
Supplementary Note 1. 

 A Network Mechanism Generating Correlated Irregular 

Activity 

Asynchronous strong temporal irregularity and spatial heterogeneity in spiking activity  of single 

neurons emerge naturally from the dynamics of recurrently connected neural circuits, in which 

strong excitation is balanced by strong inhibition  (Fig.1b. Supplementary Figure 1a-b; 1-3). In 

this regime, neurons exhibit irregular firing as well as large trial-to-trial variability even in the 

absence of any source of noise external to the network. The essence of this temporal irregularity 

arises from the fact that each neuron receives a large number of 'strong' (1-3) excitatory and 

inhibitory presynaptic inputs that cancel each other to the leading order, but the set of inputs is 

different for each neuron. The latter heterogeneity in the network connectivity results in temporal 

irregularity of the neuronal activity.  

The temporal time scale on which fluctuations in the inputs or outputs of the neurons decorrelate 

depends on the synaptic dynamics. The theory predicts that for fast synapses this decorrelation 

happens rapidly (Supplementary Figure 7; (1-2)). By contrast, if synaptic interactions are slow 

(compared to the neuronal integration time) the neuronal activity exhibits slow chaotic rate 

fluctuations (4-5) (Supplementary Figure 7). In both cases, the distribution of the temporal 

average firing rates of the neurons is well approximated by a log-normal distribution (6) 

(Supplementary Figure 1c). The theory- derived in a completely random networks- also predicts 

that the averaged pair-wise spatial correlations of the neuronal activity are very weak, on the 



order of
ଵ

ே
 where N is the number of neurons (3,7-8) (Supplementary Figure 1d-e). Moreover, in 

this regime single neuron activity is highly sensitive to temporal fluctuations, as well as to 

heterogeneities in the recurrent or feedforward connectivity or in small variations in external 

inputs. These features endow the network with remarkable computational capabilities; e.g., the 

emergence of selective neuronal responses to stimuli (9). These conclusions, combined with 

experimental results(3,10-15), support the idea that the balanced regime is a fundamental mode 

of operation of local cortical networks.  

Our paper addresses a fundamental question; namely to what extent the intrinsic temporal 

variability in recurrent networks can be exploited to drive motor variability. In a more general 

mechanistic perspective, we investigate how single neuron variability can result in uncertainty in 

behavior (e.g. in making a decision (16)). The fact that in the balanced regime neurons are only 

weakly correlated should apparently prevent the transfer of internally generated variability at the 

neuronal level to any downstream system which sums the activity of many fluctuating neurons. 

In this work we demonstrate that this is not the case. Specifically, we show that spatial 

correlations can emerge if the circuit generating and transferring the variability to the effectors 

has a topographic organization. As a result, the circuit can eventually produce robust exploratory 

behavior. In fact, we show that this mechanism does not require any fine-tuning of parameters. 

In particular, it is robust to the number of neurons N, the number of connections K, as well as to 

the connectivity in the topographic pathway to the effectors (and the number of neurons 

projecting to an effector M).  

 

 



1.1 Balance of excitation and inhibition in strongly recurrent networks 

To formulate in a minimal mathematical description the concept of the balanced regime, we 

consider an unstructured network model of one excitatory (E) and one inhibitory (I) binary 

neurons receiving strong feedforward inputs from an external population of excitatory neurons 

(1-2). Following van Vreeswijk and Sompolinsky(1-2), the total synaptic inputs into the 

excitatory and inhibitory neurons can be written: 

ሻݐாሺܪ ൌ ሻݐாሺߥாாܬሺܭ ൅	ܬாூߥூሺݐሻ ൅ ଴ሻߥா଴ܬ ൅  ሻݐாሺܪߜ

ሻݐூሺܪ ൌ ሻݐாሺߥூாܬሺܭ ൅	ܬூூߥூሺݐሻ ൅ ଴ሻߥூ଴ܬ ൅  ሻݐூሺܪߜ

where we denote by ܪߜఈሺݐሻ, ߙ ∈ 	 ሼܧ,  ,ሽ subleading (in large K) contributions to these inputsܫ

which in particular include the temporal fluctuations. Note that the sign of the synaptic strength 

of the inhibition is negative (ܬఈூ ൏ 0). The variance of these fluctuations is: 
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Here,  ߥாሺݐሻ, ߥூሺݐሻ and ߥ଴ are the population-averaged firing rates of the E and I neurons and of 

the external population; ܬαβ , α, β ∈ ሼE, Iሽ and  ܬα଴  are the strengths of the recurrent and 

feedforward synapses (considered for simplicity to be homogeneous for each synapse type). We 

also assume that the average number of synapses per neuron, K, is the same for the two 

populations and for both the recurrent and feedforward synapses and that it is large (the number 

of synapses is typically 100 or more). Scaling the strengths of the recurrent and feedforward 

synapses as:  



