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SECTION A

Answer both questions.

1 (a) Consider biochemical reactions between species -1, -2, ..., -8.

(i) What is meant by an elementary reaction involving -8? [15%]

(ii) Rate equations of reactions often have terms of the form:

: [-8]
 + [-8]=

,

where square parentheses represent concentrations. Explain how such terms arise. [15%]

(b) Suppose two animal species, G, H compete for resources according to the following
(dimensionless) dynamics:

§G = G(1 � G � H)

§H = H(3 � G � 3
2
H).

(i) Provide an interpretation of the terms in the model, stating any assumptions
that are required for the model to be valid. [10%]

(ii) Find and analyse the equilibria of this model, and sketch the (G, H) phase plane.
[50%]

(iii) Describe the long term behaviour of the model for valid initial conditions. [10%]
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2 (a) Figure 1 shows a micrograph of the density of cyclic AMP in a culture of
social amoebae, Dictyostelium. Explain the origin of the circular and spiral patterns, and
their relevance to the life cycle of this species. [30%]

(b) The phases of two coupled oscillators, \1, \2 are described by the equations:

§\8 = l8 + � (\8, \ 9 ), 8, 9 2 {1, 2}, 8 < 9 ,

where :8 > 0 and \8 = \8 mod 2c. The coupling function is given by:

� (\8, \ 9 ) = :8 ( |\ 9 � \8 | � c)2.

(i) For what values of :1, :2 will the system synchronise? [40%]

(ii) Identify the type of bifurcation that occurs as either :1 or :2 approaches a
critical value such that the conditions for synchrony are violated. [10%]

(iii) Without performing calculations, describe the behaviour of the system when
l1 = l2 + n (C), where n (C) is a small amplitude, zero mean noise process. Provide
a sketch of the the phase di�erence, q = \1 � \2, to aid your description. [20%]

Fig. 1: scale bar = 1cm
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SECTION B

Answer one question.

3 Refer to the attached paper by Hurkey et al. (2023) Nature.

(a) Summarise the aim, approach, findings and motivation of the paper in no more than
500 words. Provide an interpretation of the results and comment on any limitations of the
study. You may use diagrams if you wish. [60%]

(b) Define the phase response curve (PRC) of an oscillator. What is the relevance of a
PRC for understanding oscillator dynamics, and under what conditions may it give poor
predictions? [40%]

4 Refer to the attached paper by London et al. (2010) Nature.

(a) Summarise the aim, approach, findings and motivation of the paper in no more than
500 words. Provide an interpretation of the results and comment on any limitations of the
study. You may use diagrams if you wish. [60%]

(b) What is meant by rate coding in the context of London et al’s study? Can you
envisage biologically plausible alternatives to rate coding? [20%]

(c) Evaluate the logical argument that London et al put forward to argue against rate
coding. Is the argument sound? [20%]

END OF PAPER
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Gap junctions desynchronize a neural circuit 
to stabilize insect flight

      
Silvan Hürkey1,4, Nelson Niemeyer2,4, Jan-Hendrik Schleimer2, Stefanie Ryglewski1, 
Susanne Schreiber2,3,5 ✉ & Carsten Duch1,5 ✉

Insect asynchronous flight is one of the most prevalent forms of animal 
locomotion used by more than 600,000 species. Despite profound insights  
into the motor patterns1, biomechanics2,3 and aerodynamics underlying 
asynchronous flight4,5, the architecture and function of the central-pattern- 
generating (CPG) neural network remain unclear. Here, on the basis of an 
experiment–theory approach including electrophysiology, optophysiology, 
Drosophila genetics and mathematical modelling, we identify a miniaturized 
circuit solution with unexpected properties. The CPG network consists of 
motoneurons interconnected by electrical synapses that, in contrast to doctrine, 
produce network activity splayed out in time instead of synchronized across 
neurons. Experimental and mathematical evidence support a generic mechanism 
for network desynchronization that relies on weak electrical synapses and 
specific excitability dynamics of the coupled neurons. In small networks, electrical 
synapses can synchronize or desynchronize network activity, depending on the 
neuron-intrinsic dynamics and ion channel composition. In the asynchronous 
flight CPG, this mechanism translates unpatterned premotor input into stereotyped 
neuronal firing with fixed sequences of cell activation that ensure stable wingbeat 
power and, as we show, is conserved across multiple species. Our findings prove 
 a wider functional versatility of electrical synapses in the dynamic control of 
neural circuits and highlight the relevance of detecting electrical synapses in 
connectomics.

With over a million known species, insects comprise the largest group 
of animals on Earth6. Their considerable evolutionary success has been 
attributed to small body size and the ability to fly. These two features 
provide access to unutilized niches and rapid translocation, but aerody-
namic constraints in small flyers require high wingbeat frequencies, and 
space constraints demand miniaturization of the central nervous con-
trollers for flight7. In 75% of all flying insect species, highly specialized, 
indirect, asynchronous flight muscles form an oscillatory system that 
generates wingbeat frequencies of 100–1,000 Hz by reciprocal stretch 
activation of antagonistic wing muscles to ensure forward propulsion at 
low Reynolds numbers1,8. The flight motoneurons (MNs) that innervate 
asynchronous flight muscles fire at much lower frequencies, therefore 
not activating the muscles on a cycle-to-cycle basis. Nonetheless, power 
output is regulated by a CPG network in the central nervous system that 
controls MN firing frequencies to adjust the myoplasmic calcium levels 
that, in turn, regulate wingbeat frequency and amplitude1. Although 
asynchronous flight has emerged independently 7–10 times during 
evolution8, neither the principles of CPG architecture for generating MN 
output from the miniaturized central nervous system of asynchronous 
flyers nor the functional consequences thereof have been identified.

 
Asynchronous flight motor patterns
To quantify asynchronous flight patterns and decipher CPG archi-
tecture, we used the firing output of the five identified MNs (MN1–5) 
innervating the dorsal longitudinal wing depressor muscle (DLM) of the 
genetic model system9–11 Drosophila melanogaster as well as other insect 
species (to test for generality). The DLM provides the force for wing 
downstroke, consists of six muscle fibres, each of which is innervated 
by one of five identified MNs9–11 (MN1–5; Fig. 1a). MN1–4 each target one 
of the four most ventral DLM fibres ipsilateral to their somata, whereas 
MN5 innervates DLM fibres 5 and 6 on the side contralateral to the MN5 
soma (Fig. 1a). This neuromuscular architecture is conserved across 
insect species examined (locust12, moth13, blowfly14).

In vivo recordings of MN1–5 from their DLM target muscle fibres 
using simultaneous laser-based wingbeat detection during tethered 
flight show that each MN fires only every approximately 20th to 
40th wingbeat (Fig. 1a–c). Although the firing frequencies of MN1–5 
can vary between animals and are adjusted on demand1,15,16, within 
a given animal and power demand, all five MNs always fire at the 
same frequencies (Fig. 1b) and with similar variance in the interspike 
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interval (ISI; coefficient of variation is 0.22 ± 0.07 (mean ± s.d.) for  
each MN).

MN1–5 firing frequencies directly control muscular tension and 
stretch activatability by adjusting myoplasmic calcium levels and, 
therefore, wingbeat frequency and stroke amplitude1,17. Accordingly, 
in single animals, alterations in power demands go along with changes 
in MN1–5 firing frequency that are proportional to wingbeat frequency 
changes (Fig. 1c (grey dots)). A linear relationship between average MN 
firing and average wingbeat frequency within the normal flight working 
range was further confirmed by recordings in 100 animals, although 
interanimal variability yields a lower correlation between MN firing 
rate and wingbeat frequency (Fig. 1c (red dots)). This correlation is 
increased when analysing the changes in the MN firing rate in relation 
to changes in the wingbeat frequency (Extended Data Fig. 4e–g). Thus, 
the central nervous system controls asynchronous flight muscle power 
output neither by the recruitment of different motor units, nor on the 
scale of single wingbeats, but the frequency of MN1–5 population fir-
ing is the key regulator of wing power production1. We show that MN 
excitability is well suited to dynamically regulate wing power output. 
First, MN1–5 respond to constant input with slow tonic firing (Fig. 1d). 
Second, a nearly linear input–output relationship as observed in f–I 
curves (3–30 Hz; Fig. 1e) covers and even exceeds the working range 
observed during tethered flight (approximately 3–12 Hz; Fig. 1c). The 

excitability of MN1–5 is therefore tuned to linearly translate synaptic 
input into tonic firing to regulate wingbeat in the working range of flight.

