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Recent years have seen a growing interest in inhibitory interneurons and their circuits. A striking property of cortical inhibition
is how tightly it balances excitation. Inhibitory currents not only match excitatory currents on average, but track them on a
millisecond time scale, whether they are caused by external stimuli or spontaneous fluctuations. We review, together with
experimental evidence, recent theoretical approaches that investigate the advantages of such tight balance for coding and
computation. These studies suggest a possible revision of the dominant view that neurons represent information with firing rates
corrupted by Poisson noise. Instead, tight excitatory/inhibitory balance may be a signature of a highly cooperative code, orders of
magnitude more precise than a Poisson rate code. Moreover, tight balance may provide a template that allows cortical neurons to
construct high-dimensional population codes and learn complex functions of their inputs.
Since the first neural recordings by Adrian in 1926 (ref. 1), it has
become accepted wisdom that neurons communicate information
with their firing rates—that is, the number of spikes within a certain time window or across a population of neurons. Indeed, the
information encoded by neurons is still usually extracted by studying
their trial-averaged, time-varying firing rates. However, when neural
recordings in cortical and other brain areas found that the spike trains
of individual neurons are highly irregular, almost random, the firing
rate hypothesis ran into two serious conundrums (Fig. 1).
First, firing spikes at random times, as in a Poisson point process,
seems a particularly foolish idea when the goal is to convey information
in spike counts (Fig. 1a,b). When discrete spike counts are used to
represent continuous numbers, then the achievable precision is limited
solely by the unavoidable discretization. For a given number of spikes
M, the minimum error therefore scales with 1/M. However, because
of its unreliability, the error for a Poisson rate code scales with 1/ M .
In turn, neurons using a Poisson code need to fire a huge excess of
spikes to reach a given level of precision (Fig. 1c). Consequently, the
neural code chosen by the brain—firing rates to be inferred from
unreliable spike trains—seems incongruous. Should evolution not
have stumbled on a ‘better’ design?
Second, generating irregular spike trains within a network of recurrently connected neurons turns out to be a nontrivial problem. When
random spike trains are integrated on a dendritic tree, then the recipient neuron will generally produce a regular output spike train2. So
how can neurons ever produce irregular, Poisson-like spike trains?
Many solutions to the first problem, the ‘coding problem’, have been
proposed3–7, but mostly without specifying how the respective codes
can be generated in recurrent neural networks. A simple solution to
the second problem, the ‘implementation problem’, is to assume that
the excitatory and inhibitory inputs to each neuron are balanced8–12,
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a theoretical proposal that has been largely corroborated by various
experimental observations13–15. However, while the theory of balanced networks solves the problem of how to generate networks that
produce irregular spike trains and account for Poisson rate codes, it
sidesteps the question of why neural systems would represent information so inefficiently. Indeed, implementing even simple functions
in these networks requires thousands of neurons.
Here we briefly review the literature on balanced networks and
then focus on several recent, theoretical studies that seek to reconcile
the apparent randomness of spike trains with an efficient population
code—that is, a code that scales with 1/M (refs. 16–21). These studies are based on networks in which the balance between excitatory
and inhibitory inputs is temporally much tighter than in the original,
‘loosely’ balanced networks. We discuss the various theoretical benefits of these networks, which, besides the higher coding efficiency,
include separate recurrent loops for coding and computation, and the
ability to simultaneously represent almost as many variables as there
are neurons in the network. We furthermore review several experimental studies that lend support to the notion of ‘tight’ balance. This
recent body of work suggests that the irregularity and unreliability
of spike trains at the single-neuron level coexist with a maximally
efficient code at the population level.
Loosely balanced networks
We illustrate the relationship between the balance of excitatory and
inhibitory input currents (E/I balance) and the variability of the
output spike train in Figure 1d,e. Here an integrate-and-fire neuron
is bombarded with noisy, Poisson-distributed spike trains from both
excitatory and inhibitory sources. If excitation dominates, temporal
averaging of the total input currents results in a mean positive drift of
the membrane potential toward threshold, causing a relatively regular output spike train despite the high level of input noise (Fig. 1d).