ఈఉܬ ൌ
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  (1) 

the temporal fluctuations remain finite when K becomes large. Requiring that the mean inputs 

also remain finite implies: 

   √KሺJ୉̅୉ν୉ሺtሻ ൅ J୉୍̅ν୍ሺtሻ ൅ J୉̅଴ν଴ሻ ൌ ࣩሺ1ሻ (2)  

   √KሺJ୍̅ ୉ν୉ሺtሻ ൅ J୍̅ ୍ν୍ሺtሻ 	൅ J୍̅ ଴ν଴ሻ ൌ ࣩሺ1ሻ 

and therefore, for large number of synapses, K,  J୉̅୉ν୉ሺtሻ ൅ J୉୍̅ν୍ሺtሻ ൅ J୉̅଴ν଴ ൌ 0 and J୍̅ ୉ν୉ሺtሻ ൅

J୍̅ ୍ν୍ሺtሻ 	൅ J୍̅ ଴ν଴=0 .These two linear equations express the fact that, in the two populations, the 

net inputs into the neurons are comparable to their firing threshold in spite of the fact that taken 

separately, excitation and the inhibition are much larger than the threshold. These two linear 

equations uniquely determine the population average  firing rates ߥா and ߥூ of the excitatory and 

the inhibitory populations. The requirement that ߥா,  ூ are positive, yields a set of inequalitiesߥ

which determines the domain of the parameters (synaptic strengths and external inputs) in which 

the balanced state exists (1-2).  Thus, recurrent networks of E and I neurons can operate in the 

balanced regime for a wide range of parameters without any fine-tuning of these parameters. 

Importantly, because of the scaling of Eq.(1), the amplitude of the temporal fluctuations in the 

inputs are comparable to the threshold even if K is large. This is why in the balanced regime 

neurons fire very irregularly. Similar arguments hold for rate-based units (4), as well as for more 

realistic neuronal models, such as integrate-and-fire or conductance-based neurons (9).  

It is important to note that although the average rates of the E and I populations are a linear 

function of their inputs (see Eq.(2)), the system is highly non-linear and the output of each 



neuron, as well as the dynamics of sub-populations of neurons (as we will show below), are a 

non-linear function of their inputs. 

1.2  Irregular feedforward inputs shared by all neurons in the motor network does not 

drive correlated variability 

Transfer of temporal variability from the premotor network downstream to the effectors requires 

that the motor network operates in the balanced regime. Is it also sufficient? To address this 

question we investigated the case, where all neurons in the motor network share common inputs 

from the same group of premotor cells (Supplementary Figure 2a). One might expect that this 

common feedforward component would tend to synchronize the activity of all the neurons in the 

motor network. This is not the case. As depicted in Supplementary Figure 2c, the strongly 

irregular activity of the neurons in the motor network only exhibits very small spatial 

correlations (ܥ ௘ܸ௙௙
ଶ ൌ 0.03). In fact, the strength of the spatial correlations vanishes in inverse 

proportion to the average number of recurrent connections in the motor network, K (ܥ ௘ܸ௙௙
ଶ ~

ଵ

௄
; 

Supplementary Figure 2b-d). This feature is a hallmark of unstructured and strongly connected 

recurrent networks, where the recurrent inhibition in the motor network suppresses the 

correlations due to shared inputs(3,7). This can be understood heuristically as follows. As long as 

the matrix ܬఈఉ , which characterizes the strength of the interactions in the motor network, is 

regular (see Eq.(2)) it fully determines the population average firing rates, ߥா  and ߥூ , as a 

function of the population average activity of the premotor network (ߥ଴). Therefore, since the 

latter is constant, ߥா and ߥூ must be constant up to small fluctuations. Hence, the motor network 

cannot exhibit synchronous activity and neuronal variability cannot be transferred to the 

effectors. 



1.3 Motor variability emerges if the premotor-to-motor projections are topographically 

organized 

If the premotor-to-motor projections are topographically organized, the order √ܭ time averaged 

feedforward inputs to the neurons in the motor network are the same for all functional groups in 

the motor network. However, their temporal fluctuations, which are of ࣩሺ1ሻ, vary from one 

group to the other. We found that in this case irregular activity with robust spatial correlations 

emerges in the motor network.  

To intuitively understand why this is the case, consider a circuit with two functional groups 

(Supplementary Figure 5). Denoting by ߥா,௟ሺݐሻ, the time-dependent population average activity 

of the E population in group lൌ 1,2, the balanced equations (Eq.(2)) yield two sets of equations 

for the three populations (one I and two E populations): 

  √KቀJ୉̅୉
νు,భሺ୲ሻାνు,మሺ୲ሻ

ଶ
൅ J୉୍̅ν୍ሺtሻ ൅ J୉̅଴ν଴ቁ ൌ ࣩሺ1ሻ (3)  

  √KቀJ୍̅ ୉
νు,భሺ୲ሻାνు,మሺ୲ሻ

ଶ
൅ J୍̅ ୍ν୍ሺtሻ ൅ J୍̅ ଴ν଴ቁ ൌ ࣩሺ1ሻ 

Here we assumed, as in the spiking model we simulated, that the recurrent connectivity is 

statistically homogeneous over the entire motor network and that the groups are defined solely 

by the topographic organization of the premotor FF inputs. 