Despite equal firing frequencies at any given wingbeat frequency1,15 
(Fig. 1a,b), the five MNs in this system do not fire in synchrony. Instead, 
as previously suggested18, their spikes are splayed-out in time with 
firing phases across neurons dispersed approximately equidistantly, 
resulting in stereotyped preferred sequences of MN1–5 spiking 
(Fig. 1g), which we name splay states. A network splay state means 
that each individual cell in a network of N neurons fires regularly, yet 
with a constant, non-zero phase relationship with respect to the fir-
ing of each other neuron. Firing phase differences between neurons 
approximately correspond to 1/Nth of a neuron’s ISI or a multiple 
(<N) thereof. Importantly, the sequence of MN1–5 firing can change 
intermittently, but the CPG robustly slides back into one or two of 
the most preferred splay states. Notably, the same splay states are 
preferred across animals (Fig. 1f), indicating that they result from 
hard-wired CPG circuitry. Splayed-out firing results in characteristic 
phase relationships between each pair of MN1–5. These phase rela-
tionships are conserved across individuals (Extended Data Fig. 1a–c). 
The phase relationships of all MN1–5 pairs show a gap around phase 
zero, indicating out-of-phase firing. Given that multiple splay states 
exist during flight (Fig. 1f,g), firing of MN pairs is not precisely phase 
locked (Extended Data Fig. 1a–c). Yet, restricting phase histograms to 
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Fig. 1 | Splayed-out MN firing patterns control Drosophila flight.  
a, Representative recording of MN1–5 and wingbeat frequency (bottom trace, 
magnified in the black box) during tethered flight. Colour-coded schematic of 
MN1–5 in the VNC and axonal projections to the six fibres of the DLM. b, Average 
MN firing frequencies are similar within each animal. The colour code is the same 
as in a. n = 8 animals. Data are mean ± s.d. c, MN firing frequency and wingbeat 
(WB) frequency (the red bars indicate working ranges) are linearly related within 
an animal (grey dots; correlation coefficient, r2 = 0.63; P < 0.0001, two-tailed 
t-test) and with larger variance also across animals (red dots; n = 100; correlation 
coefficient, r2 = 0.31; P < 0.0001, two-tailed t-test). d, The firing responses of  
MNs (top traces) to current injections of different amplitudes (bottom traces).  

e, The mean MN response frequency ( f ) and injected current amplitude (I) are 
approximately linearly related for 2–30 Hz (n = 15 animals), therefore exceeding 
the normal MN firing frequencies observed during flight (inset; ~3–12 Hz, data 
from c). Data are mean ± s.e.m. (main plot) and median ± range (inset). f, During 
flight, MN1–4 spikes are dispersed in time (in splay state) with characteristic 
sequences. Each animal switches between different splay states during flight, 
but the same splay states are preferred across individuals (n = 8). The box plots 
show the median (centre line), quartiles (box limits) and range (error bars).  
g, Timing of MN1–4 spikes in four subsequent splay states (1423 (red); 1243 
(turquoise); 1234 (green); 1324 (dark blue)) during flight.
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one splay state narrows the phase relations (Extended Data Fig. 1d). 
Moreover, synchronous spikes between MN pairs occasionally occur 
during switches between different splay states, but not within a stable 
splay state (Extended Data Fig. 1d).

Our characterization of phase relationships between pairwise 
combinations of the MN1–5 enables us to test for across-species con-
servation of the motor patterns (see Supplementary Videos 1–3 for 
the flight of three species). This reveals a notable similarity between 
D. melanogaster and the gold fly Lucilia sp. (Extended Data Fig. 2a,b). 
Similar phase relationships have also been suggested for Calliphora 
erythrocephala14, Eucaliphora lilaea and Musca domestica. Moreo-
ver, using the MN4–MN5 pair (Extended Data Fig. 2c), our meas-
urements indicate conservation of CPG architecture between two 
Drosophila species (D. melanogaster and Drosophila hydei), other 
dipteran genera (Calliphora and Musca) and, to a certain degree, even 
between Diptera (for example, flies) and Hymenoptera (for example, 
honey bee). Given that asynchronous flight evolved multiple times 
independently8, splayed-out firing has probably provided selective 
benefits over millions of years. To gain mechanistic and functional 
insights into the CPG network that controls asynchronous flight, we 
next analysed the network principles underlying splay state motor 
pattern generation and the resulting functional benefits for flight 
performance.

Network splay states produced by a minimal CPG
From invertebrates19 to mammals20, the timing and pattern of MN 
activation during locomotion typically rely on networks of premo-
tor interneurons. By contrast, we provide evidence that splayed-out 
MN1–5 firing is generated by interactions between the MNs themselves. 
First, unpatterned optogenetic activation of excitatory, cholinergic 
input to MN1–5 increases MN firing frequencies without changing 
their phase relationships, preserving a characteristic gap around 
phase 0 (Extended Data Fig. 3). We confirmed both physiologically21 
and anatomically that MNs receive excitatory cholinergic input to their 
dendrites (Extended Data Fig. 4a,b), and that all MNs share common 
synaptic input (Extended Data Fig. 4c,d) as previously proposed18. Tonic 
common excitatory synaptic drive to MN1–5, as induced by optogenetic 
stimulation, is therefore transformed into out-of-phase MN1–5 firing. 
Second, unpatterned, tonic, optogenetic stimulation of the five MNs 
(see Extended Data Fig. 5a,b for selective expression of transgenes in 
MN1–5) during flight increases their firing frequency and, therefore, 
wingbeat power, but it does not change phase relationships between 
MNs, as exemplified by the same characteristic gap around phase 0 
for the MN4–MN5 pair (Extended Data Fig. 5). The strength of this dip 
around phase 0 in MN phase histograms is strongly correlated with full 
network splayness (definitions are provided in the Methods) in both 
simulated and experimental data (Extended Data Fig. 6). Similar phase 
histograms of MN pairs before and during optogenetic stimulation 
therefore indicate unaltered splayness. The generation of continuous 
splayed-out firing after selective, unpatterned, optogenetic stimula-
tion of all five MNs indicates that interactions between MNs shape the 
firing patterns. An alternative possibility would be synaptic output 
from MN1–5 to feedback interneurons, which then generate the pat-
tern. However, neither trans-synaptic mapping nor genetic markers for 
central output synapses from MN1–5 provide evidence for postsynaptic 
partners in the ventral nerve cord (VNC; Extended Data Fig. 7). Thus, 
it seems probable that the timing and pattern of MN activation does 
not require patterned activity of interneurons and, instead, the MN1–5 
ensemble constitutes a minimal CPG.

One possible mechanism to transform common excitatory input to 
an ensemble of MNs into dispersed firing is lateral inhibition among 
MN1–5 by chemical synapses15. We reject this possibility by combining 
targeted genetic manipulation of MNs with in vivo recordings during 
flight. Knockdown (KD) of receptors for inhibitory transmitter (GABA A 

receptors (GABA-ARs) and glutamate-gated chloride channel (GluCl)) 
increases MN firing frequencies, but the phase relationships remain 
similar (Extended Data Fig. 6e,f). Lateral inhibition through chemical 
synapses is therefore not required for pattern generation.

Another possibility to create a neural network exclusively from 
MN1–5 is to connect them with electrical synapses. This has previously 
been suggested22,23,24, but experimental evidence has been lacking, 
and electrical coupling seems difficult to reconcile with desynchro-
nized firing. We have tested this by genetic manipulation of innexins25,  
the invertebrate counterparts of connexins26, which comprise the 
pore-forming proteins of electrical synapses. ShakingB (ShakB) is the 
innexin expressed in the Drosophila escape circuit, including in MN1–5. 
KD of shakB using RNA interference (RNAi) in MN1–5 reduces electrical 
coupling below the detection threshold in paired patch-clamp record-
ings (Fig. 2g).