However, if excitation and inhibition cancel each other on a slower
time scale yet are uncorrelated on a faster time scale, then the net
input current will be dominated by these faster fluctuations, and the
membrane potential will follow an uncorrelated random walk toward
threshold, resulting in an output spike train with Poisson statistics
(Fig. 1e). We will refer to this type of balance as ‘loose’ balance,
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since the faster fluctuations in the excitatory and inhibitory inputs
are uncorrelated.
The proper balancing of input currents into each neuron might
seem to require some type of synaptic fine-tuning. However, on the
network level, such a balance can arise dynamically if two conditions
are met. First, connections must be sparse and random, such that two
neurons receive essentially uncorrelated inputs from the network. In
this case, the average number of connections per neuron, K, is much
smaller than the number of neurons in the network, N; that is, KN.
Second, inhibitory connections must be larger than excitatory connections9,12,22. In the balanced regime, the excitatory and inhibitory
input currents into any given cell are so large that, were the inhibitory
inputs to shut down, the cell would immediately be driven into saturation. However, the two currents balance on average, so that any mean
increase in excitation recruits proportionally more mean inhibition,
while the fast fluctuations in E and I currents remain uncorrelated. As
a result, the neuron’s membrane potentials undergo a random walk, the
membrane potentials of different neurons are uncorrelated, and their
spike trains are irregular and uncorrelated. On the network level, these
irregular, asynchronous spiking dynamics are possible because the
neurons’ activity evolves on a chaotic12 or quasi-chaotic23 attractor.
One consequence of these chaotic dynamics is that the timing of
individual spikes becomes strongly susceptible to even small amounts
of noise11. Indeed, even tiny perturbations can lead to a complete
reshuffling of future spikes. Since spike timing is not a reproducible
property of these networks, it becomes impractical as a coding strategy24. Fortunately, the average firing rates of the neurons do carry
information. Since the strength of the input fluctuations is coupled to
the mean input signal, the output firing rate of a neuron grows linearly
with the strength of the excitatory and inhibitory inputs9,11. Although
the spike times are chaotic, the time-averaged firing rates of individual
neurons remain relatively constant. Furthermore, chaotic balanced
networks can precisely track any input signals, and the tracked signals
can be read out by averaging spikes over the whole population9. This
theoretical work therefore strongly supports the Poisson rate coding
hypothesis of cortical populations: that is, that information about
sensory and motor variables is represented in the firing rates of large
neural populations and that spikes are simply random samples from
the underlying rates24.
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Experimental evidence for E/I balance
The suggestion that E/I balance underlies the irregularity of cortical
spike trains inspired researchers to test whether this balance exists
in vivo. While the initial theories of loosely balanced networks
ignored certain aspects of cortical architecture (for example, that connectivity is not random), they still made several key predictions that
stood out.
Probably the first and foremost prediction is that inhibitory and
excitatory current inputs should be balanced on a trial-by-trial basis.
A key problem with the testability of that prediction is that one cannot
simultaneously measure excitatory and inhibitory current inputs to
the same neuron. However, experimenters can measure mean excitatory and inhibitory conductances (gE and gI) separately by maintaining the membrane voltage at different levels 25. Since the ratio
gE/gI determines the stationary membrane potential of the cell (at
which point excitatory and inhibitory currents cancel), a signature
of E/I balance is that this ratio will remain constant under different
conditions (for example, for different stimuli or behavioral states).
The precise value of the ratio, however, does not matter. Average
conductance ratios have indeed been found to remain constant in
many systems, which largely corroborates the ideas of E/I (current)
balance13,14,26,27. Furthermore, cortical neurons do operate in a
high-conductance regime28.
The second prediction is that this average balance will be maintained no matter what external input is applied. This prediction was
specifically tested in sensory systems where one can vary the stimuli
and then observe whether and how that changes the E/I balance. In
various sensory cortices and particularly in layer 4 thereof, stimuli
that evoke the strongest mean excitation also evoke the strongest
inhibition29–38. However, no consistent picture concerning the relative tuning of excitatory and inhibitory inputs has emerged. In some
experimental preparations, the tuning curves of excitatory and inhibitory conductances are extremely similar14,29,37,38 (Fig. 2a, left). In others, inhibition is more broadly tuned, yet it usually peaks at the same
location as excitation36,39–42 (Fig. 2a, right). Moreover, the weights of
synapses from inhibitory to excitatory neurons are exquisitely tuned
to match the excitation to each neuron, a fine balance that is homeostatically maintained27. Finally, in auditory cortex, the co-tuning of
excitatory and inhibitory currents is actively enforced by an inhibitory
VOLUME 19 | NUMBER 3 | MARCH 2016
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plasticity mechanism, a process that appears crucial for learning and
behavioral performance43–47.
