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Functional consequences of inh
ibitory plasticity:
homeostasis, the excitation-inhibition balance and
beyond
Henning Sprekeler
Computational neuroscience has a long-standing tradition of

investigating the consequences of excitatory synaptic

plasticity. In contrast, the functions of inhibitory plasticity are

still largely nebulous, particularly given the bewildering diversity

of interneurons in the brain. Here, we review recent

computational advances that provide first suggestions for the

functional roles of inhibitory plasticity, such as a maintenance

of the excitation-inhibition balance, a stabilization of recurrent

network dynamics and a decorrelation of sensory responses.

The field is still in its infancy, but given the existing body of

theory for excitatory plasticity, it is likely to mature quickly and

deliver important insights into the self-organization of inhibitory

circuits in the brain.

Address

Department for Electrical Engineering and Computer Science, Berlin

Institute of Technology, and Bernstein Center for Computational

Neuroscience, Marchstr. 23, 10587 Berlin, Germany

Corresponding author: Sprekeler, Henning (h.sprekeler@tu-berlin.de)

Current Opinion in Neurobiology 2017, 43:198–203

This review comes from a themed issue on Neurobiology of learning

and plasticity

Edited by Leslie Griffith and Tim Vogels

For a complete overview see the Issue and the Editorial

Available online 10th May 2017

http://dx.doi.org/10.1016/j.conb.2017.03.014

0959-4388/# 2017 The Author. Published by Elsevier Ltd. This is an

open access article under the CC BY-NC-ND license (http://creative-

commons.org/licenses/by-nc-nd/4.0/).
Introduction
The notion that synaptic plasticity is the underpinning of

learning and memory has become an accepted standard in

neuroscience [1]. The overwhelming majority of research

on synaptic plasticity has focused on the plasticity of

excitatory synapses, a large number of which display

long-term potentiation and/or depression [2]. The smaller

sibling — plasticity of inhibitory synapses — has

attracted less attention, mostly for technical reasons.

Inhibitory cells are smaller and less numerous and hence

harder to access physiologically. Moreover, they present a

confusing variety of cell types [3] that is laborious to

control for in classical paired recordings.
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Despite their smaller numbers, inhibitory cells play an

essential role in shaping the dynamics, response proper-

ties and plasticity of neural circuits [4]. In recurrent

networks, inhibition is thought to stabilize excitatory

feedback loops and support the generation of oscillations

[4], as well as mediate neural competition [5], decorrela-

tion [6] and normalization [7]. Inhibition can also act as a

gate for neural signal propagation [8], dendritic computa-

tion [9,10] and learning [11,12], and sharpen the stimulus

selectivity and temporal profile of sensory responses [4].

Many of these functions require a suitably titrated

amount of inhibition. It is hence likely that the nervous

system possesses homeostatic mechanisms that keep the

inhibitory tone on a functional level. An obvious candi-

date for this job is plasticity of inhibitory synapses, or

potentially excitatory synapses onto inhibitory neurons.

This review is limited to the former, that is, to plasticity in

GABAergic synapses, and specifically to recent computa-

tional work. Recent advances in the experimental char-

acterization of inhibitory synaptic plasticity (ISP) have

been reviewed elsewhere [13–15].

Traditional neural network models mostly ignored Dale’s

law and contained inhibition in the form of either nega-

tive ‘neural activations’ or negative synaptic weights.

Synaptic plasticity could freely turn excitatory into inhib-

itory synapses and back, so that excitatory and inhibitory

plasticity were inextricably intertwined. The transfer of

classical neural network concepts to Dalian networks

gained momentum in the 1990s, with a series of studies

on Dalian attractor networks [16] and the emerging

concept of balanced networks [17]. Inhibitory connec-

tions in these networks were typically hand-wired, and

often required tiresome parameter adjustments, at least in

networks with complex structure. The idea that these

adjustments could be done in a self-organized way — by

reserving an independent role for inhibitory plasticity —

has gained popularity only relatively recently.