Genetic manipulation of shakB in the five MNs disrupts the splay state 
without affecting the firing frequencies (Fig. 2a,b). As exemplified for 
the MN4–MN5 pair, in control animals (n = 7), firing of MN5 is inhibited 
before and after the occurrence of MN4 spikes (Figs. 2a,b (top)), there-
fore resulting in a characteristic gap around phase 0 (Extended Data 
Figs. 3b and 5e) that is indicative for network splayness (Extended Data 
Fig. 6a–d). By contrast, with shakB KD in MN1–5, the gap around phase 0 
is absent and firing is more random with a slight preference for in-phase 
firing (Fig. 2a,b (middle)). Thus, electrical synapses are required for 
firing desynchronization in this small CPG. Recordings of all five MNs 
during flight confirm that shakB KD in MNs impairs their normal phase 
relationships and, therefore, the splay state (compare Extended Data 
Fig. 8 with Extended Data Fig. 1). This contradicts the common notion 
that electrical synapses function to synchronize network activity27.

Key to this role of gap junctions is weak electrical coupling, because 
increasing electrical coupling by overexpression of ShakB in MN1–5 
causes firing synchronization (Fig. 2a,b (bottom)). Thus, the in vivo 
data indicate that weak electrical synapses cause firing desynchro-
nization, but stronger coupling synchronizes firing. Weak electrical 
coupling between MN1–5 is also supported by anatomical experiments. 
Although we have previously not observed diffusion of small dye tracer 
molecules through gap junctions between MN1–516,21, in Drosophila 
neurons, dye uptake during iontophoresis and subsequent diffusion 
through shakB-encoded electrical synapses are increased by KD of 
the fragile-X mental retardation protein (FMRP) (encoded by dfmr1)28. 
In this genetic background dye coupling of MNs is reliably observed 
(Fig. 2c).

In summary, a minimal CPG of five electrically coupled MNs is suf-
ficient to pattern splayed-out firing across power demands and does 
not rely on additional interneurons or chemical synapses. First, lat-
eral inhibition by chemical synapses is not required (Extended Data 
Fig. 6e,f); second, we found no evidence for chemical output synapses 
from MN1–5 in the VNC (Extended Data Fig. 7); third, unpatterned 
optogenetic activation of either presynaptic cholinergic neurons or 
the MNs during tethered flight increases MN1–5 firing rates and wing-
beat frequency (Extended Data Figs. 3 and 5), but the phase relation-
ships between MNs remain unaltered (compare Fig. 2a with Extended 
Data Figs. 3b and 5e). Finally, weak electrical synapses between MNs 
are required to generate normal phase relationships (Fig. 2a,b). How-
ever, this raises the question of how electrical synapses cause firing 
desynchronization.

Electrical coupling within the CPG
A first step in deciphering the mechanism is to characterize the elec-
trical synapses. Dual in situ patch-clamp recordings of MN pairs con-
firm electrical coupling and demonstrate that the electrical synapses 
are weak, bidirectional and non-rectifying (Fig. 2d). Non-rectifying, 
because depolarizing and hyperpolarizing current injections (20 ms 
duration) into one MN cause gap junctional potentials in the other 
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MN. The relationship between presynaptic and postsynaptic charge is 
linear (Fig. 2e,f). Bidirectional, because the direction of charge transfer 
can be reversed (Fig. 2d). Compared with common CCs (postsynaptic 
charge/presynaptic charge29) estimated in different types of neurons29  
(0.02–0.2), electrical synapses between the five MNs are weak,  
but coupling is twice as strong for the MN1–MN2 and MN3–MN4 pairs 
(coupling coefficients (CC) = 0.023 ± 0.003) compared with all of the 
other possible combinations of MN1–4 pairs (CC = 0.01 ± 0.0027; Fig. 2f).

The possibility that electrical synapses may desynchronize neural 
networks under specific conditions has been suggested by theoretical 
work30–33. Experimentally, a transient desynchronization of electrically 
coupled cerebellar Golgi cells has been described in one study, but for 
the specific condition of sparse input34. There, the transient desynchro-
nization is attributed to a more effective gap junctional transmission 
of the afterhyperpolarization (AHP) of the action potential compared 
with its depolarizing overshoot34. Similarly, we found that the AHP of 
MN spikes is transmitted more effectively (CC, 0.042 ± 0.04) through 
ShakB-mediated electrical synapses than the brief spike overshoot (CC, 
0.01 ± 0.004; Fig. 2h). CCs can differ for different components of the 
action potential because the duration of the presynaptic signal and 
the time constant of the postsynaptic membrane shape the junction 
potential29. Paired in situ current-clamp recordings of MNs that were 
induced to fire tonically by somatic current injection indicate that 
firing of one MN can depress firing of the other during and shortly 
after the AHP (Fig. 2i). However, the preconditions for desynchroni-
zation, as described for electrically coupled cerebellar Golgi cells34, 
are probably not fulfilled in the insect asynchronous flight CPG. First, 
network desynchronization by electrical synapses during flight is not 
transient but permanent. Second, network desynchronization mani-
fests not only under sparse synaptic input regimes, but through the 
full range of synaptic input that occurs during flight. Thus, although 
we cannot rule out a contribution of the AHP, a general mechanism for 

small network desynchronization without a pronounced AHP (which is 
probably not sufficient; see above) or inhibitory synapses (not neces-
sary for MN desynchronization; Extended Data Fig. 6e,f) is required. 
Indeed, theoretical considerations of network connectivity as well as 
cell-intrinsic excitability provide insights into how the observed splay 
states are generated.

Coupling strength and excitability class
According to the theory of coupled phase oscillators, splayed-out 
network states are obtained if pairs of neurons have a preference to 
fire out of phase, that is, they are phase-repulsive24. However, for net-
works of more than two neurons, a strict antiphase state that maximizes 
the difference between the firing phases of two neurons cannot be 
achieved across all neuronal pairs; these systems are therefore called 
frustrated35,36. Typically, they can organize into a splay state that equi-
distantly maximizes phase distances among neurons to minimize frus-
tration. The phase difference between individual pairs of neurons is 
therefore not maximal (that is, smaller than half the ISI), but firing 
phases of neuron pairs are still separated across the population of cells, 
which reflects the splay state that we observe in vivo (Fig. 1a,f,g and 
Extended Data Figs. 1 and 6a–d).

Whether pairs of neurons tend to fire out of phase depends on the 
specific combination of synaptic connectivity and cellular excitability 
(in other words, the dynamics of action potential generation). Cellular 
excitability classes characterize qualitatively different types of spiking 
dynamics and are associated with distinct mathematical bifurcation 
types at spike onset (that is, threshold). Given the weak electrical cou-
pling among MN1–5, in theory, repulsive phase coupling24,33,37,38 can be 
fostered by specific excitability classes. To examine this hypothesis, 
we use a three-dimensional conductance-based neuron model fitted 
to MN sodium and delayed rectifier ion channel kinetics39 (Methods) 
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Fig. 2 | Electrical synapses shape CPG output by desynchronizing MN firing. 
a, Representative recording of MN4 and MN5 during tethered flight in the 
control (top) and after RNAi KD of shakB-encoded electrical synapses 
(DLM-Split-GAL4>UAS-shakB-RNAi, middle) and overexpression of ShakB in 
MN1–5 (bottom). The black arrows mark MN4 and MN5 spikes, and the red 
arrows indicate simultaneous MN4–MN5 spikes. b, Phase histograms of the 
occurrence of MN5 spikes ( y axis) in relation to consecutive MN4 spikes (phase 
φ = 0 corresponds to the MN4 spike) for control (top), shakB KD (middle) and 
ShakB overexpression (bottom) with a magnified view (inset) (n = 10 animals 
for each genotype). Data are mean (coloured bars) ± s.e.m. (grey). c, MN1–5 dye 
coupling in the dfmr1 RNAi KD background to increase dye uptake28. Scale bar, 
20 µm. d–h, Intracellular recordings of MN pairs. d, Hyperpolarizations and 
depolarizations were conducted bidirectionally (from cell 1 to cell 2 and vice 

versa). e, Increasing current injection amplitude (top trace) increases response 
amplitudes in electrically coupled MNs (bottom trace). f, Plotting the mean 
presynaptic voltage (Vm) area against the mean postsynaptic voltage area (left) 
reveals linear relationships, but regression slopes differ between distinct MN 
pairs (5 animals with strong coupling between the MN1–MN2 and MN3–MN4 
pairs; 10 animals with weak coupling between the MN1–MN3, MN1–MN4,  
MN2–MN3 and MN2–MN4 pairs). The mean CC (postsynaptic peak voltage 
divided by presynaptic peak voltage; right) differs significantly between  
MN1–MN2, MN3–MN4 (red, 6 pairs) and all other pairs (green, 10 pairs). Data 
are mean ± s.e.m. (left) and mean ± s.d. (right). g, RNAi KD of shakB eliminates 
detectable electrical coupling between MNs (3 animals). h, The CC for the spike 
AHP is higher than for the spike overshoot. i, Firing of a coupled MN ceases 
during the AHP of the presynaptic MN.
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to generate a gap junctional network of MN1–5 (Fig. 3a). Subjecting 
the single neuron model to a mathematical bifurcation analysis within 
the physiological parameter range identified a cellular excitability 
class that our analysis predicts to favour out-of-phase firing (through 
a homoclinic spike-onset near the saddle-node loop (SNL) bifurcation; 
Methods and Extended Data Fig. 9a). Indeed, five identically, weakly 
electrically coupled MNs with cellular dynamics near the SNL point 
robustly exhibit a desynchronized splay state (Fig. 3b). Note that the 
minimal conductance-based model does not contain a pronounced 
AHP (Fig. 3b (spike shape)), showing that the presynaptic AHP is not 
mandatory for network desynchronization.