A third prediction is that, when a neural system is driven by strong,
dynamic external inputs, inhibition should closely track excitation.
This has indeed been found in many experiments. In visual, somatosensory and auditory cortices, the sudden occurrence of a sensory
stimulus causes a sharp increase in excitatory currents, followed a few
milliseconds later by a sharp increase in inhibitory currents14,31,33,34.
This short delay between excitation and inhibition, compatible with
disynaptic inhibition, opens a brief ‘window of opportunity’ for the
neuron to fire (Fig. 2b).
Experimental evidence for a tighter E/I balance
While the above results support the hypothesis that cortical networks
are in a balanced state, further experimental observations suggest
that this balance may be tighter than expected in the loosely balanced
regime. One apparent mismatch between experimental observations
and loosely balanced networks concerns spontaneous activity, and contrasts with the stimulus-driven scenario. Loose balance of networks predicts that spontaneous fluctuations in excitatory and inhibitory currents
(in the absence of a time-varying external drive) should be uncorrelated.
Since one cannot measure conductance ratio by averaging over ‘trials’
in this case, the prediction cannot be tested directly. However, adjacent
neurons in cortex receive strongly correlated synaptic inputs48,49, so
that one can use pairs of nearby neurons to infer the correlations of E
and I currents in each one of them. Excitatory and inhibitory events
are strikingly correlated during global current fluctuations caused by
transitions between the depolarized, high-conductance UP states and
the hyperpolarized, low-conductance DOWN states in cortex13,26,49,
with inhibitory events trailing excitatory events by only a few milliseconds (Fig. 2c). While somewhat weaker, correlations between E and I
currents are also observed within the UP states or in the absence of
DOWN states48,50,51. Moreover, strong temporal correlations between
excitatory and inhibitory currents are observed during oscillations in
the gamma frequency range in the hippocampus52 (Fig. 2d) or the beta
frequency range in the piriform cortex42. In those examples, the phasic
increase in inhibition immediately follows the increase in excitation
with a delay of a few milliseconds. The amplitude of change in the two
current fluctuations are even correlated on a cycle-by-cycle basis52.
Another mismatch between experimental observations and loosely
balanced networks concerns the correlations between the membrane
potentials of similarly tuned neurons when they respond to their
preferred stimuli. Loosely balanced networks predict that the membrane potentials of such neurons should be uncorrelated. Although
spike train correlations range from weak to absent53, the membrane
potential fluctuations of similarly tuned neurons are often correlated.
nature neuroscience
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Figure 2 Schematic illustration of key experimental findings. (a) Co-tuning
of excitatory (red) and inhibitory (blue) inputs into sensory neurons. Black
E
represents the tuning curve of the neuron. We distinguish two types of
E
E
observations. In one set of observations (left), excitatory and inhibitory
I
inputs are balanced for all conditions or stimuli; firing occurs essentially
I
I
because of temporal mismatch between excitation and inhibition (see b).
Stimulus
Stimulus
Time
In another set of observations (right), they are balanced only at the preferred
100 ms
stimuli of a neuron (right), and otherwise inhibition dominates, causing a
10 mV
200 ms
sharpening of the tuning curve. (b) During stimulus presentations, inhibitory
E
inputs match excitatory inputs in size and trail them by a few milliseconds
E
only. (c,d) During spontaneous activity, inhibition still matches and trails
I
excitation by a few milliseconds. Shown are the time course of inhibitory
I
and excitatory currents and a magnification in time. (c) Switching between
Time
UP and DOWN states. (d) Gamma oscillations in the hippocampus.
(e) Membrane and spike train correlations between nearby or similar pairs of neurons. Neurons with similar inputs usually exhibit strong co-fluctuations in
the membrane voltage and much weaker or nonexistent correlations in their spike times (right). Panel e reproduced from ref. 54, Elsevier.

For example, the membrane potential of nearby neurons exhibit high
levels of synchrony when they are responding to their preferred stimulus, despite the fact that their spike trains remain irregular and mainly
asynchronous54,55 (Fig. 2e).