The balanced equations imply that 
νు,భሺ୲ሻାνు,మሺ୲ሻ

ଶ
and ν୍ሺtሻ , the average of the instantaneous 

population activities of the two groups and the inhibitory population, are constant in time. 

Therefore, ν୉,ଵሺtሻ and ν୉,ଶሺtሻ can vary in time, without breaking the balance of excitation and 

inhibition, provided that they vary in a push-pull manner and are thus negatively correlated. 



Numerical simulations indicate that this indeed occurs (analytical proofs will be presented 

elsewhere). The network recurrent dynamics self-organize such that ν୉,ଵሺtሻ  and ν୉,ଶሺtሻ  both 

exhibit significant temporal variations which are driven by the ࣩሺ1ሻ shared fluctuations present 

in the feedforward inputs. Importantly, the temporal fluctuations in the population activities, 

ν୉,ଵሺtሻand ν୉,ଶሺtሻ, are large and negatively correlated, in spite of the fact that the shared FF 

inputs are only weakly correlated between the two groups. This result in an average ܥ ௘ܸ௙௙
ଶ  which 

is large (Supplementary Figure 5bbottom ܥ ௘ܸ௙௙
ଶ ~0.25) and which is finite (of order unity) even 

for large N, K and M (Supplementary Figure d-f).  

Self-organization of the dynamics also occurs when the number of groups, D, is larger than 2 

(Fig.2, Supplementary Figure 3-4). This gives rise to a spatiotemporal pattern of activity in 

which the firing of the neurons is positively correlated within each of the groups, while the 

instantaneous firing rate averaged over all the excitatory neurons in the network is constant in 

time (the E and I population-averaged instantaneous firing rates are constant in time, up to small 

fluctuations due to finite size effects in K and N).  

  



1.4 Timescales of the fluctuations in the motor network 

Our behavioral data shows that vocal babbling temporally decorrelates on a timescale of several 

tens to a few hundred milliseconds, depending on the species (Fig.7). Moreover, our 

electrophysiological recordings in singing finches demonstrate that the activity of neurons in RA 

fluctuates slowly and decorrelates on similar timescales (Fig.5g-i, Fig.6b-c). These timescales 

are significantly slower than the typical single neuron integration time, raising the question of the 

origin of such slow timescales. 

One possibility is that the recurrent synapses in the motor network are sufficiently strong and 

their dynamics are sufficiently slow to generate slow chaotic rate fluctuations (4)  

(Supplementary Figure 7b,  black curve). However, these  fluctuations would be very weakly 

spatially synchronized (Supplementary Figure 7c,  black curve). Thus, spatiotemporal 

correlations on such slow timescales between neurons projecting to the same effector would be 

weak and therefore unable to induce highly variable motor behavior (Supplementary Figure 7d, 

black curve).  

Another possibility is that the fluctuations in the shared component of the feedforward premotor-

to-motor input are slow, resulting in spatially and temporally correlated fluctuations at the level 

of population in the motor network (Supplementary Figure 7c- red and blue curves and Fig.6). 

This occurs naturally if the premotor-to-motor pathway involves a sufficiently large fraction of 

slow synapses, e.g. synapses mediated by NMDA receptors, that would low-pass filter the 

fluctuations generated in the premotor network. This mechanism is depicted in Fig.6 and Fig.7A. 

The recurrent dynamics in the premotor network can also contribute to the slowness of the 

fluctuations in the shared FF inputs to the motor network and therefore to the slow decorrelation 



of the motor behavior. If the recurrent synapses in the premotor network (the synapses in the E-I-

E loop or of the mutual-inhibition) are strong and slow, the dynamics of the premotor neurons 

will be chaotic (Supplementary Figure 7a- red and blue curves) and their activity will decorrelate 

on a timescale on the order of the typical (and slow) synaptic time constant(4). 

Supplementary Note 2. 

Cross-correlations in Electrophysiological Recordings in Zebra 

Finches 

2.1  Spatial structure of the correlations in RA 

In line with our model, the data reported in Figure 5, exhibited positive as well as negative cross-

correlations (CCs). However, the majority of the CCs were positive. One should note that our 

experimental technique for recording single unit activity in singing finches is probably biased 

toward pairs of neurons located at rather short distances compared to RA diameter. 

