ syllables to sequence positions. Additional examples are shown in 

Supplementary Fig. S2.

Comparisons of sequence matches to pupils’ actual motifs across birds showed that 

species rules were as accurate at predicting normal Z and L pupil sequences as were 

actual tutor sequences. Figure 4b shows quantification of sequence matches of 

species rules predictions, tutor motifs and random pupil syllable sequences, across 

all Z pupils (nested ANOVA F2,20 = 19.55; p = 1×10-6) and L pupils (F2,20 = 12.41; p = 

6×10-5). Matches of Z species rules predictions and Z tutor motifs to pupil motifs 

were significantly better than matches of Z random sequences (species vs. random: 

p = 1×10-5; tutor vs. random: p = 7×10-6). Matches of Z species rules predictions 

and Z tutor motifs to pupil motifs did not differ (p = 0.98). Matches of L species rules 
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predictions and L tutor motifs to pupil motifs were significantly better than those of L 

random sequences (species vs. random: p = 3×10-4; tutor vs. random: p = 3×10-4). 

Matches of L species rules predictions and L tutor motifs to pupil motifs did not differ 

(p = 0.99). 

The species rules model trained on the songs of birds from one colony accurately 

predicted the songs of birds from two other colonies, in different regions of the 

country. Figure 4c shows quantification of sequence matches of species rules 

predictions based only on Colony 1 data, tutor motifs and random pupil syllable 

sequences, for Z pupils from Colonies 2 and 3 (nested ANOVA F2,7 = 11.05; p = 

0.0013). Matches of Colony 1 species rules predictions and Colonies 2 and 3 tutor 

motifs to Colonies 2 and 3 pupil motifs were significantly better than matches of 

pupil’s random sequences (Colony 1 vs. random: p = 0.015; tutor vs. random: p = 

0.0012). Matches of Colony 1 species rules predictions and Colonies 2 and 3 tutor 

motifs to pupil motifs did not differ (p = 0.41). Results demonstrate that the model 

captured the syntax rules of the species and not colony-specific dialects70.

Because sequence matches were worse overall for L songs compared to Z songs, we 

considered the possibility that greater motif-to-motif variability in L songs may have 

lowered prediction accuracy for that species. We tested this hypothesis by 

quantifying within-bird motif-to-motif similarity for tutors and pupils using the same 

sequence match measure (Fig. 4d). Within-individual motif similarity differed 

between Z and L song (ANOVA F3,71 = 27.76; p = 5×10-12). In both tutors and pupils, 

Z song motifs were more consistent within an individual than were L song motifs (all 

p < 1×10-4). Motifs were equally consistent between tutors and pupils, in either 

species (p > 0.51). Results showed that L songs had greater motif-to-motif variability 

than Z songs.
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Actual motifs and those predicted by species rules rarely included repeats of the 

same syllable type in Z song, but often included repeats of the same syllable type in 

L song. Because syllable repeat probability was not used in calculating species rules, 

we hypothesized that syllable repetition was a sequence feature that emerged from 

syntax species rules. To test this, we compared syllable repeat probabilities in actual 

syllable sequences and those predicted by species rules (Fig. 4e). In Z song, syllable 

repeat probabilities were low in actual (mean: 0.0025) and predicted (mean: 

0.00023) sequences, and did not differ (paired t-test: t20 = 1.00; p = 0.33). In L song, 

syllable repeat probabilities were higher in actual (mean: 0.65) than in predicted 

(mean: 0.56) sequences (t20 = 4.78; p = 1×10-4). Therefore, the species rules model 

predicted syllable repeats in L song, but with a lower probability than in actual songs 

(Fig. 4e). The large species differences and within-species accuracy of species rules 

predictions suggest that repeating the same syllable type is a trait that emerges from 

species rules of song syntax.