Inhibitory plasticity for network stabilization and

homeostasis

A classical function of recurrent inhibition is to counteract

the instability that arises from recurrent excitation

[17,18�� [1_TD$DIFF]]. This stabilizing inhibitory feedback loop has

led to the notion of a balanced network state, in which

excitation and inhibition compensate each other on aver-

age and spikes are driven primarily by fluctuations.
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Functional roles of inhibitory plasticity. (a) When recurrent excitatory connections get stronger than a critical value, spiking recurrent networks

undergo a sudden transition from a low-rate, often asynchronous irregular regime (AI state) into a hyperactive, synchronous state [19]. Inhibitory

synaptic plasticity (ISP) can stabilize these networks by a suitable potentiation (iLTP) or depression (iLTD) [3_TD$DIFF] of the inhibitory negative feedback loop

[18��,25,28,34], thereby ensuring stability even in the presence of network heterogeneities or changes in recurrent excitation [20��,30��,31–33].

(b) Input-specific long-term potentiation or long-term depression allows a pathway-specific, stimulus-specific or context-specific homeostatic

control of neural activity, if specialized inhibitory neurons are available. In a given context A, a neuron that has a higher activity than its target can

be inhibited by potentiating a context-specific inhibitory input. In a different context B, the activity of the same, but now overly quiet neuron is

increased by a depression of inhibitory connections [25], such that the neuron eventually reaches the target rate in both contexts. (c) In traditional

neural networks, a decorrelation of neural responses can be achieved by Hebbian plasticity in recurrent inhibitory connections. Recurrent inhibition

among two neurons is potentiated as long as they are positively correlated, thereby gradually removing the correlation [50]. Hebbian plasticity in

feedforward connections from sensory inputs can then permanently imprint the resulting decorrelated representation. If sensory representations

reside in excitatory cells, the applicability of this mechanism is not obvious, because inhibition is disynaptic and inhibitory cells receive input from

many excitatory cells. Modeling studies suggest that Hebbian inhibitory plasticity tends to decorrelate sensory responses nevertheless [32].
A consequence is an asynchronous and irregular network

state [17] that is similar to observed cortical activity. In

random networks, this state is quite robust, as long as

recurrent inhibition is sufficiently strong [19]. The situa-

tion is more complicated in structured networks, for

example, in the presence of embedded Hebbian assem-

blies [20��,21], feedforward chains [22] or other hetero-

geneities [23]. In inhomogeneous networks, different

neurons can receive a drastically different amount of

excitatory drive and hence require an individualized level

of inhibition to be in a balanced state.

Such a cell-specific balance can be achieved by a synaptic

plasticity rule in inhibitory synapses that depends on the

postsynaptic firing rate [24–26]. The core idea is that an

excess or lack of inhibition manifests itself in the activity

of the neuron. High activity indicates a lack of inhibition,

which can be counteracted by a potentiation of inhibitory

synapses (Figure 1a). Low activity indicates an overshoot

of inhibition (or a lack of excitation), which can be

reduced by a depression of inhibitory synapses. A side

effect of such a plasticity rule is a homeostatic mainte-

nance of the activity level at the point where potentiation

and depression compensate each other precisely. If this

maintained activity level is much lower than what the cell
www.sciencedirect.com
would show in the absence of inhibition, the homeostasis

effectively balances the incoming excitatory drive by

inhibition. This balance of excitation and inhibition

can be tailored to different input conditions or stimuli,

by limiting plasticity to those synapses that deliver inhi-

bition at the respective moment [25] (Figure 1b). High-

jacking the terminology of excitatory plasticity, I will call

such inhibitory plasticity rules that require coincident

presynaptic and postsynaptic activity Hebbian in the sense

of ‘fire together, wire together’, although this is at odds

with Hebb’s original causality condition that the presyn-

aptic cell ‘takes part in firing’ the postsynaptic cell [27].