Unfortunately, we cannot accurately report the distance between recorded neurons for two 

reasons. First, the electrodes (tungsten microwires) are slightly flexible and the distance between 

their tips (around 100 µm before being moved in the brain) can vary considerably as they are 

advanced down into RA. Second, post-hoc histological examination was carried out at the end of 

the experiment, after the electrodes had been advanced several times (with 4 electrode each 

time), making it impossible to associate a given electrode tract with a given recording. As RA is 

topographically organized (17-18), it is very likely that our bias to record from nearby neurons 

resulted in having many pairs recorded from the same functional group. Our theory can be 

further validated by showing that pairs of neurons which are far apart,  and thus belong to 



different functional groups, are in general more negatively correlated than more proximal 

neurons, which are presumably  in  the same group. As explained above, our single unit data 

cannot be used for such a validation.  Instead, we recorded LFPs in RA of singing zebra finches 

with fixed implanted electrode micro-arrays (similar to Utah arrays) that had 7 recording sites 

arranged (with ground and reference electrodes) in a 3x3 lattice with 100 µm minimal distance 

between electrode tips. As electrodes cannot be moved after implantation, recording single-unit 

activity from a very dense nucleus such as RA is unfortunately impossible using this technique. 

However, we were able to carry out noise correlation analysis on LFP signals as we did for 

single or multi-unit activity.  As depicted in Supplementary Figure 6b, LFPs recorded from more 

distant electrodes were negatively correlated, whereas when the electrodes were closer, positive 

and negative correlations were observed. Therefore, neurons that were recorded by two 

electrodes 100 µm apart or less are likely to be more positively correlated, as depicted in Fig.5, 

than neurons that are far apart, in line with model predictions. 

  



2.2 Correlations measured in RA are not an artifact of a misalignment or variation in 

duration of the syllables and song motifs 

Our electrophysiological data show stronger noise correlations in RA than in LMAN. As the length of the 

song motif varies slightly fromrenditionto rendition, misalignment of song-related neuronal activity could 

lead to spurious correlations, especially in RA which neuronal activity is known to be locked to song (see 

for example Fig.3).To avoid such spurious correlations we carefully time‐warped our spiking data from 

single and multi‐unit recordings based on the timing of single syllable events in the motif produced by 

the birds (see Material and Methods). An example of how such time‐warping changed the precision of 

song‐related firing is illustrated in Supplementary Fig. 6c. As is apparent, Supplementary Fig. 6c clearly 

shows that spikes are more aligned to the song motif following the time warping procedure. To assess 

the contribution of time jitter from behavioral misalignment to the noise correlations in RA, we re‐

calculated the noise correlations without any time‐warping. Surprisingly, there was very little change in 

the level of correlation with and without time‐warping.  

We also estimated how much misalignment and bad time-warping could contribute to spurious 

correlations by shifting together the spikes of the two simultaneously recorded neurons presented 

in Fig.5h on each rendition by a time jitter in the range 0-500ms (Supplementary Figure 6d). The 

correlations did increase with time jitter, as expected, but this onlyoccurred at very large jitters 

above 150ms. Interestingly, the amount of correlations between the two neurons hardly changed 

when the jitter was up to 50 ms, far more than the estimated elasticity of the zebra finch song 

(around 5ms at most for a given syllable, see (19)). Therefore, for typical jitters, misalignment of 

the motifs did not contribute to the noise correlations measured in RA.   



Supplementary Note 3. 

Alternative Mechanisms for Correlated Irregular Activity 

Three key hypotheses underlie our work:  (1) The variability of the babbling is produced  by a 

circuit in the CNS comprising large networks of strongly coupled neurons firing a highly 

irregular manner (2) These fluctuations in the activity are transferred to the effectors which sum 

up inputs from a rather large number of neurons, on the order of 100 or more. (3) The 

mechanism underlying babbling should be robust, in particular with respect to variations in the 

connectivity parameters.  

It should be noted that if we relax Hypotheses (2); i.e, if we assume that the projections to the 

effectors only involve a small number of RA neurons (very sparse projections to the effectors) 

topographic projections from LMAN to RA are nolonger necessary for the circuit to generate 

fluctuations in the inputs to the effectors. However, the amplitude of the latter depends crucially 

on the connectivity which means relaxing Hypotheses (3).  

 

In fact, the last two hypotheses imply that fluctuations in the activity of the neurons should 

become correlated at some stage in the circuit before their transfer to the effectors and that this 

should be a collective phenomenon. 