Discussion

By relating song syllable acoustics to sequential position across many individuals, we 

generated a computational model of “species rules” that predicts a bird’s song 

syntax, without using the tutor’s song to train or test the model. Syllable sequences 

predicted by species rules models matched pupils’ actual sequences as well as did 

tutors’ sequences, across birds of two species with different song syntax, and across 

birds of the same species from different colonies. Our findings show that a model of 

syntax rules based on a species’ unique correlations between syllable acoustics and 

sequence position can accurately predict an individual’s song.
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Birdsong presents unique challenges and opportunities for the computational study 

of sequencing processes, including natural language processing tasks. Language 

processing tasks are aided by knowledge of lexicons that describe the shared 

vocabulary of same-language users and the statistical relations between words, such 

as the probability of one word following another1,2. One challenge presented by 

birdsong is that syllables are learned by pupils from tutors and therefore syllable 

types are often unique to families71,72. Our solution to this issue was to use a wide 

array of measured acoustic features for each syllable for training the species rules 

models, instead of using symbolic representations (e.g. ABCD)33,38. Symbolic 

representations of syllables were used only when generating and testing the 

accuracy of predicted sequences. A second, related challenge is that statistical 

relations between syllable types (e.g. the probability of B following A) are individual-

specific because syllables A and B may be different across individuals3,4,10,73. Our 

species rules models overcame this challenge by capturing correlations between 

syllable acoustics and sequence positions across the songs of many individuals.

Because our computational strategy relied only on the identification of vocal units 

and sequence positions, the approach reported here has general utility for the 

detection and analysis of sequential structure in complex audio signals, including 

speech or other animal vocalizations34,53,55,56. Understanding sequential structure in 

vocalizations is of interest to behavioral neuroscientists, ecologists and evolutionary 

biologists, machine learning researchers and quantitative linguists34. For example, 

comparisons of the vocalizations of juvenile or experimentally manipulated songbirds 

to species-typical vocalizations have been used for decades to understand 

mechanisms of auditory-vocal plasticity56,74. Studies of changes in individual 

humpback whales’ song sequences have revealed rapid, population-level changes in 

social exchanges akin to cultural “revolutions”75. The advancement of large-language 
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models that predict word sequences are transforming how we handle social 

information as humans, in large part because they convincingly emulate our 

language rules2. One benefit of a “species rules”-like model developed here is that it 

provides an “expected value” for which to compare observed sequences59,76. As 

shown here, by quantifying the match to an expected sequence (species rules), 

researchers can quantify the extent to which an observed sequence is similar to or 

deviates from a hypothesized sequence. Additionally, we used the same procedure to 

quantify the variability of sequences produced by individuals, finding that differences 

in species rules prediction accuracy correlated with species-level (Z versus L) within-

individual variability. Such metrics could be used to quantify and compare complexity 

in vocal sequences measured from animals of any species34, provided that vocal 

acoustics can be measured and sequence positions distinguished.

The use of species “rules” or “universals” is supported by the finding of species-

typical syntax in the songs of pupils even when tutor syntax information is missing or 

abnormal. Zebra finches tutored with random arrangements of syllables ABCDE 

produced adult songs with the same syllables arranged non-randomly in sequences 

that followed rules similar to those that we found; long-duration syllables were 

statistically more likely to be produced at the end of motifs, for example26. Canaries 

tutored with glissandos of syllables eventually arranged a subset of those syllables 

into phrases of trills, the syntax typical of their species but that which they had never 

heard25. The phrased songs of white-crowned sparrows always start with a whistle, 

whether birds are tutored, untutored, or tutored with phrases containing no 

whistles28,77. The species-specific whistle is such a strong acoustic-syntactic cue that 

two of eight birds studied by Soha and Marler 29 incorporated squirrel calls into their 

songs when tutored by those calls attached to whistles. Our study adds to this work 
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by developing, testing and validating a generalizable computational model of syntax 

using statistical relationships between syllable acoustics and sequence position. 

Our approach to modeling song syntax differs from previous studies, such as those 

that have modeled the complex song syntax of Bengalese finches73,78. Bengalese 

finch song consists of frequent repeats of the same syllable type and probabilistic 

transitions from one syllable type to another50,51,79. Despite their complex syntax, the 

use of Markov models with hidden states has shown that Bengalese finch song can 

be described with comparatively simple, first- or second-order transition models, 

such that the next element in a sequence can be predicted by one or two elements in 

the past73,78. Similar to us, the authors trained computational models of song syntax 

using relationships between syllable acoustics and order. In contrast to us, their 

models of song syntax were specific to the syllable transition patterns found in the 

songs of each individual, though common sequence structures were found across 

individuals73. Our work complements these studies in that we first modeled the 

species-specific song syntax found across the songs of many conspecifics, and then 

used those models to predict the specific syllable sequences of unrelated individuals.