These experimental observations suggest that we may need to
modify a crucial aspect of the theory of loosely balanced networks.
Spike generation may indeed not result from a random walk of the
membrane potential to threshold, caused by uncorrelated fluctuations in E and I currents. Instead, E and I currents could be tightly
locked, such that neurons are ‘allowed’ to fire only during the brief
occasions when inhibition fails to track stimulus drive and spontaneous fluctuations in excitation. Since inhibition is provided by locally
dense and strong connections to and from interneurons, spiking may
in fact results from a highly interactive, competitive process between
neurons in the same local population.
Tightly balanced networks
How does the brain achieve this regime wherein inhibition closely
tracks excitation, even in the absence of external stimulation? A recent
theoretical study showed that such temporally detailed balance can
still be realized in randomly connected networks56. In the loosely
balanced networks presented in the first section, neurons receive few
connections K compared to the size of the network N, so that K  N.
Renart and colleagues investigated a scenario in which connections
are dense instead of sparse, so that K is of the same order as N, an
assumption compatible with measurements in local microcircuits.
In that scenario, excitatory and inhibitory currents received in the
same neuron, as well as currents received by different neurons,
are strongly correlated, and inhibition tracks excitation on a fine
temporal scale56 (Fig. 1f).
However, it is also possible to achieve a tight balance in sparsely
connected networks, by using inhibitory plasticity rules that render
inhibition more apt at tracking excitation on a fine temporal scale.
For example, Vogels and colleagues showed that a rule that reinforces
inhibitory connections if pre- and postsynaptic spiking occurs in close
temporal proximity, and otherwise weakens them, could achieve a
temporally tight balance57. This type of spike-time-dependent
plasticity rule was later reported in auditory cortex43.
The problem of coding efficiency revisited
While these theoretical studies show how tight balance can be
achieved, a larger question remains that pertains to balance per se.
Why would neural systems operate in this regime? Why would cortex
“simultaneously push on the accelerator and on the brake?”15. Why
not simply use smaller excitatory currents to achieve the same firing
rates but with less variability? Surprisingly, recent theoretical studies
377
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Figure 3 Coding with tightly balanced networks. (a) Using balance
–(x + x)
for coding. Here the network receives an excitatory input signal (red),
x
which for technical reasons combines x(t) and its derivative x (t ) = dx / dt
x
(refs. 16,18,19). The excitatory input signal in turn is balanced
V1
.
by an inhibitory feedback loop (blue). The feedback loop subtracts the
+
x+x
V
network’s representation of the input from the actual input, so that only the
2
momentary representation or decoding error is fed into the network. In the
V3
tightly balanced regime, the inhibitory loop cancels the excitatory input, and
Output
V4
therefore x̂ (t ) ≈ x (t ). (b) This schema can be implemented in an architecture
Time
of excitatory (red) and inhibitory (blue) neurons. Here the signal x(t) is fed
Di
into the dendritic tree of the excitatory neurons. The spiking output of these
x2 – x2
neurons represents the readout x̂ (t ) , which is fed back through an inhibitory
loop to cancel the input signals. (c) Toy example with four identical neurons.
Ti
Shown are the input signal x(t), its estimate x̂ (t ) , and the voltages Vi, and
Vi
Input
spikes (black dots) of the four neurons. The neuron’s voltages track the
error x (t ) − xˆ (t ). The neurons take turns firing whenever this error exceeds
a threshold. The fast mutual inhibition prevents more than one neuron from
x1 – x1
firing in each integration cycle. In turn, the input signal is well approximated
by the population of four neurons. (d) Error space plot. In larger networks,
V
the voltages of the neurons track projections (small green dots) of the
Time
reconstruction error (large green dot). Every neuron (index i) represents one
specific direction in this error space, given by its feedforward weights Di.
Whenever the error becomes too large in this direction, the neuron’s voltage Vi
exceeds its threshold Ti and the neuron spikes, thereby updating the readout x̂ and minimizing the reconstruction error x − xˆ. (e) In larger networks—that is,
ones with hundreds or thousands of neurons that represent many variables—the voltages and spike trains no longer look as cartoonish as in c. Shown here are
the membrane potentials of two neurons with similar tuning. The membrane potentials are strongly correlated, while the spike trains are only weakly correlated.

b

d

npg

© 2016 Nature America, Inc. All rights reserved.