 

In all four species we considered in our behavioral study the ACE of the babbling signal in 

juveniles lacked an oscillatory component, and the gesture duration distribution was well 

approximated by an exponential. This means that the process of generating gestures during 

babbling is very broad band, and has no substantial oscillatory components. The 



electrophysiological data suggest that the fluctuations in neural activity in RA were also very 

broad band without significant oscillatory components (see the autocorrelations and cross-

correlations depicted in Figures 5-6). We thus need to look for network mechanisms that can 

account for correlated neuronal activity exhibiting strong fluctuations without having specific 

frequencies in the power spectrum. This is a non-trivial constraint. In fact, in previously 

investigated mechanisms for robust correlated activity, the latter stems from the emergence of 

oscillatory collective modes in the network dynamics (for review see (20)). This is the case in the 

mechanisms for  spike-to-spike synchrony, as well as well as in those in which synchrony 

emerges from firing-rate instability (see e.g. (21)). In most of these models, the oscillation phase 

basically remains constant over many cycles, unlike what is observed experimentally. Solutions 

to this problem have been proposed. They all rely on  synchronous chaos  and lead to temporal 

irregular fluctuations in the population activity  (22-25). However, the spectrum of these 

fluctuations- although broad - is also peaked in some frequency ranges (the gamma range in the 

papers cited above). This is because synchronous chaos emerges from a destabilization of 

synchronous patterns of  activity which oscillate at a frequency in this range.  To the best of our 

knowledge, our mechanism is the first to exhibit irregular synchronous activity which to a large 

extent is robust to changes in the number of neurons and in the average number per neuron of 

feedforward and recurrent connections. 

 

We also argue that NMDA receptors (NMDAR)  in the projections from LMAN to RA can 

account for the rather slow time constant over which babbling decorrelates. However it is also 

possible that low-pass filtering occurring in RA or downstream to it due to slow neuronal 

dynamics (such as adaptation currents) or slow muscle responses could also contribute. Such 



low-pass filtering would lead to a slower behavioral output than would be predicted from the 

NMDAR time constant alone. However, in the case of zebra finches, the NMDAR kinetics 

measures in LMAN-RA synaptic inputs in juvenile zebra finches (26) fit satisfactorily with the 

timescale of babbling vocalization we report, suggesting minimal low-pass filtering downstream. 

Moreover, muscle dynamics has been reported to be fast in the bird syrinx (<5ms, see 27-28), 

and even if young birds have slower muscles it is hard to imagine that their dynamics would 

involve timescales as long as 50-100ms. This point however needs to 

beconfirmedexperimentally. 

 

Supplementary Note 4. 

Methods for Supplementary Figure 8 

To calculate the transformation ܥ௚ሺΔሻ ൌ కሺΔሻሻܥ௚ሺܨ  given in Supplementary Figure 8E we 

assumed a Gaussian Process ߦሺݐሻ, with ݈݅݉௧→∞〈ߦሺݐሻ〉 ൌ 0	݈݅݉௧→∞〈ߦሺݐሻߦሺݐ ൅ Δሻ〉 ൌ ܿకሺΔሻ and 

ܿకሺ0ሻ ൌ 1 . Consider the threshold-power-law function: ݃ఢఊሺݔሻ ൌ ݃ሺݔ െ ߳ሻΘሺݔ െ ߳ሻ with 

݃ሺݔሻ ൌ ߛݔ . The AC of the process { ݃ఢఊሺߦሻሽ  is then: 

〈݃ఢఊ൫ߦሺݐሻ൯݃ఢఊ൫ߦሺݐ ൅ ߬ሻ൯〉 െ 〈݃ఢఊ൫ߦሺݐሻ൯〉ଶ ൌ ܿ௚ሺ߬ሻ.The first and second moments are: 
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and the correlationfunction: 
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We then numerically calculate the AC: C୥ሺτሻ ൌ F୥ ቀCξሺτሻቁ ൌ
ୋୋିୋభ

మ

ୋమିୋభ
మ. Note that for ߳ ൌ െ∞ and 

݃ሺݔሻ ൌ ௚_߳ሺ߬ሻܥ we get ݔ ൌ  ௚, plotted in dashed line inܨ కሺ߬ሻ, which is the identity function ofܥ

Supplementary Figure 8E. 
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Supplementary Figures 

Supplementary Figure 1.In the balanced excitation-inhibition regime spiking is irregular, 

asynchronous and time-averaged firing rates are heterogeneous. Network parameters are as 

in Fig.1a.Voltage trace of one excitatory neuron in the motor network. The temporal irregularity 

in the action potentials is intrinsically generated by the recurrent network dynamics since there is 

no external noise. b. Total excitatory (red), inhibitory (blue) and net (E+I, black) inputs to the 

same neuron as in(a).The excitation and the inhibition taken separately are large relative to the 

threshold, but the mean and the fluctuations of the net input (black) are comparable with the 

threshold. Suprathreshold fluctuations in the net inputs induce irregular spikes (stars in a,b). c. 