Short- and long-range dependencies may be one set of mechanisms by which species 

rules are used by neural processes for syllable sequence production. Short-range 

dependencies may result from moment-to-moment auditory feedback while the bird 

is singing. For example, hearing a low-frequency syllable A may trigger the 

production of a high-frequency syllable B. Evidence for this type of process comes 

from the rapid degradation of song syntax following the loss of auditory feedback by 

deafening in Bengalese finches74. Sensitivity to temporal order emerges in the 

songbird auditory cortex80 and neurons in the higher-order auditory cortex 

(caudomedial nidopallium; NCM) are sensitive to syllable order and temporal 
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organization on the order of milliseconds81. However, it has been shown in zebra 

finches, white-crowned sparrows and canaries that auditory input to the premotor 

nucleus HVC, where song sequence is encoded82, is inhibited while a bird is singing83. 

Long-range dependencies in song syntax have been shown in other species that sing 

long, phrased songs. In song sparrows that sing multiple song types, the observed 

cycling of song types is consistent with a dependency on song types that were sung 

up to 30 minutes prior84. In canaries, HVC neurons encode information about which 

phrases occurred up to four seconds and up to forty syllables in the past85. Short- or 

long-range sensorimotor dependencies may be a general mechanism by which 

animals actively guide behaviors through sequences59,86. 

Neural processes that set “macrostructural” parameters of behavior may also 

influence how species rules contribute to vocal sequences. For example, species-

specific limits on the length of song bouts84 or motifs7 could interact with syntax-

generating mechanisms. Neurons of the songbird anterior forebrain pathway (AFP) 

are involved in song learning87-89 and song initiation and termination90. Lesions and 

gene knockdowns in an AFP region in adult zebra and Bengalese finches do not affect 

syllable structure but disrupt syntax by altering song initiation and termination, and 

dramatically increase syllable repetition90-92. One possibility is that the AFP sets a 

parameter like “the number of syllables in a sequence”. Our modeling and prediction 

procedure had two constraints: 1) each syllable in a bird’s song must be used once, 

and 2) the number of positions in each sequence was known. In our data, Z birds 

often had the same number of syllable types as sequence positions, so syllables did 

not repeat. By contrast, L birds had fewer syllable types than sequence positions, 

forcing syllable types to appear more than once. Our models predicted that L 

syllables would be repeated (AAABBBCCC) and not arranged randomly or cyclically 

(ABCABCABC). Species-specific macrostructural rules, in addition to those that 
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govern syllable-to-syllable transitions, are supported by experiments in which cross-

species tutored birds’ songs were composed of heterospecific syllables with the motif 

structure of conspecifics7,23,93.

Our finding that computational models of older birds’ song sequences accurately 

predicted song syntax in younger birds of two species suggests that neural systems 

subserving song production and perception are adapted to the species-specific 

organization of conspecific song8. Across animal taxa, communication signals evolve 

under the constraints and biases of species-specific sensory and motor capacities94, 

including the temporal and sequential patterning of acoustic elements in 

vocalizations31,34,95,96. In many species studied, including frogs, bats, and songbirds, 

temporal tuning of auditory neurons matches the temporal properties of behaviorally 

relevant sounds80,97-99. In songbirds, manipulations of neural structures suggest that 

syllables and syllable order are separately processed91,92,100-104. Neural systems for 

complex sequenced behaviors may adaptively balance flexibly-learned elements with 

species-specific sequencing rules.

Data Availability Statement

The analysis code and datasets used here are available from the corresponding 

author on request.
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Figures 

Figure 1. Pupil songs resemble tutor songs in syllable acoustics and sequence. (a) 

Spectrograms of the songs of a zebra finch tutor (orange; top) and pupil (orange; 

bottom), and the songs of a long-tailed finch tutor (gray; top) and pupil (gray; 

bottom). Syllables are labeled by letter and motifs are indicated by black bars above 

spectrograms. (b) Transition diagrams for the songs in (a). Syllable types are labeled 

by letter, transitions between two types are indicated by arrows, with the thickness 

of the arrow representing the probability of a transition. Syllable repeats are 

represented by an arrow looping back to the same type. The start/end of a song bout 
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is represented by a black circle. (c) Projections of tutors’ (light ellipses) and pupils’ 