The biophysical machinery for the required coincidence

detection is not yet fully resolved [15].

Variants of Hebbian inhibitory plasticity have recently

been used in many studies to stabilize network dynamics,

both in networks where the excitatory connectivity is

static [18��,25,28,29], and where excitation is itself plastic

[20��,30��,31–33]. In the simplest applications, inhibitory

plasticity is merely used to ensure a relatively homoge-

neous ‘background state’ in spite of heterogeneities in the

form of assemblies [25] or feedforward chains [34]. The

resulting inhibition-stabilised networks display interest-

ing transient dynamics [35], which have, for example,
Current Opinion in Neurobiology 2017, 43:198–203
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been interpreted as a dynamical ‘reservoir’ from which

complex sequences (e.g. motor commands) can be gen-

erated by a simple linear read-out [18��]. Network stabi-

lization by Hebbian inhibitory plasticity is relatively

robust in the sense that it can be achieved by a variety

of learning rules. Recent studies have shown that excita-

tion and inhibition can be balanced not only by the simple

Hebbian rule sketched above [25,28,30��,33,36], but also

by rules that depend in an asymmetric way on the precise

timing of presynaptic and postsynaptic spikes [26,37,38�],
by rules that switch between potentiation and depression

depending on global population activity [20��] or by an

optimal update rule derived explicitly for the purpose of

stabilization [18��].

Interactions of excitatory and inhibitory plasticity

An appealing aspect of GABAergic plasticity is that it

could maintain network stability in the presence of

excitatory plasticity. Modeling work has shown, for ex-

ample, that a carefully chosen combination of excitatory

and inhibitory plasticity allows to imprint stable Hebbian

assemblies online by external stimulation [20��,30��,39],

without risking their decay due to background activity

[40] or a destabilization of the network. A number of

recent modeling studies have also shown that recurrent

networks with combined Hebbian excitatory and inhibi-

tory plasticity have a tendency to develop synfire chains

[59] or a state of self-organised criticality [28,37,41].

Unfortunately, the interplay of excitatory and inhibitory

plasticity is hard to understand in recurrent networks,

because the two are coupled through their dependence on

the statistics of network activity, which they in turn

shape, often in a rather nonlinear way. A solid theoretical

foundation for the evolution of such doubly plastic recur-

rent networks is still missing. In fact, the interaction of

even a single form of synaptic plasticity with recurrent

network dynamics is not fully understood, although this

field is currently advancing rapidly [42,43� [4_TD$DIFF]]. The crux is a

required analytical link between the structure of a net-

work and the statistics of its activity [e.g. 44,45]. Steps

towards a theory for the interaction of excitatory and

inhibitory plasticity have so far only been taken in feed-

forward networks [38�,46�,47], which do not suffer from a

mutual coupling of the input statistics and plasticity.

Inhibitory plasticity can shape sensory representations

Models of inhibitory plasticity have also been used to

reproduce aspects of sensory responses. In particular, it

has been suggested that Hebbian plasticity of stimulus-

specific inhibitory inputs can account for the correlated

stimulus tuning of excitation and inhibition observed in

sensory cortices [11,25,48,49], and for the sharpening of

neural responses in time [25,38�,48]. Moreover, it has

been argued that the development of stimulus selectivity

in sensory neurons is supported by a cooperation of

excitatory and inhibitory synaptic plasticity [38�,46�,47].
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Hebbian plasticity of recurrent inhibition, in combination

with plasticity of feedforward sensory inputs, is a standard

method to achieve a decorrelation or sparse activation of

neurons, and thereby reduce the redundancy in the

resulting sensory representation [50] (Figure 1c). Al-

though there is ample evidence for an inhibitory reduc-

tion of noise correlations in Dalian networks [6], it is not

clear how to generalize this to correlations arising from

similarities in sensory tuning, that is, signal correlations.