The single neuron firing rates in the excitatory (red) and inhibitory (blue) populations are highly 

heterogeneous. Their distributions are long-tailed. Note that this heterogeneity stems solely from 

the recurrent dynamics of the network since in each population all the neurons are identical in 

our model. d. Measure of synchrony, ߯ଶሺܯሻ, as a function of population size, M, in log-log scale 

(see Materials and Methods). Blue: N=10000,K=400. Green: N=10000, K=800; Red: N=20000, 

K=400. Blue and green lines are almost indistinguishable. In all cases ߯ଶ~ܾ/ܯ, up to deviations 

for ܯ ൎ ܰ. e.ܥ ௘ܸ௙௙
ଶ  decreases as ܣ ൅

஻

ெ
 with Aൎ0 (dashed line). Circles: simulations. Red dot 

corresponds to the parameters used in Fig1. 
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Supplementary Figure 2.The activity in the motor network is weakly correlated when all 

neurons in the motor network share the same premotor inputs. a. Left: A subset of neurons 

in the premotor network projects to all neurons in the motor network, thereby all neurons in the 

motor network share the same feedforward input. Right: The fluctuations in the inputs to the 

effectors are higher than in Fig.1b, but still very small (CVୣ୤୤
ଶ ൌ 0.03) and their magnitude 

vanishes when the number of synaptic inputs increases. b-d.  ܥ ௘ܸ௙௙
ଶ is well fit to ܥ ௘ܸ௙௙

ଶ 	ൌ

ሻܭሺܣ	 	൅
஻

ெ
for large ܭ . In (b): Green: ாܰ ൌ 40000, ܭ ൌ 400 ; Black (almost coincide with 

green): ாܰ ൌ ܭ,10000 ൌ 400; Gray: ாܰ ൌ ܭ ,40000 ൌ 3200. In (d) K=400. A and B barely 

depend on ாܰ. From (b-d) it can be concluded thatܣሺܭሻ	~	1/ܭ, namely the synchrony in the 

network is very weak. 



 

Supplementary Figure 3.When the circuit is topographically organized the activity in the motor 

network is irregular, heterogeneous and the inputs to the effectors exhibit robust temporal 

fluctuations. Parameters are as in Fig2.a-e. a. Distribution of firing rates of E and I neurons in the motor 

network. b. Distributions of ܥ ூܸௌூ for the E and I neurons. Neurons fire irregularly with high ܥ ூܸௌூ. c. 

Distributions of 2ܸܥூௌூ ൌ 〈ଶ|Δ୲౟శభିΔ୲౟|
Δ୲౟శభାΔ୲౟

〉௜ for the E and I neurons in the motor network. Here, Δt୧ is the i'th 

ISI and the average is over all the ISIs. CV2 measures the local variability in non-stationary spike trains. 

Neurons are firing irregularly with CV2 ~ 1. d-e. The coefficient of variation of the inputs to the effectors 

depends only weakly on the number of connections (feedforward and recurrent)(d)  andthe number of 



neurons in the network(e). Red dot corresponds to the parameters used in Fig2.a-e. f. The CV of the 

inputs to the neurons (ܥ ௜ܸ௡௣
ଶ , blue) and the inputs to the effectors (ܥ ௘ܸ௙௙

ଶ , black) plotted vs K. ܥ ௜ܸ௡௣
ଶ  

decreases with K while ܥ ௘ܸ௙௙
ଶ  remains essentially constant. This results in an amplification of CVs (see 

Fig.2g). Red dot: K=400 as in Fig2.a-e. g. ܥ ௘ܸ௙௙
ଶ  (black) and ܥ ௜ܸ௡௣

ଶ  (red) vs. number of 

functionalgroups.The average correlations in neuronal activity within a group increases with the number 

of groups. This stems from the fact that increasing the number of groups results in effectively 

narrowing the spatial extent of the correlations in the FF inputs with respect to the footprint of 

the recurrent connectivity in the motor network (see also Fg.2h-i).h. Amplification factor 

ܥ) ௘ܸ௙௙
ଶ ܥ/ ௜ܸ௡௣

ଶ ) increases with the number of functional groups. Black: ߬௘௙௙ ൌ -as in Fig.1  ݏ10݉

2. Gray: ߬௘௙௙ ൌ  i.Cartoon of the FF projections from the premotor network to the motor.	.ݏ3݉

network. The two neurons in the motor network are in the same functional group. By 

construction,the two neurons receive ݂ܭ inputs from the same neurons in the premotor network 

(orange, shared inputs). The neurons also receive inputs drawn randomly and independently from 

excitatory neurons in the premotor network with probabilityሺ1 െ ݂ሻܭ/ܰ. (grey, ‘unshared’). The 

probability that two neurons also have common inputs in this set is on the order of ܭଶ/ܰଶ which 

is small as ܰ ≫ ܭ . The overlap between the ‘unshared’ and ‘shared’ sets of inputs is not 

represented. 

 

  



Supplementary Figure 4.Crosscorrelations of the activity within and between functional 

groups in the motor network. The population average activity of each functional group was 

smoothed with an exponential sliding window of 10ms. The autocorrelations (diagonal, blue; not 

normalized) and the crosscorrelations (off-diagonal, red; not normalized) are plotted. Note that 

the crosscorrelations within a group are positive and much stronger than correlations across 

groups, which are in general weak and negative. 