e

suggest that neural networks can achieve optimal accuracy and efficiency in their representation by ensuring that the balance is as tight
as possible. Accordingly, just as loose balance is related to Poisson rate
coding, for which coding errors decrease as 1/ M with the number of
spikes M, these studies suggest that tight balance is related to efficient
coding, for which coding errors decrease as 1/M (Fig. 1c)16–18.
The problem of coding is revisited in Fig. 3. Here the initial objective is to design a network that represents a time-varying input with
maximal efficiency; for example, with the minimum number of spikes
for a given level of accuracy. Using this objective, one obtains a network of integrate-and-fire neurons with a specific, dense connectivity
(Fig. 3b). The excitatory neurons receive the excitatory feedforward
input signal and send connections to a population of inhibitory neurons, which in turn cancel (and thereby balance) the feedforward
inputs into the excitatory neurons as accurately as possible. This
scheme serves to rapidly communicate shared information through
mutual inhibition, thus dividing the task of coding the time-varying
inputs among the neurons. In turn, the resulting spike code is highly
efficient at the population level. This type of network, which we call
a ‘spike-coding’ network, can be interpreted as an auto-encoder that
is driven by its own coding errors (Fig. 3a).
The essential workings of the spike-coding network can be illustrated in a toy example (Fig. 3c). Here four identical neurons seek to
encode a time-varying input signal, x(t), in their output spikes, such
that the signal can be decoded from the neurons’ spikes through linear filtering and summing, yielding an estimate x̂ (t ). By design, the
voltage of each neuron can be reinterpreted to represent the decoding
error, so that Vi (t ) ∝ x (t ) − xˆ (t ) for i = 1,...4. Initially, no neuron fires
and x̂ (t ) = 0 . As the excitatory input x(t) grows, it depolarizes the
membrane, which corresponds to an increase in the decoding error.
As soon as one of the neurons hits thresholds and fires, the estimate
x̂ (t ) is updated and the voltages or decoding errors of all neurons
decrease. This instantaneous decrease of the voltages is mediated
through fast inhibition from the spiking neuron (and its own reset).
As time progresses, the voltages depolarize again and the game
restarts. To put it briefly, the excitatory input signal causes an error
in the population code, which is rapidly cancelled by recurrent inhi378

bition as soon as one of the neurons spikes to correct the population
code. In this view, tight E/I balance results through the quick resolution of coding errors, first created by excitation and then resolved
through inhibition.
Three striking observations follow from this simple toy model.
First, despite the practically deterministic tracking of the input signal,
each spike train is irregular (or random). In consequence, each neuron
exhibits high trial-to-trial variability when the same input signal is
repeated16. The second observation is that the voltages are highly correlated (identical), but the spike trains are not. The third observation
is that the network is robust against eliminating individual spikes16,17
or against eliminating complete neurons16,58.
Accordingly, efficient coding with spikes implies that neurons
need to be tightly balanced. To what extent the reverse is true—that
is, whether tightly balanced systems automatically provide better
coding—remains to be fully investigated. The spike-coding network in
Figure 3 is not simply densely connected, but also has higher connection strength and more structured connections than other balanced networks. For instance, assuming a fixed average firing rate, the strength
of connections in the network by Renart and colleagues decreases
as 1/ N (ref. 56), while it remains independent of network size in
the spike-coding network16. Moreover, neurons in the spike-coding
network are not randomly connected, but share reciprocal,
symmetrical connections. Finally, the membrane potentials in
the spike-coding network are strongly correlated, while they are
uncorrelated in the model of Renart et al.
Higher coding efficiency opens the door to multidimensional
population coding
All of the balanced network models that we have discussed so far assume
a population of neurons that share identical inputs. As such, these
networks essentially represent a single, unidimensional signal. However,
most cortical systems are thought to operate in high-dimensional
sensory or motor spaces. Indeed, different neurons receive distinct,
only partially overlapping sets of feedforward input signals, and they
have different tuning curves as a result. How can a network remain
balanced in such conditions?