By contrast, systematic variation in electrical coupling strength 
reveals that weak electrical coupling is required because models 
with non-zero, small CCs (<0.05), as obtained in vivo (Fig. 2f), yield 
splayed-out firing (Fig. 3c), whereas, for CCs between 0.05 and 0.21, 
network in-phase synchronization increases and, for CCs of >0.21, the 
network state is synchronized (Fig. 3c). To test these model predictions 
experimentally, we manipulated gap-junction strength genetically and 
quantified the synchrony of the MN4–MN5 pair from in vivo record-
ings during flight (Fig. 3d). In control animals with weak gap junctions, 
the synchronization index (Methods) is low, similar to model simula-
tions with weak gap junctions. RNAi KD of electrical synapses increases 
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P = 0.0002). Similarly, experimental (exp.; purple) synchronization indices  
are significantly lower in the controls (median = 0.56, 11 animals) compared with  
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e, Increasing Shab channel levels transforms the single-MN model dynamics from 
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which vary in action potential waveform (top) and PRC (middle). Averaging 
theory (Methods and equation (4)) yields the odd part of the coupling function 
(bottom) for each phase distance ∆φ, of which the fixpoints (black dots) 
determine stable network states. Only the SNL type yields one stable fixpoint  
at phase 0.5, therefore favouring anti-phase firing. f–h, Shab overexpression  
in MN1–5 nearly doubles Shab current (f), which causes in-phase firing of  
the MN3–MN4 pair (g) and significantly (two-sided Mann–Whitney U-test, 
P = 0.0434) increased synchronization indices (median = 0.52, 10 animals) 
compared with the controls (median = 0.43, 8 animals) (h). Similarly, increasing 
Shab in models with weighted GJs (as in Fig. 3i) significantly increased MN3–MN4 
synchronization (sync.) indices (median = 0.99, P = 0.0002). i,j, Network 
models with heterogenous CCs (i) as found in vivo (Fig. 2f) yield preferred splay 
states as in animals ( j, right; 10 simulations per condition; 8 animals, the purple 
dots depict median values of in vivo data), whereas homogenous coupling does  
not ( j, left). For the box plots in d, h and j, the median (centre line), quartiles 
(box limits) and range (whiskers) are shown.
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synchronization in vivo (Fig. 3d), underscoring that gap junctions are 
required for desynchronization. Finally, the model predicts synchrony 
for strong electrical coupling. Indeed, strengthening of electrical cou-
pling by ShakB overexpression significantly increases synchrony in vivo 
(Fig. 3d; see also Fig. 2b). Thus, weak electrical coupling is required for 
network desynchronization.

The mechanistic core of the splay state
We next examined why cellular excitability dynamics close to the SNL 
point favour splay states. For regularly firing cells with all-or-none 
action potentials, three main dynamical excitability classes—shaped 
by cell-intrinsic properties including the ion channel composition—
exist40. Mathematically, these correspond to three distinct spike-onset 
bifurcations: the subcritical Hopf, the saddle-node-on-an-invariant 
cycle (SNIC) and the saddle homoclinic orbit (HOM) bifurcations  
(Fig. 3e (top row)), which in turn qualitatively determine the phase  
dependence of a neuron’s sensitivity to inputs (also termed the phase- 
response curve (PRC)) in a bifurcation-specific and, therefore, 
excitability-class-specific manner (Fig. 3e (middle row)). For the net-
work state, the coupling function, which combines the influence of 
the PRC and electrical coupling, is decisive (definitions are provided in 
the Methods), therefore assigning a direct impact on network dynam-
ics to both gap junctions and cellular voltage dynamics38. Specifically, 
an asymmetry of the PRC shape favours stable phase relationships 
of spiking in the network; these are predicted by the fixpoints of the 
coupling function’s odd part (that is, fixpoints that can be read off 
the asymmetric components of the function; Methods). Our analysis 
shows that, for weak reciprocal electrical coupling, out-of-phase fir-
ing of identical neurons can be obtained only in combination with a 
PRC that is monotonically decreasing around phase 0.5 (a graphical 
explanation is provided in Extended Data Fig. 9b,c). Such a PRC is 
found for HOM excitability, including dynamics close to the border 
of SNIC firing, the latter corresponding to the SNL point introduced 
above (Fig. 3e (middle row)). Here, weak electrical coupling combined 
with such cellular dynamics results in a stable fixpoint at out-of-phase 
firing (Fig. 3e (bottom row)). By contrast, for the other two spike-onset 
bifurcations, synchronous in-phase firing is expected (compare also 
the stable fixpoints for the phases between neurons; Fig. 3e (bottom 
row)). Precisely, we predict that MN1–5 should dynamically reside 
close to the SNL point. Here, the PRC shape enables a network splay 
state, yet the slope of the neurons’ firing-rate versus current-input 
(f–I) curves is not as steep as deeper in the HOM regime, therefore 
enabling smooth control of MN firing frequency and wingbeat power, 
as observed in vivo (Fig. 1c–e).

To test this model prediction, the excitability class of MN1–5 has to be 
manipulated in vivo. Shab potassium channels constitute around 50% 
of the delayed rectifier current in these MNs (Extended Data Fig. 10). 
Bifurcation analysis of the single-cell MN model reveals an SNL bifurca-
tion (Extended Data Fig. 9a). Moreover, increases in total Shab channel 
conductance, gshab, induce several transitions in excitability class37, from 
HOM (at low gshab), through the SNL point into a SNIC (medium gshab) and 
a Hopf bifurcation (high gshab, Fig. 3e and Extended Data Fig. 9a). At both 
excitability dynamics resulting from higher gshab (SNIC and Hopf), the 
weakly coupled MN1–5 network exhibits a synchronized state, whereas 
SNL dynamics favour splay states (as described above). We tested this 
model prediction experimentally by genetic manipulation in vivo. 
Targeted overexpression of Shab in MN1–5 causes a near doubling of 
Shab delayed rectifier current (Fig. 3f) without compensatory changes 
in the amplitudes of non-Shab delayed rectifier current (Extended Data 
Fig. 10). Recordings of the MN3–MN4 pair were used to test whether 
this caused firing synchronization in vivo. In controls, both MNs fire 
out of phase (Fig. 3g (top) and Extended Data Fig. 1). By contrast, with 
Shab overexpression, the MN3–MN4 pair shows markedly increased 
synchronization (Fig. 3g (bottom)). Variability in synchronization 

strength between animals (Fig. 3h) is probably caused by different 
overexpression strengths and variable levels of other delayed rectifier 
channels. We also cannot exclude some compensatory regulation of yet 
other currents. However, pooling the data from all recordings (n = 10) 
revealed a significant increase in firing synchrony after overexpression 
of Shab (Fig. 3h), as predicted by an increase in gshab in the network 
model (Fig. 3h). By contrast, our model predicts that a decrease in gshab 
shifts MNs deeper into the HOM regime but does not cause a transi-
tion in excitability class (Fig. 3e and Extended Data Fig. 9a). Thus, with 
reduced gshab in MN1–5, the network model predicts desynchronization 
(Fig. 3e). We tested this prediction experimentally. Compared with 
the control (n = 7 animals) targeted RNAi KD of Shab in MN1–5 (n = 11 
animals) reduced the Shab current by around 70% (Extended Data 
Fig. 10). Paired in vivo recordings of MN4 and MN5 during flight con-
firm a low synchronization index as predicted by the model (median 
synchronization indices are 0.559 for control flies (n = 11 animals) and 
0.598 for Shab KD (n = 11) and were not statistically different; P = 0.393, 
U = 74, two sided Mann–Whitney U-test).