(dark ellipses) syllables onto the first two principal components (PC1 & PC2) derived 

from 26 measured syllable features. Radii of ellipses extend ±1 SD from each syllable 

cluster’s center. Syllable types are the same as shown in (a) and are indicated by 

letter and color. (d) Syllable similarity matrices showing spectrogram cross-

correlation values (r) for pairs of each pupil’s syllables (rows) and tutor’s syllables 

(columns). Syllables are grouped and labeled by type. (e) Boxplots showing 

distributions of average similarity values for all pupil syllables labeled as the same 

type (same), all pupil syllables copied from tutors (copy), and all pupil syllables 

labeled as different types (different), across all birds of each species (Z n = 22; L n = 

21). Dashed lines show the similarity cut-off value of 0.45. Center lines show 

medians, and boxes extend to the upper and lower quartiles. Whiskers extend to 

±1.5×IQR. (***: p < 0.001)
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Figure 2. Generation of species rules based on the correlation between syllable 

acoustics and sequence position. (a) Box plots show acoustic differences by position 

for 3 of the 26 syllable features: duration, spectral entropy, and mean dominant 

frequency, in Z song over 5 positions (orange; left; n = 43) and L song over 10 

positions (gray; right; n = 31). Lines track feature means across positions. Center 

lines show medians, and boxes extend to the upper and lower quartiles. Whiskers 

extend to ±1.5×IQR. (*: p < 0.05; n.s.: not significant; significance refers to Tukey-
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Kramer pairwise comparisons between positions) (b) Spectrogram of a Z pupil’s 

motif, with min-max normalized values of syllable duration, spectral entropy, and 

mean dominant frequency below. (c) Species rules matrices derived from all tutor 

zebra finches (left) and long-tailed finches (right) songs. Only syllable features that 

significantly differed by position were included in each matrix. The names of features 

shown in examples (duration, spectral entropy, mean dominant frequency) are 

highlighted in bold. (Q25: 25th quartile; Q75: 75th quartile; IQR: inter-quartile range; 

DF: dominant frequency)
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Figure 3. Pupil syllable sequences are predicted by species rules. (a) The features of 

a pupil’s syllables (left matrix) multiplied by the species rules (middle matrix) yields 

the position alignment of each syllable in a pupil’s motif (right matrix). Red outlines 

indicate the row × column multiplication that yields position alignment value for one 

rendition of syllable A. (b) Syllable position alignment for each syllable type shown in 

(a), averaged across all renditions of each syllable type (e.g. all renditions of syllable 

A). Syllables were assigned to open positions in order from highest to lowest 

alignment. (c) Spectrogram of a pupil’s predicted motif showing the sequence of 

syllables predicted by species rules (left, top). Spectrogram of the pupil’s actual motif 
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(left, bottom). The positions of syllables C and E do not match between the predicted 

and actual motifs. Next to the spectrograms are letter representations of the 

predicted and actual syllable sequences, the cost for each operation and the 

calculated sequence match.
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Figure 4. Species rules predict the order of syllables in pupils’ motifs. (a) 

Spectrograms of two exemplar Z pupils’ motifs (top) and L pupils’ motifs (bottom), 

with spectrograms of pupils’ predicted motifs based on species rules, tutors’ motifs, 

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



and motifs with pupil syllables in random order below. Actual motifs are surrounded 

by black boxes, and sequence match scores are to the right of each spectrogram. (b) 

Sequence matches between pupils’ actual syllable sequences and sequences 

predicted using species rules, tutors’ syllable sequences, and random arrangements 

of pupils’ syllables for zebra finches (Z; left; n = 21) and long-tailed finches (L; right; 

n = 21). (c) Sequence matches between Colonies 2 and 3 pupils’ actual syllable 

sequences and sequences predicted using species rules, tutors’ syllable sequences, 

and random arrangements of pupils’ syllables (Colonies 2 and 3 pupils; n = 8). Here, 

the species rules model was generated using only data from birds of Colony 1 (n = 

13). (d) Within-bird motif-to-motif sequence similarity for Z and L pupils (Z n = 21; L 

n = 21) and tutors (Z n = 22; L n = 10), using the same sequence match metric as in 

(b-c). (e) Syllable repeat probabilities in actual and predicted pupil sequences (Z n = 

21; L n = 21). Center lines show medians, and boxes extend to the upper and lower 

quartiles. Whiskers extend to ±1.5×IQR. Points show outliers. (***: p < 0.001; **: p < 

0.01; *: p < 0.05; n.s.: not significant)
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