VOLUME 19 | NUMBER 3 | MARCH 2016
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Theoretically, a simple solution would be to represent each sensory
variable by its own private E/I network, with no connections among
different networks. In reality, however, sensory variables are multiplexed and each neuron receives multiple sensory inputs. When the
efficient coding objective of the spike-coding network in Figure 3
is extended to multidimensional inputs, it predicts that E and I currents are not only correlated and tightly balanced, but also similarly
tuned in each neuron16. As before, the depolarization caused by the
excitatory inputs corresponds to the accumulation of a coding error
in the neurons’ membrane voltages. However, since the coding error
is now multidimensional, each neuron sees only a part of it, or, more
specifically, sees only the projection of the error onto the neuron’s
feedforward weights in input space (Fig. 3d)16,19. If the error becomes
large enough for one of the neurons to reach threshold, that neuron
spikes, and its spike causes fast inhibition (via inhibitory interneurons) of all neurons that need to know that the error just changed.
Even though the resulting spike trains are asynchronous and irregular,
the networks track the multivariate input signals with an accurate,
stepwise approximation (Fig. 3c)16,19. The resulting code reaches the
maximal precision possible with a rate code by cleverly distributing
spikes across the population. For large networks, the code outperforms a population of independent Poisson rate neurons by orders
of magnitude.
If, in addition, one uses realistic synaptic dynamics rather than
instantaneous updates, these networks reproduce the experimental
results shown in Figure 2b–e (refs. 59,60). Inhibitory currents track
excitatory currents very closely with a few milliseconds delay and
have the same tuning curve. The membrane potentials are synchronous even if the spike trains are not (Fig. 3e). Furthermore, plausible spike-time-dependent plasticity rules can enforce this optimal
network structure (ref. 18, W. Brendel, R. Bourdoukan, P. Vertechi,
D. Barrett, C.K.M. et al., unpublished observations).
As a direct result of their higher efficiency, the representational
capability of the spike-coding network is surprisingly high. Returning
to Figure 3d, we notice that we could keep the error bounded with
only N = 4 neurons if, for example, their feedforward weights are
aligned with the axes and point in the four cardinal directions. More
generally, spike-coding networks can reliably represent up to N /2
variables. In other words, a very tightly balanced network could work
with an N /2-dimensional population code, far beyond what could be
expected from a rate-based population code.
Computing without imbalancing
The above section suggests an explanation for why cortical neurons
seem so tightly balanced and proposes that cortical networks represent information with high efficiency. While such ‘autoencoder’
systems can be used for feature extraction or causal inference19,21, it
is not immediately clear how to perform more general computations,
such as, for instance, those that require some type of memory. The key
problem is to reconcile the need for computation with the constraints
imposed by balance. Many classical computational architectures seem
to require some type of imbalance, either on the excitatory or on the
inhibitory side. These include, among others, attractor networks based
on positive feedback61, Mexican-hat architectures for sensory processing61 or reservoir computing schemes62,63. However, any increase in
the excitatory drive will break the E/I balance and therefore lead to
more regular firing10,64 (Fig. 1d). As explained above, such imbalances
on the excitatory side have not been observed. Rather, it seems that
E/I balance is constantly maintained at the level of each neuron.
Three general solutions to this problem have been proposed. One
possibility is to move the key nonlinearities used in attractor networks
nature neuroscience
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from the output side of a neuron to the input side. Indeed, when
using synaptic and/or dendritic nonlinearities to perform computations, interferences with the balanced state can largely be avoided65.
However, while loose balance can be maintained under such
conditions, it is unclear whether one can also maintain tight balance
and its efficient coding with spikes.
Another possibility is to use a more tightly balanced network and
use the brief window when excitation and inhibition become unbalanced to perform computations66. In tightly balanced networks, if an
input suddenly increases the activity of excitatory cells, the inhibitory cells quickly catch up, and the difference between excitatory
and inhibitory responses decays rapidly back to zero. However, at
the same time, the sum total of excitatory and inhibitory responses
shows a strong transient amplification. If the network is tightly
balanced—that is, if excitatory and inhibitory connections are strong
and have a similar structure—this effect will selectively amplify the
components of the feedforward inputs that match the patterns of
recurrent connectivity, a mechanism that could explain why patterns resembling orientation columns are observed during spontaneous activity in cortex66. More recently, Hennequin and colleagues
showed that a similar amplification effect can be used to provide a
rich reservoir of dynamics in a tightly balanced network67. Combined
with a simple linear readout, such selective balanced amplification
can potentially explain complex population responses in motor
cortex67,68. Again, however, it is unclear how these ideas, which are
mostly worked out for rate networks, relate to the tight balance used
for efficient coding with spikes.