The theoretical principles underlying this mechanism are independ-
ent of model details (instead they depend on the dynamical excitability 
class). Weak electrical coupling between neurons with SNL excitability 
therefore provides a generic mechanism that suffices to produce the 
observed desynchronized (splay) states in small networks. Impor-
tantly, this mechanism holds across different firing rates and does not 
require a pronounced AHP, but the AHP may further stabilize desyn-
chronization. Although previous studies have provided mechanisms 
by which networks with electrically coupled neurons can be config-
ured into desynchronized, phase-locked firing41—such as inhibitory 
synapses overriding the synchronization by electrical synapses42 or 
interacting with the spiking synchrony43,44, silencing of electrical syn-
apses in a network with mixed chemical and electrical synapses42,45, or 
strongly asymmetric electrical synapses and specific input regimes46— 
desynchronization by the electrical synapse alone, without the need 
of additional chemical synapses, other network motives or feedback 
from the network, is conceptually new.

Sequence preference requires heterogenous coupling
Our in vivo recordings show that MN1–5 firing is not only desynchro-
nized, but organized into preferred sequences of cellular activation 
(within the splay state; Fig. 1f,g). This raises of the question of how the 
preferred sequences are generated. Our modelling (5 min simulations 
in network models with SNL neurons and noise) demonstrates that 
homogenous electrical coupling does not show sequence prefer-
ence (Fig. 3j (left)). By contrast, heterogenous electrical coupling 
between MN1–5 (Fig. 3i) as observed in situ (Fig. 2f) produces the 
same preferred splay states with similar sequence statistics (Fig. 3j 
(right)) as observed in vivo across animals (Fig. 1f). We conclude that 
heterogenous weak electrical coupling among neurons with HOM 
excitability (near SNL) sufficiently explains the preferred splay states 
in this small network.

Splay state serves stable wing power
MN1–5 splayed-out firing in multiple species suggests that it provides 
a functional benefit. We tested this hypothesis by comparing the wing-
beat frequency between normal splay state and synchronous MN firing, 
the latter induced by increasing electrical coupling through genetic 
manipulation (Figs. 2a and 3c). In vivo, synchronous MN firing causes 8× 
higher wingbeat frequency fluctuations over time compared with firing 
in splay state (Fig. 4a). The amplitudes of such fluctuations are close 
to changes in wingbeat frequency in response to optomotor input1,16 
and are therefore functionally relevant for flight altitude control. In 
the steady-state, muscular stretch sensitivity and wingbeat frequency 
are directly proportional to the myoplasmic calcium levels1, but the 
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dynamics of myoplasmic calcium in DLM fibres is unclear. To link MN 
firing patterns to wingbeat frequency, we measured the kinetics of 
muscle fibre membrane potential and myoplasmic calcium concentra-
tion changes after MN1–5 firing (Fig. 4b). An MN spike causes a rapid 
depolarization of the DLM fibre membrane (Fig. 4b (top)), which is 
followed by a myoplasmic calcium signal with a rise time constant 
of around 6 ms and a decay time constant of about 80 ms (Fig. 4b  
(middle)). If muscular stretch sensitivity was controlled by the myo-
plasmic calcium levels with a ms temporal resolution, changes in 
wingbeat frequency during simultaneous MN firing should follow the 
same time course as changes in myoplasmic calcium across all six DLM 
fibres. This is precisely what we found (Fig. 4b (bottom)). Synchro-
nous MN firing causes peak wingbeat frequencies after 7.3 ± 1.3 ms 
(myoplasmic calcium rise time constant τ = 6.2 ± 1.7 ms) that decline 
with a time constant τ = 83 ± 27 ms (calcium decay time constant is  
82 ± 6.7 ms).

To determine the kinetics of myoplasmic calcium also at different MN 
firing frequencies, we stimulated a single MN electrically at different 
frequencies (0.5, 1, 2, 5, 10 Hz), spanning the normal range during flight, 
and imaged the resulting calcium signals in the respective DLM target 
fibre. Discrete myoplasmic calcium signals were observed for the entire 
frequency range tested (Fig. 4c and Supplementary Video 4), although 
summation as caused by an incomplete return to resting calcium levels 
between MN spikes starts at 2 Hz and increases at higher frequencies. 
However, for firing frequency ranges of MN1–5 that are observed dur-
ing normal flight (Fig. 1c), in each muscle fibre, myoplasmic calcium 
fluctuates around each corresponding MN spike. Given that we did 
not observe any differences in the temporal coupling of MN firing and 
myoplasmic calcium across different stimulation frequencies or dif-
ferent DLM fibres, these data can be extrapolated to all DLM fibres 
for splay state (Fig. 4d (top)) as compared to synchronous MN firing 
(Fig. 4d (bottom)). Given that each DLM fibre is innervated by one 
MN only (Fig. 1a), MN firing in splay state causes splayed-out calcium 
signals across the different muscle fibres (Fig. 4d (top)), each peaking 
around 6 ms after the respective MN spike and declining with a time 

constant of around 80 ms (Fig. 4b (middle)). The bottom trace shows 
the resulting average myoplasmic calcium across fibres (Fig. 4d (top)). 
By contrast, during synchronous firing of MN1–5, the calcium signals 
in all DLM fibres are time locked, which results in much larger calcium 
fluctuations across DLM fibres (Fig. 4d (bottom)). This extrapolation 
of the average myoplasmic calcium levels across the DLM fibres pre-
dicts eightfold smaller fluctuations in wingbeat frequency over time 
in normal splay state than for synchronous MN firing. We confirmed 
this prediction by averaging changes in wingbeat frequency around MN 
spikes for splayed-out (Fig. 4e (blue line)) as opposed to synchronous 
firing (Fig. 4e (green line)). Thus, the splay state serves to minimize 
wing power fluctuations.

Taken together, splay-state asynchronous flight motor patterns are 
conserved across individuals and species, are produced by a minimal 
CPG of weakly electrically coupled MNs, and serve constant wingbeat 
power output at a given power demand. This provides a comprehensive 
view of the asynchronous flight CPG network structure and the result-
ing functional consequences for one of the most abundant forms of 
locomotion on earth. Moreover, we provide a theoretical background 
for firing d esynchronization/synchronization in small gap-junctional 
networks in the context of their specific cellular excitability. The under-
lying mechanism is generic, predicting desynchronizing functions 
of electrical synapses beyond the motor system of insects. Electrical 
synapses can therefore be used for operations such as sign-reversal 
and ensemble firing desynchronization, a functional versatility and 
impact on neural circuit dynamics that was previously attributed to 
chemical synapses alone.
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Fig. 4 | Splayed-out firing ensures stable wingbeat power. a, Representative 
traces of wingbeat and MN multiple-unit recordings during flight (7 animals  
in each condition). Synchronous MN firing (top, green) causes around eight 
times larger fluctuations in wingbeat frequency (bottom, green) compared 
with splayed-out firing (blue). b, DLM fibre voltage response to one MN spike is 
fast (top; decay τfast ~ 1.7 ms, τslow ~14 ms; 3 animals). Both the resulting myoplasmic 
calcium signal (middle; GCaMP8f ∆F/F; rise τ = 6.2 ± 1.7 ms; decay τ = 82 ± 6.7 ms;  
7 animals) and wingbeat frequency changes after MN spiking (bottom; latency =  
7.3 ± 1.3 ms; decay τ = 83 ± 27 ms; 7 animals) follow similar slower time courses. 
c, DLM6 calcium responses to different MN5 firing frequencies (Supplementary 

Video 4). d, As each DLM fibre is innervated by one MN, splayed-out firing must 
result in time-shifted calcium responses (top), but synchronous MN firing 
results in time-locked calcium responses across fibres (bottom). The resulting 
average myoplasmic calcium levels across all fibres is considerably larger for 
synchronous (bottom panel, bottom trace) compared with for splayed-out 
firing (top panel, bottom trace). e, As a result, during flight, splayed-out  
firing is accompanied by small transient fluctuations in wingbeat frequency 
(blue; n = 7 animals) but synchronous firing is accompanied by significantly 
(P = 0.0010, two-sided unpaired t-test) larger fluctuations with a latency of 
around 7 ms after each MN spike (green; n = 7 animals).
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Sensitivity to perturbations in vivo implies high noise
and suggests rate coding in cortex
Michael London1, Arnd Roth1, Lisa Beeren1, Michael Häusser1 & Peter E. Latham2