 

Supplementary Figure 5.Push-pull dynamics and spatial correlations for two functional 

groups.a. Architecture of the circuit.b. Top: Feedforward inputs to neurons in each functional 

group in the motor network (top). Bottom: Input to the effectors. M=1000. Note that ܥ ௘ܸ௙௙
ଶ  is 

much larger than ܥ ௜ܸ௡௣
ଶ . c. Population averagecross correlations for neurons projecting to the 

same effector are positive (blue), while average correlations between neurons projecting to 

different effectors are negative (red). Black: population average cross correlations over all E 

neurons in the motor network. d-f.ܥ ௘ܸ௙௙
ଶ converges to a non-zero value, which only very weakly 

depends on the number of connections (e) or neurons (f) in the network. d. Red: ܥ ௘ܸ௙௙
ଶ  for the 

two effectors; Black: average ܥ ௘ܸ௙௙
ଶ  of the two effectors. e. Black: M=100 ; Gray: M=5000. f. 

M=400. Results for M=800 are similar and are not shown. 

  



 

Supplementary Figure 6.Additional electrophysiological support for the measured 

correlations in LMAN and RA.a.Correlations of LMAN or RA single-units with the multi-

units background activity.Left: Spike triggered average (STA) with the background multi-unit 

envelope in LMAN during singing. The background envelope of multi-unit activity recorded 

simultaneously with a single-unit on the same electrode is smoothed with a 5-ms Gaussian 

window. The average motif background activity is subtracted from the singing-related 



background. STA with this residual signal is then computed for each single-unit recording 

separately, and the average z-scoreേs.e.m is shown. Note the ~10-ms artifact around the spike 

time which is due to the spike subtraction. Right: Same as in the left panel, but for RA neurons. 

b. Noise correlations between LFP recordings vs. the distance in the recorded site (see Material 

and Methods). Note that correlations tend to be negative between sites that are far apart. Each 

circle denotes a pair of recording sites, and the data were recorded in two birds (red and blue). 

Solid lines: Linear fit for bird 1 (red; slope -0.23; R2=-0.056; n.s), for bird 2 (blue; slope -0.56; 

R2=0.31; p=0.001) and for the two together (n=15; black; slope -0.43; R2=0.18; p=6 10-14). c. 

Raster plot of the example RA neuron also plotted in Fig.3a before (bottom) and following (top) 

time-warping. Note the improvement in the alignment of the spikes to the song motif. d. Noise 

correlations of the pair of RA neurons depicted in Fig.6b and 5hwithout time warping and with a 

common jitter (ranging from 2 to 500ms)appliedto the syllable times across renditions of the 

motif (see Supplementary Information). Main figure: Pearson correlations vs. the amount of 

jitter. Inset: Zoom-in on 0-50msjitters shows that the jitter does not dramatically change the level 

of correlation. Figures around the main figure: noise correlations as depicted in Fig.5h, but with 

an increasing time jitter (clockwise). 



 

Supplementary Figure 7. Various mechanisms generating slow fluctuations in the motor 

network and in the effectors. a. Population average autocovariance (not normalized) of neurons 

in the premotor network. b. Population average autocovariance (not normalized) of neurons in 

the motor network. c. Population average cross-covariance (not normalized) for neurons in the 

motor network in the same functional group. d. The auto-covariance (not normalized) of the 

input to the effectors. In all panels the color code is as follows.Green: All synapses are fast 

(synaptic time constants are 3 ms) and the strength of the mutual inhibition is J୍̅ ୍ ൌ െ4. The 

decorrelation of the fluctuations is fast in the premotor and motor networks (a-b) and in the 

effectors (d). Red: The mutual inhibition in the premotor network has two components, one fast 

(τୱ
୍୍ି୤ୟୱ୲=3ms) and one slow (τୱ

୍୍ିୱ୪୭୵=100ms). For both components K=400 and their strength 

is J୍̅ ୍ ൌ െ2 . All other synapses are fast. The premotor network now exhibits asynchronous 

chaotic rate fluctuations which decorrelate on a timescale (a) on the order of the synaptic time 

constant of the slow inhibition15. Both the synchronous activity in the motor network (c) and the 

input to the effectors (d) decorrelate on the same timescale. Black: The mutual inhibition in the 

motor network has two components, one fast and one slow with the same strength, J୍̅ ୍ ൌ െ2.All 

other synapses are fast. The motor network now exhibits slow asynchronous chaotic rate 

fluctuations on the slow timescale of the inhibition (b) and fast synchronous fluctuations driven 



by the premotor network (c). Therefore, the fluctuations in the  input to the effectors (d) are fast. 

Blue: the mutual inhibition in both networks has two components, one fast and one slow with the 

same strength isJ୍̅ ୍ ൌ െ2. In all panels J୍̅ ୍ ൌ െ4		in both networks, unless stated otherwise. Other 

parameters: J୉̅୉ ൌ 0.3, J୍̅ ୉ ൌ 6, J୉୍̅ ൌ െ0.8, I̅୉ ൌ 0.2, I୍̅ 	ൌ 0.1  for the premotor network; 

J୉̅୉ ൌ 0.5, J୍̅ ୉ ൌ 3, J୉୍̅ ൌ െ3, J୍̅ ୍ ൌ െ4	, I̅୉ ൌ 0.2, I୍̅ 	ൌ 0.1;	J୉̅଴ ൌ J୍̅ ଴ ൌ 4. 