Combining coding and computational benefits of tight balance
A third possibility to address the above concern is to separate the
time scales on which the system encodes information from the
time scale on which it computes. Indeed, the spike-coding framework (Fig. 3) can be generalized by introducing a second, slower
feedback loop16,17. Neurons can then use the faster coding loop
to balance both their feedforward input and the additional inputs
from the slower feedback loop (Fig. 4a). In turn, this slower loop
can be used to compute arbitrary linear16,69 or nonlinear20,70
differential equations.
The connectivity structure of these networks is shown in Figure 4b.
Here the excitatory neurons receive three types of inputs: feedforward
inputs, fast inhibitory inputs (for example, from parvalbumin cells
in cortex) and slow recurrent inputs. The fast recurrent inputs perform the same function as in the spike-coding networks in Figure 3.
However, the slow recurrent inputs reintroduce a delayed version
of the represented variables into the neurons. If this delayed version
is combined with dendritic nonlinearities, many kinds of nonlinear operations on the represented variables can be performed20,71.
In practice, these slow inputs could arise both through recurrent connections from the excitatory population or mediated through additional inhibitory interneurons (not shown).
A particular example of these types of ideas is a ‘neural integrator’:
that is, a network that takes an input c(t) and provides as output
t

x (t ) = ∫dt ′c (t ′ ) .
0

This computation can be implemented in the spike-coding network
if the slow recurrent loop is excitatory and exactly matches the fast
inhibitory loop in size16,17,72,73. Notice that the joint operation of
the fast and slow loops effectively feeds the negative derivative –dx/dt
of the represented signal x(t) back into the network. Since these
two loops and the feedforward input, c(t), are balanced, the resulting
379
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Figure 4 Computations with tightly balanced networks. (a) Using balance
for computation. Here the network balances an excitatory input signal c(t)
and excitatory recurrent feedback xˆ + f ( xˆ ) with an inhibitory feedback
loop (compare Fig. 3a). In the tightly balanced
regime, the inhibitory and
.
excitatory inputs cancel, and therefore xˆ ≈ f ( xˆ ) + c, so that the network
implements a particular differential equation. (b) This schema can likewise
be implemented in a network of excitatory and inhibitory neurons. Just as
in Figure 3b, some of the inhibitory neurons will mediate fast inhibition to
construct the efficient population code. In addition to those found in Figure
3b, a second set of recurrent connections, which may include additional
inhibitory or excitatory neurons (not shown), provides slower feedback and
allows the system to perform computations. (c) A neural integrator as a
specific implementation of this type of architecture. Here the balanced
condition dictates that the recurrent input, –dx/dt, cancels the feedforward
input c. The resulting computation, dx/dt = c(t), implements an integrator.
Negative derivative feedback is implemented through a fast inhibitory and
a slower excitatory loop. (d) Implementation of a harmonic oscillator in a
network of N = 100 neurons, using the network architecture in b, adapted
from ref. 16. Shown are the self-generated oscillations of the readout
variables [x̂1] and [x̂ 2 ]. The inset highlights the discrete nature of the
representation. (e) Spike raster of all 100 neurons in the network during
a single oscillation phase. (f) Trial-averaged, time-varying firing rates of
selected neurons.
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computation, c(t) – dx/dt ≈ 0, becomes an integration (Fig. 4c)16,72.
In other words, the interplay of slow excitation and fast inhibition
(Fig. 4a) can be seen as re-injecting the negative derivative of the
population response into the network, thereby stabilizing the representation and getting rid of fast ‘undesirable’ fluctuations. Biophysically,
this could occur if excitatory synapses have significantly slower
dynamics than inhibitory synapses (for example, NMDA versus
AMPA and GABAA for E-to-I and I-to-E synapses, respectively)72,73.
The resulting networks are far more robust than alternative models
relying on self-excitation only or on attractor dynamics with local
excitation and global inhibition73.