It is well known that neural activity exhibits variability, in the
sense that identical sensory stimuli produce different responses1–3,
but it has been difficult to determine what this variability means.
Is it noise, or does it carry important information—about, for
example, the internal state of the organism? Here we address this
issue from the bottom up, by asking whether small perturbations
to activity in cortical networks are amplified. Based on in vivo
whole-cell patch-clamp recordings in rat barrel cortex, we find
that a perturbation consisting of a single extra spike in one neuron
produces approximately 28 additional spikes in its postsynaptic
targets. We also show, using simultaneous intra- and extracellular
recordings, that a single spike in a neuron produces a detectable
increase in firing rate in the local network. Theoretical analysis
indicates that this amplification leads to intrinsic, stimulus-
independent variations in membrane potential of the order of
62.2–4.5mV—variations that are pure noise, and so carry no
information at all. Therefore, for the brain to perform reliable
computations, itmust either use a rate code, or generate very large,
fast depolarizing events, such as those proposed by the theory of
synfire chains4,5. However, in our in vivo recordings, we found that
such events were very rare. Our findings are thus consistent with
the idea that cortex is likely to use primarily a rate code.

The brain, like all physical devices, operates in the presence of
noise. Nevertheless, it performs complex computations with amazing
speed and accuracy, in some cases reaching fundamental physical
limits set by its sensors6. Clearly, the brain has devised computational
strategies, and a neural code, that are robust to noise. Understanding
the structure of that noise should shed light on both.

The traditional experimental approach to studying noise in cor-
tical sensory areas is to present the same stimulus repeatedly to an
organism while recording neuronal responses. Such recordings
always show substantial trial-to-trial variability1–3. However, inter-
preting that variability has been difficult, as there are two possible
sources for it. One is the variability associated with truly random
events, such as ion channel noise and stochastic synaptic release.
This is intrinsic noise: intrinsic because it cannot be eliminated,
and noise because it contributes to the neuronal variability but carries
no information whatsoever. The other source of variability is activity
from other brain areas. That activity might provide information
about, say, the degree of arousal or some other internal state, but it
would not be related to the stimulus. This variability is signal, even
though it would look like noise to an observer trying to relate the
neural activity to the stimulus.

Here we determine a lower bound on the level of intrinsic noise in
cortical networks. The lower bound we consider is the trial-to-trial
variability that would be observed in a deterministic network that
received identical input, down to the last spike, on multiple trials,
except for one very brief randomevent. If the dynamics of the network

is such that small differences in activity associated with the single
random event lead to very large differences in patterns of neuronal
activity, then trial-to-trial variability would, necessarily, be high. If, on
the other hand, small differences in activity lead to even smaller dif-
ferences in patterns of neuronal activity, then trial-to-trial variability
can be low.

In our analysis and experiments, the random event is a single extra
spike added to a randomly chosen excitatory neuron, as in Fig. 1a.
This one extra spike (magenta arrow at time t5 0 in Fig. 1a) can
produce other extra spikes in its postsynaptic targets (magenta
arrows). If it producesmore than one, on average, then perturbations
would be amplified, and noise would be high (see the steady-state
regime in Fig. 1a, b). If, on the other hand, one extra spike produces
less than one extra spike, on average, then perturbations would decay,
and noise could be small.

To determine the average number of extra postsynaptic spikes
produced by a single extra presynaptic spike, we note that it is the
product of two numbers: the average number of connections made
by each neuron, and the average probability that a unitary synaptic
event produces an extra spike.

The first number is known from anatomical studies7,8 to be
between 1,000 and 2,000 (a synaptic connection that gives rise to a
unitary excitatory postsynaptic potential (EPSP) can consist of mul-
tiple synaptic contacts; here we assume that a neuron makes five
synaptic contacts per connection9). Thus, one extra spike produces,
on average, 1,5006 500 extra EPSPs in the network.

The second number, the probability that a unitary synaptic input
produces an extra spike, was determined experimentally. We made
whole-cell patch-clamp recordings from layer 5 pyramidal neurons in
the barrel cortex of anaesthetized rats while injecting current pulses to
generate postsynaptic currents (injected PSCs) of various amplitudes.
For each amplitude we constructed a post-stimulus time histogram
(PSTH) triggered on the time of the injected current pulses, and used
it to deduce the probability of an extra spike. A typical experiment is
illustrated in Fig. 2a. In a single trial it is very difficult to tell whether an
individual injected PSC has an effect on the probability of an extra
spike. The PSTHs, however, reveal a clear signal (Fig. 2b). Integrating
the PSTHover a timewindow of 5ms, we find that a single input with
an amplitude of125 pA causes the probability of observing a spike to
increase by 0.004 (top panel of Fig. 2b), and an input with an ampli-
tude of 225 pA causes the probability to decrease by 0.001 (bottom
panel).

Figure 3a shows, for a range of positive and negative injected PSCs,
the pooled data from the 40 cells in our data set. There are clear peaks
in the PSTHs for positive currents and clear valleys for negative
currents. Moreover, the cumulative probability of an extra spike
(the integral of the PSTH relative to the mean firing rate) shown
below the PSTHs does not return to baseline, indicating that the
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peaks are due to changes in net spike output, rather than shifted
spikes (all cumulative probabilities are significantly different from
zero at the P5 0.05 level, except for the last two points of the 25-pA
histogram). In Fig. 3b we combine the data from the different current
amplitudes and plot probability versus the total charge in the injected
current pulses (we use charge rather than amplitude for reasons we
discuss shortly).

The results of these experiments provide us with a relation between
the size of injected PSCs and the probability of extra spikes in vivo.
However, what we need is the relation between physiological synaptic
inputs (which are generated by conductance changes, typically on
dendrites) and the probability of an extra spike. To determine this, we
constructed a detailed compartmental model of a pyramidal neuron
(see Supplementary Information, section 4), and used it to simulate
the effect of conductance changes on the probability of an extra spike.
Consistent with theoretical studies10,11, these simulations show that
the probability of an extra spike depends on the total charge arriving
at the soma, regardless of whether it is caused by a current injection or
a conductance change, and is relatively insensitive to the location of
the input (Fig. 3c).

Combining this result with the fact that there is an approximately
linear relationbetweencharge andprobability (Fig. 3b),we see that the
average probability that a unitary synaptic input causes an extra spike
is the product of the slope of the positive part of the regression line in
Fig. 3b and the average charge associated with a unitary synaptic input
in vivo. The former we have measured; it is 0.0616 0.010, in units of
probability/pC (picocoulomb) (Fig. 3b). The latter we estimated from
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Figure 1 | The effect of an extra spike on a neuronal network. a, The
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The perturbation amplification rate decreases when collisions occur (9, 10),
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neuron (*) on the two trials. The membrane potential is identical until an
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published data on paired recordings9,12–14 (data that include synaptic
failures). Taking an average across these reports, we find that the
average charge associated with a unitary excitatory synaptic input is
0.316 0.07 pC, corresponding to an EPSP of approximately 1mV
(see Supplementary Information, section 4). The product of the two
numbers, denoted !ppe, is given by

!ppe 5 (0.0616 0.010 probability/pC)3
(0.316 0.07 pC per unitary synaptic input)

5 0.0196 0.0053 probability per unitary synaptic input

(see Supplementary Information, section 8, for a derivation of con-
fidence limits).

Multiplying !ppe (0.0196 0.0053) by the average number of connec-
tions made by each neuron (1,5006 500) yields 286 13 extra spikes
per spike. Thus one extra spike in an excitatory neuron causes, on
average, 28 of its postsynaptic neurons to emit an extra spike. This
implies very rapid amplification of perturbations, and should quickly
disrupt spike patterns across the network. In fact, if the perturbations
were to grow unchecked, in just five integration time steps there
would be about 17million extra spikes in the network.

Perturbations do not, of course, grow unchecked. This is because
extra and missed excitatory and inhibitory spikes interact: if an extra
excitatory and extra inhibitory spike have the same postsynaptic
target, they will at least partly cancel each other, thus reducing the
probability of either a missed or extra postsynaptic spike (points 9
and 10 in Fig. 1a). As the number of missed and extra spikes grows,
cancellation becomesmore likely, and eventually the network reaches
a steady state in which missed spikes are produced at the same rate,
on average, as extra ones (Fig. 1b and Supplementary Fig. 9).