Dale’s law requires that inhibition between two excitato-

ry cells is mediated disynaptically via an inhibitory inter-

neuron, and these interneurons will usually receive inputs

from more than a single excitatory cell. Hence, there is no

single synapse that could measure the correlation be-

tween two excitatory cells locally and suitably adjust

the inhibition to reduce it. Nevertheless, computational

work indicates that inhibitory plasticity can mediate a

signal decorrelation even in Dalian networks, when both

excitatory and inhibitory recurrent connections are plastic

[32,51,52,53�].

An interesting problem of signal decorrelation is the

conflict between the apparent existence of assemblies

with many neurons that encode similar features, and the

idea of a decorrelation of features. How could a decorr-

elating mechanism know which cells to decorrelate and

which to leave correlated? One option is that inhibition

decorrelates cells only if their sensory tuning is sufficient-

ly distinct, and leaves them correlated if their correlation

exceeds a critical value. In neural terms, this could be

mediated by a learning rule that potentiates activated

inhibitory synapses when the postsynaptic neurons are

depolarized (‘the postsynaptic cell has a similar, but not

identical stimulus tuning’), but not when it spikes (‘the

postsynaptic cell seems to belong to the same assembly’).

Inhibitory plasticity with these characteristics was ob-

served in visual cortex [54] and later also used in a

computational model for the formation of neural assem-

blies [53�].

Inhibitory gating of signal propagation and plasticity

An emerging theme in recent years is that central functions

of the nervous system such as signal transmission or

plasticity are by default switched off during a state of

balanced excitation and inhibition, and that they can be

unleashed by targeted disruptions of this balance [8,12,55].

A gating of signal transmission, in particular, requires a

subtle, signal-specific ‘detailed balance’ of excitation and

inhibition [8,55]. Modeling work suggests that if this

balance is perpetually maintained by inhibitory plasticity,

new associations formed by excitatory plasticity are grad-

ually compensated by an emerging inhibitory counter-

association, and that this compensation can be undone

by a reduction in inhibitory tone [56��]. In the same article,

Barron et al. also provided support for this idea, using fMRI

recordings to track neuronal activations during the retrieval

of previously learned object associations, and perturbing
www.sciencedirect.com
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inhibitory tone by transcranial direct current stimulation

[56��].

Inhibition also seems to gate learning and plasticity [12],

through mechanisms that are not fully resolved and

potentially diverse. One possibility is that inhibitory

inputs disrupt dendritic calcium signals that are required

for synaptic plasticity [2], for example, by blocking active

dendritic processes such as backpropagating action poten-

tials, calcium spikes [10] and/or NMDA spikes. Such a

gating would again profit from a well chosen level and

timing of inhibition, so that plasticity can be switched on

and off by reasonably sized disinhibitory manipulations.

Computational modeling suggests that both strength and

timing of inhibition could be suitably adjusted by a spike-

timing dependent variant of inhibitory plasticity [57].

Discussion and outlook
In recent years, computational neuroscientists have in-

creasingly included inhibitory plasticity in network mod-

els that obey Dale’s law. The core advantage is that

Hebbian inhibitory plasticity provides a convenient tool

to stabilize these networks and achieve a balance of

excitation and inhibition in a self-organized way. In

structured networks, this can save a significant amount

of time otherwise spent on parameter tweaking. The

resulting networks have interesting behavior, particularly

when they also express excitatory plasticity, but it is still

early days and we are currently lacking a comprehensive

theoretical foundation for these networks.

The probably strongest hypothesis from recent computa-

tional work is that inhibitory plasticity can prevent a

destabilization of recurrent networks by excitatory plas-

ticity (or other changes). Although it is likely that a

balance of excitation and inhibition is re-established by

inhibitory plasticity [11], it is not clear if inhibitory

plasticity occurs rapidly enough. Network models typi-

cally remain stable only if homeostatic mechanisms act

faster than their destabilizing counterplayers [58], so that

they can adapt swiftly and stop any instability in its tracks.