In Figure 4d–f, we show another example of a spike-coding network, this one having 100 neurons and generating the dynamics of
a harmonic oscillator. Just as in the toy example in Figure 3c, the
network creates a stepwise approximation to the desired dynamics
(Fig. 4d). Individual neurons fire irregular and seemingly noisy spikes
(Fig. 4e), yet this ‘noise’ is practically eliminated once the information is read out. Neurons are persistently active at different times
during the oscillation cycle (Fig. 4e,f), which resembles the type of
delay-period activity found in several higher order brain areas such as
the striatum74 or the parietal cortex75. Importantly, this network (or
any other network following the scheme outlined in Fig. 4a) inherits
the robustness, efficiency and stability of the autoencoder networks
from Figure 3. Because of this increased efficiency, the network can
achieve much longer integration times or short-term memory periods without suffering from the unstable nature of chaotic, loosely
balanced networks.
Breaking the balance: untuned inhibition
Tight E/I balance is frequent, but not universal. There are cases when
inhibition dominates or is significantly less tuned than excitation (Fig. 2a,
right), such as orientation tuning in the visual cortex of mice39 or odor
coding in the olfactory cortex42,76. Moreover, excitatory and inhibitory currents have much more complex and variable interactions in
deep layers of the visual cortex30,77.
We propose that these mismatches to tight balance may in part be
due to a confound between ‘inhibition for coding’ (the fast connections
in Fig. 4a,b) and ‘inhibition for computation’ (the slow connections in
Fig. 4a,b). Indeed, there is a fundamental asymmetry of E/I balancing: while
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inhibition tracks excitation when a neuron is stimulated, the reverse
does not seem to hold; that is, excitation does not compensate for
inhibition when the neuron is suppressed. This may explain, for
example, why inhibition appears to dominate in the visual cortex of
awake mice, with neurons spiking for less than 1% of stimulus presentations, while it is balanced with excitation in anesthetized mice,
when neurons spike for around 8% of stimulus presentations78. Note
that neurons in awake auditory cortex do seem to be balanced79, suggesting that these issues require further investigation.
Interestingly, how well-tuned inhibition is appears to depend
on whether the corresponding sensory feature is represented topographically15. For example, neighboring neurons have similar
orientation selectivity in cat visual cortex80 but not in rodents81.
Accordingly, inhibition is similarly tuned to excitation in cats29
but less so in mice39. A similar reasoning can be applied to odor
coding in olfactory cortex42,76. In agreement with the observation
that inhibitory tuning is limited to topographically represented
features, inhibition has been reported to be extremely local and
dense; that is, inhibitory neurons are connected to most local pyramidal cells82–84 even if cells of very different selectivity connect to the
same interneuron85.
Loose or tight: a question for the future
In parallel with the increasing evidence for a finely tuned tight balance
in cortical networks, we have shown that recent theoretical studies
paint a new picture of E/I balance. Here balance does not simply generate noisy spike trains, but rather appears as a fundamental mechanism for the generation of efficient, high-dimensional population
representations and computations with spikes.
While we hinted at the possibility of eventually reaching a coherent
framework linking dynamic and computational approaches to tight E/I
balance, many unanswered questions remain, both on the theoretical
and experimental side. One of the most pressing questions concerns
the relationship between the tightly balanced networks seen from a
dynamic perspective, such as in the model by Renart and colleagues56,
and spike-coding networks derived from a computational objective16.
They share some similarities in their phenomenology, but also major
differences concerning the strength and structure of connections or
the correlations in membrane potentials. It is unclear to what extent
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all tightly balanced network inherit some of desirable properties of
spike-coding networks.
Let us emphasize as well that experimental data remain ambiguous
and do not uniquely support tightly balanced over loosely balanced
networks, especially in awake, high conductance regimes. In fact, we
might expect that cortical networks exist somewhere in a continuum
between loosely balanced network, inefficient but cheap in terms of
number of connections per neuron and structure, and very tightly
balanced spike-coding networks, highly efficient but with extremely
structured, dense connections that have to constantly be maintained
by spike-timing-dependent plasticity rules.
What experiment could be performed to locate biological networks
along this continuum? One promising direction would be to combine inactivation experiment (for example, using optogenetics) with
recordings and behavior58. Indeed, spike-coding networks exhibit
supreme robustness, not predicted for randomly connected networks.
Another option would be to analyze the neural variability in more
detail, using massive multiunit recordings (for example, calcium
imaging or dense arrays). A large component of this variability should
indeed be orthogonal to the stimulus representation (that is, it would
not affect the decoding of the stimulus from the neural responses).
Results from such studies could decide in the near future whether or
not we need to revise widely shared ideas about the neural code.
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