These results suggest that a single extra spike should have a mea-
surable effect on network firing rate. That effect, though, should be
small: the approximately 2% increase in firing rate that we saw for
connected pairs of neurons (summarized by !ppe above) is reduced by
the low connectivity in somatosensory cortex (approximately 4%
(ref. 15)), and spread out by 10–20ms due to axonal delays, dendritic
filtering and latency to spike. Taking these into account quantita-
tively (Supplementary Information, section 2), we find that a single
spike should lead to a local increase in firing rate of 0.04–0.08Hz.

To test this prediction, we conducted a second series of in vivo
experiments in which we triggered single spikes in a presynaptic
neuron by a whole-cell patch-clamp recording, and simultaneously
recorded spikes from a population of neurons in the local network
using a 16-channel extracellular electrode array placed in the soma-
tosensory cortex (Fig. 4a, b). We then constructed a PSTH of extra-
cellular spikes triggered on the stimulus (Fig. 4c). As predicted, we
observed an increase in firing rate on the extracellular electrodes
following the single spike in the stimulated neuron. The increase,
as assessed by the cumulative increase in the probability of an extra
spike, is statistically significant at the P5 0.01 level for greater than
100ms (Fig. 4d; n5 10 experiments).Moreover, in the first 10–20ms,
the increase was 0.03–0.065Hz (Fig. 4c, inset), very close to the
increase of 0.04–0.08Hz predicted above. Thus, not only does a single
extra spike introduced into somatosensory cortex produce a mea-
surable effect on the network that lasts for more than 50ms, it pro-
duces an effect whose size is predicted by our single-neuron current
injection experiments.

So far we have focused on the effect of a single spike. Now we turn
to the steady state, where the perturbations have stopped growing (so
that missed and extra spikes occur at the same rate). How big are the
trial-to-trial voltage fluctuations associated with the ongoing missed
and extra spikes? This is a critical question, because it is, ultimately,
these voltage fluctuations that limit spike timing precision. To
answer it, we assume that in steady state there aremmissed and extra
spikes in a time window that corresponds to a typical neuron’s mean
integration time, we computem self-consistently (by demanding that
the presynaptic and postsynaptic probabilities of a spike are the

same), and then relate it to the size of the voltage fluctuations. The
presynaptic probability, denoted ppre, is equal to m/K where K is
the average number of presynaptic connections. The postsynaptic
probability, denoted ppost, is approximately

ffiffiffiffi
m

p
times larger than

!ppe, the probability associated with one presynaptic spike (assuming
that missed and extra spikes are reasonably uncorrelated, invoking
central-limit-type arguments and using the linearity of probability
versus charge inFig. 3b). Consequently, ppost!

ffiffiffiffi
m

p
!ppe. Self-consistency

tells us that ppre5 ppost, so we arrive at
ffiffiffiffi
m

p
!K!ppe ð1Þ

Again assuming that the m missed and extra spikes received by a
neuron are reasonably uncorrelated, the amplitude of intrinsic voltage
fluctuations associated with missed and extra spikes, denoted sV, is
proportional to

ffiffiffiffi
m

p
!VVPSP where !VVPSP is the average PSP size. Com-

bining this observation with equation (1), we have

sV!K!ppe !VVPSP ð2Þ
The key point to extract from equation (2) is that the voltage fluctua-
tions are proportional to the growth rate of the perturbations, K!ppe.
Because K!ppe < 28, we expect the intrinsic voltage fluctuations asso-
ciated with the growth of perturbations to be large. And, indeed, they
are: in Supplementary Information, section 6, we perform a more
extensive analysis that takes into account correlations among excitatory
and inhibitory neurons as well as saturation of the number of missed
and extra spikes, and we verify the analysis with large-scale network
simulations. What we find is that the constant of proportionality in
equation (2) ranges in our data from0.08 to 0.16, and sosV ranges from
about 2.2 to 4.5mV (Supplementary Fig. 7).

These large trial-to-trial voltage fluctuations indicate that there is a
high level of intrinsic noise in the cortex. Therefore rapid depolariz-
ing events, like those postulated for synfire chains4 or polychroniza-
tion5, would be required to produce very precisely timed spikes.
Quantitatively, for a given value of the voltage fluctuations, sV, a
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Figure 4 | The effect of one extra spike on network activity in vivo. a, The
recording configuration. The extracellular silicon probe (red) contained 16
recording sites spaced 50 mm apart. The patch electrode (blue) was used to
trigger spikes by brief depolarizing current pulses. b, Extracellular spikes
(top) and intracellular membrane potential (bottom). c, PSTH triggered on
the stimulus and binned at 5ms; it includes all extracellular spikes on all
electrodes from ten experiments. Error bars are one standard deviation.
Inset: change in firing rate per neuron, assuming an average firing rate of
1Hz (ref. 30). d, Cumulative probability of an extra spike, averaged over all
recorded neurons, again assuming an average firing rate of 1Hz. Dashed
lines indicate one standard deviation, obtained using bootstrap sampling.
Left scale, probability (Pr) of an extra spike in a randomly chosen neuron.
Right scale, probability of an extra spike between connected pairs, found by
dividing the left side by 0.04, corresponding to the 4% connectivity observed
in somatosensory cortex15.

NATURE |Vol 466 | 1 July 2010 LETTERS

125
Macmillan Publishers Limited. All rights reserved©2010



spike will occur with a precision of dtms if the membrane potential
changes by 2sVmV in dtms (the factor of 2 is necessary to ensure
reliability: because sV is the standard deviation, the voltage can, with
reasonable probability, range from sV below the mean to sV above
it). To determine how often there are voltage excursions that would
allow spike timing of precision dt, we examined experimentally
recorded voltage traces (Fig. 5a), counted how often the membrane
potential changed by 2sVmV in dtms, and averaged over our un-
certainty in sV. The results are shown in Fig. 5b, and indicate that
precisely timed events are very rare: events with a precision of
dt5 1ms occur, on average, once every 10,000 seconds per neuron
(about once every 3 h); events with a precision of 5ms occur less than
once every 100 seconds per neuron; and events with a precision of
10–20ms occur less than once every 40 seconds per neuron. In addi-
tion, not only are precisely timed events rare, but the rates shown in
Fig. 5b constitute an upper bound, because precisely timed events
occur by chance at non-zero rates.

Taken together, our results indicate that there is a large amount of
intrinsic noise in cortex, and that this noise puts severe constraints on
spike timing codes. One potential caveat is that our results were
obtained under anaesthesia. The effect of anaesthesia on our estimate
of the number of extra spikes per spike is likely to be small, because
responsiveness of barrel cortex neurons under the awake and anaes-
thetized states is similar16,17. The frequency of large voltage excur-
sions, on the other hand, may be more sensitive to anaesthesia; in
particular, it is possible that the rate of large, fast depolarizing events
(Fig. 5b) is simply higher in awake than anaesthetized animals. A
second caveat is that our analysis assumed linear synaptic integration.
Recent studies show that precisely timed input to dendritic branches
can yield precisely timed output spikes in the axon without large
somatic sub-threshold voltage excursions18–21. These mechanisms,
though, have only been demonstrated in vitro, and only when input
to the dendrites was carefully regulated in both space and time; it
remains unclear to what extent these conditions are satisfied in vivo
(but see ref. 22).

Our study is in line with previous theoretical work that suggests
neuronal networks are chaotic23–26. However, it is, to our knowledge,
the first experimental demonstration of the sensitivity of an intact
network to perturbations in vivo. We are also the first to explore the
consequences of these results for the level of noise in the cortex and its
likely effect on the precision of spike timing.

What do our results imply for neural coding? Superficially, it seems
natural to conclude that if every spike has a large effect on network

activity, then every spike should count, and the brain must be using a
very sophisticated neural code in which the time and identity of every
spike carries meaningful information. In fact, our results imply just
the opposite. This is because network activity is bounded, so growth
of perturbations in some dimensions (for example, as measured by
trial-to-trial difference in membrane potential) necessarily implies
contraction in others27. It is this contraction that causes networks to
rapidly forget their past. Thus, although an extra spike can radically
modify patterns of activity, patterns of activity cannot encode which
extra spike caused themodification. The implication, then, is not that
rat barrel cortex (and, we suspect, other areas of cortex and other
species) must be using a very sophisticated spike timing code, but
that it is likely to be using a code that is robust to perturbations, such
as a rate code in which it is the average firing rate over large popula-
tions of neurons that carries information.