 

  



Supplementary Figure 8.Statistics of a wideband Gaussian process after a rectified power-

law transformations.  In (a), (b) and (d): Left: Trace of the process. Middle: Marginal 

distribution of the process. Right: Autocovariance (AC) of the process depicted on the left panel. 

Parameters in a-b are as in Fig.7a, but with D=2.  a. FF input to a typical neuron in the motor 

network. Red: The marginal distribution is well fit by a Gaussian. b. Net input to a typical 

neuron in the motor network. Red: The marginal distribution is well fit by a Gaussian (red). 

ሻݔకሺΔሻ: AC of the process shown in left. c. Rectified power-law function݃ఢఊሺܥ ൌ ሾݔ െ ߳ሿା
ఊ . 

Black: ߛ ൌ 1. Orange: ߛ ൌ 2. d. The process in (b) following a rectified linear transformation: 



݃଴ଵሺݔሻ. ܥ௚ሺΔሻ:	AC of the process shown in left. The pdf was estimated after excluding points 

smaller than 0.1. e. Bottom: AC of a Gaussian process ሼߦ௧ሽ  with AC as in (b). Middle: 

Transformation between ܥకሺΔሻ toܥ௚ሺΔሻ for different shapes of rectified power-law functions 

with different exponents. Left: AC of ݃ఢఊሺߦሻ. Dashed black: ܥకሺΔሻ. Black: ܥ௚ሺΔሻfor ߳ ൌ 0, ߛ ൌ

1. Orange: ܥ௚ሺΔሻfor ߳ ൌ 0, ߛ ൌ 2. Red: ܥ௚ሺΔሻfor ߳ ൌ 0, ߛ ൌ 3. Black crosses: AC of the process 

in (d). f. Top: Distribution of burst duration for 14 randomly chosen neurons in the motor 

network. Bottom: y-axis is in log scale. g. Top: Distribution of 'gesture' durations with a 

simplified thresholding of the input to the effectors (ߛ ൌ 1). Bottom: y-axis is in log-scale. 

Parameters in f-g are as in Fig.7a and with ߬௦ா଴ ൌ  .ݏ50݉

  



 

Supplementary Figure 9.Statistics for gesture and inter-gesture duration in young and 

older juveniles.Color code as in Fig.7.a.Temporal structure of Sw plastic song (322-364 DPH). 

Top: Spectrogram of vocalizations. Bottom: probability density function (pdf) of vocal gesture 

durations (left) and averaged auto-covariance of the envelope (ACE; right). The peaks in the 

distribution and the ACE express the temporal stereotypy of the song.b. Stereotypy of plastic 



songs and diversity of songs in different species as captured by the gesture duration distributions 

and ACEs. Examples of gesture distribution (left) and ACE (right) of plastic songs. Note the 

peaks in the distributions as well as in the ACEs (Sw: 337-379 DPH; Zf: 73 DPH; Ca: 284 DPH, 

day post hatched). c. Gesture duration distribution (left) and ACE (right) of a 10 month old 

infant, at the beginning of a repetitive babbling period (also called "canonical babbling", with 

repetition of the constant-vowels, e.g. ba-ba-ba). d. In babbling juveniles, most of the variability 

between species in the CDF of the inter-gesture duration is accounted by a scaling factor of the 

time (as is the case for the gesture duration distributions, see Fig7.). e. Babbling juveniles. Left: 

Pearson correlations between the duration of an inter-gesture and the consecutive gesture 

duration (ீݎ ିூீ) against the correlation between the duration of a gesture and the consecutive 

inter-gesture duration (ݎூீିீ). Right: Same for consecutive gestures (ீݎ ିீ) against consecutive 

inter-gestures ( ூீିூீݎ ). Full circles: Significant non-zero correlations (for both statistics; 

permutation test; p<0.01). Note that in all cases correlations are close to zero with a slight 

tendency to be positive, probably due to global tempo changes. f. The Pearson correlations 

increase with age. Correlations for later plastic songs are larger than during babbling for the 

same individuals. 

  



 

Supplementary Figure 10.Robust behavioral variability emerges from the interplay 

between topographic organization in the premotor-to-motor pathway and the recurrent 

dynamics in the motor network. The architecture of the premotor-to-motor pathway (top) and 

the footprint of the recurrent connections within the motor network (bottom) is depicted in each 

of the three panels. Neurons in the motor network can develop highly robust correlations when 

the premotor-to-motor pathway is topographically organized and the recurrent connectivity in the 

motor network is sufficiently wide. 

 