Finally, the fact that studies have foundmillisecond timing both in
anaesthetized and awake animals in the rat barrel cortex28 as well as in
other cortical regions3,29 is not inconsistent with our results. The
precise timing in those studies is associated with a feedforward sweep
of activity caused by a rapidly time-varying stimulus. Our results, on
the other hand, apply to slowly varying stimuli and higher-order
computations, and suggest that in those cases the cortex does not
rely on precise spike timing.

METHODS SUMMARY
Sprague-Dawley rats (postnatal day 18–25, average 45.6 g) were anaesthetized
with urethane (Sigma; 1.5 g kg21, intraperitoneally), and in vivo whole-cell
patch-clamp recordings were made using blind patch techniques. Recordings
were made at a depth of 11806 165mm, and neurons were identified as layer 5
pyramidal cells by input resistance, firing properties and in five cases by cell
morphology (n5 5/5). For the single-cell experiments, excitatory postsynaptic
current (EPSC) waveforms separated by either 100 or 200ms were injected into
the recorded neuron. The rise and decay times of the EPSC waveforms were 0.3
and 1.7ms, respectively, and the amplitudes alternated between four values,
either150, 225,125, 250 pA or1100, 250,150,2100 pA. In some cases, we
performed continuous whisker stimulation; the stimulus had no measurable
effect on the probability of an extra spike (paired t-test, P. 0.9), so we pooled
all data. For the combined intracellular–extracellular recording experiments, we
used in addition a silicon extracellularmulti-site probe (probe typeA-1-16-3mm-
50-177, Neuronexus Technologies) which was lowered to 1200mm from
the brain surface at an angle of 60u. Neurons were then patched in layer 2/3,
100–300mm from the probe. Brief current pulses (2.5–10ms, 1–3nA) were
injected via the patch pipette at 200–400ms intervals to trigger spikes, and both
the intracellular and extracellular signals were recorded. A total of 13,000 stimuli
were injected into ten neurons.When the same spike appeared onmore than one
extracellular recording site, only one spike from one site was selected for analysis.

Full Methods and any associated references are available in the online version of
the paper at www.nature.com/nature.
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METHODS
Animals and surgery. The care and experimental manipulation of the animals
was performed in accordance with institutional and national guidelines. For all
experiments, Sprague-Dawley rats (postnatal day 18–25, average 45.6 g) were
anaesthetized with urethane (Sigma; 1.5 g kg21, intraperitoneally). A small
craniotomy (1mm2) in a region overlying S1 (centred 5.5mm lateral and
2.5mm caudal of the bregma) was made and a small opening (,0.1mm2) was
made in the dura. Supplemental urethane (10%of original dose, intraperitoneally)
was given whenever limb withdrawal responses were present or whisker move-
ments were observed. Body temperature wasmaintained at 37 uCwith a feedback-
controlled heating blanket.
In vivo patch-clamp recording. For the current injection experiments (summar-
ized in Fig. 3,main text), whole-cell patch-clamp recordings weremade using blind
patch techniques31. Standard borosilicate glass patch pipettes (5.5MV) were filled
with internal solution containing the following (in mM): K-methanesulphonate
110, KCl 15,HEPES10,Mg-ATP4,Na2GTP0.3,Na-phosphocreatine 10, and 0.3%
biocytin; pH 7.2, 285mOsm. Access resistance was typically 20–40MV at the start
of the recording and degraded with time. When access resistance rose above
100MV, the recordings were not included in the analysis. Recordings were made
at a depth of 1,1806 165mm, and neuronswere identified as layer 5 pyramidal cells
by input resistance, firing properties and in five cases by cell morphology (n5 5/5).
Data were filtered at 3–10 kHz and acquired at 50 kHz using Axograph software
(Axon Instruments) and an ITC-18 interface (Instrutech). Input resistance was
calculated by fitting a linear function to the steady-state current–voltage curve
(obtained from voltage deflections during 400-ms current steps from2300 pA to
1500pA in 100-pA steps). EPSCwaveforms were generated by a double exponen-
tial current injection with trise5 0.3ms and tdecay5 1.7ms (ref. 32). The experi-
mental protocol consisted of a train of 50 EPSC waveforms separated by 200ms
with alternating amplitudes of either150,225,125,250 pA or1100,250,150,
2100pA. In six of the experiments, diffuse whisker stimulation was delivered by a
custom-made motor rotating at 1Hz driving a 1-cm diameter disk covered with
grade 0 sandpaper. The sandpaper touched the primary whisker and the two adja-
cent whiskers on the same row (all other whiskers were trimmed). The primary
whisker was identified before recording bymonitoring the local field potential with
a low resistance (1MV) electrode filled with artificial cerebrospinal fluid. Stimuli
with and without whisker stimulation were interleaved. The stimulus had nomea-
surable effect on the probability of an extra spike (paired t-test, P. 0.9), so we
pooled all data.
In vivo simultaneous patch-clamp and extracellular recording. For the simul-
taneous patch-clamp and extracellular recordings, a silicon extracellular 16-site
linear probe (type A-1-16-3mm-50-177, Neuronexus Technologies) was
lowered 1,200mm from the brain surface at an angle of 60u. After identification
of clear spiking units, a patch pipette was inserted and lowered to 250mm from
the brain surface, at a perpendicular distance of 100–300mm from the probe
(calculated based on the distance and the angle between the two electrodes using
a custommade system by Luigs &Neumann).We then searched for cells in 2-mm
steps. After establishing a whole-cell recording, brief current pulses (2.5–10ms,
1–3 nA) were injected via the patch pipette into the recorded neuron at 200–
400ms intervals, and both the intracellular and extracellular signals were
recorded using an RX5 Pentusa system (Tucker Davis). Ideally, we would have
liked to have chosen the amplitude and duration of the current pulses so that

each stimulus produced exactly one spike. However, because of up and down
states, this was not possible: a stimulus strong enough to always trigger a spike in
the down state would be strong enough to regularly producemore than one spike
in the up state. Thus we adjusted the strength of the stimulus so that it rarely
produced more than one spike. We were largely successful: out of the 13,000
stimuli we delivered (in ten experiments), only 498 (3.8%) produced two spikes.
Given the linearity between presynaptic and postsynaptic spikes (Fig. 3b), the
small fraction of stimuli that elicited two spikes should have virtually no effect on
our results.
Because spikes were far less likely to occur in the down state than the up state,

the number of spikes in the intracellularly recorded neuron was correlated with
ongoing activity, and thus correlated with spikes on the extracellular electrodes.
Thus, to ensure a flat baseline, we constructed PSTHs triggered on stimulus
onset, not on intracellular spike times. As can be seen in Fig. 4c, this strategy
was successful, as the PSTH was indeed flat before stimulus onset.
The peak in the PSTH after stimulus onset (Fig. 4c) was small, but the fact that

16 consecutive 5-ms binsweremore than one standard deviation above themean
suggests that it is significant. To test this, we constructed a cumulative PSTH by
subtracting the baseline (the mean firing rate between2100 and 0ms) from the
PSTH and integrating the difference (starting from t5 0 and integrating in both
directions). To compute error bars, we used a bootstrap method in which we
constructed surrogate PSTHs by randomly sampling 200-ms epochs from the
extracellular spike trains. We constructed 10,000 surrogate PSTHs, which we
turned into cumulative PSTHs as described above. This gave us a null distri-
bution of cumulative PSTHs at each time point; we used those to construct the
error bars shown in Fig. 4d.
Spike detection. The extracellular signal was separated online into a local field
potential component (0–0.3 kHz) sampled at 3 kHz, and a high frequency com-
ponent (0.3–5 kHz) sampled at 25 kHz. Spike detection was done offline using
the high frequency component of the extracellular signal, as described in
Supplementary Information, section 1.
Biophysical models and network simulations. Simulations using a detailed
model of a layer 5 pyramidal neuron were based on a published model33 with
slight modifications, and were performed in the NEURON simulation environ-
ment34 (see Supplementary Information, section 4). The network simulations
were also based on a previously published model35, but with modifications to
allow the addition and detection of extra spikes (see Supplementary Informa-
tion, section 7).
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