It remains open if the relatively slow time scales of

inhibitory adjustments [11] leave inhibitory plasticity

up to this task. It cannot be excluded that other mecha-

nisms serve this role, and that inhibitory plasticity (also)

serves a variety of other functions, particularly given the

diversity of inhibitory cell types.

The phenomenological characterization of inhibitory

plasticity is presently considerably less complete than

that of excitatory plasticity, and most current models

are only weakly constrained by data. Although this situa-

tion bears the obvious risk that the models are utterly

wrong, it also presents a nice opportunity for modelers. A

catalogue of which characteristics of inhibitory plasticity

support (or hinder) which network functions will come in

handy for the interpretation of future data, particularly
www.sciencedirect.com
because different cell types are likely to express different,

maybe even target-dependent forms of long-term plas-

ticity.
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disinhibitory microcircuit for associative fear learning in the
auditory cortex. Nature 2011, 480:331-335.

13. Woodin MA, Maffei A: Inhibitory Synaptic Plasticity. Springer;
2010.

14. Vogels TP, Froemke RC, Doyon N, Gilson M, Haas JS, Liu R,
Maffei A, Miller P, Wierenga C, Woodin MA et al.: Inhibitory
synaptic plasticity: spike timing-dependence and putative
network function. Front Neural Circuits 2013, 7:119.

15. Kullmann DM, Moreau AW, Bakiri Y, Nicholson E: Plasticity of
inhibition. Neuron 2012, 75:951-962.

16. Amit DJ, Brunel N: A model of spontaneous activity and local
delay activity during delay periods in the cerebral cortex.
Cereb Cortex 1997, 7:237-252.

17. van Vreeswijk C, Sompolinsky H: Chaos in neuronal networks
with balanced excitatory and inhibitory activity. Science 1996,
274:1724-1726.
Current Opinion in Neurobiology 2017, 43:198–203

http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0005
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0005
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0005
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0010
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0010
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0015
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0015
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0015
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0020
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0020
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0025
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0025
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0030
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0030
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0030
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0035
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0035
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0040
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0040
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0040
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0045
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0045
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0050
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0050
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0050
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0055
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0055
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0055
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0060
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0060
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0060
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0065
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0065
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0070
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0070
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0070
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0070
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0075
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0075
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0080
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0080
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0080
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0085
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0085
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0085


202 Neurobiology of learning and plasticity
18.
��

Hennequin G, Vogels TP, Gerstner W: Optimal control of
transient dynamics in balanced networks supports generation
of complex movements. Neuron 2014, 82:1394-1406.

Hennequin et al. derive an optimal update rule for inhibitory synapses
from a control-theoretic objective function that quantifies network sta-
bility. The resulting networks show rich transient dynamics and can act as
a reservoir drive from which, for example, complex motor sequences, can
be generated by a linear transformation.

19. Brunel N: Dynamics of sparsely connected networks of
excitatory and inhibitory neurons. J Comput Neurosci 2000,
8:183-208.

20.
��

Zenke F, Agnes EJ, Gerstner W: Diverse synaptic plasticity
mechanisms orchestrated to form and retrieve memories in
spiking neural networks. Nat Commun 2015, 6.

The authors study a combination of nonlinear excitatory plasticity with an
inhibitory plasticity rule that stabilizes population activity. For well-chosen
parameters, this combination allows to imprint Hebbian assemblies
online, with bistable attractor dynamics.

21. Litwin-Kumar A, Doiron B: Slow dynamics and high variability in
balanced cortical networks with clustered connections. Nat
Neurosci 2012.

22. Diesmann M, Gewaltig M-O, Aertsen A: Stable propagation of
synchronous spiking in cortical neural networks. Nature 1999,
402:529-533.

23. Landau ID, Egger R, Dercksen VJ, Oberlaender M, Sompolinsky H:
The impact of structural heterogeneity on excitation-inhibition
balance in cortical networks. Neuron 2016, 92:1106-1121.

24. Grossberg S, Williamson JR: A neural model of how horizontal
and interlaminar connections of visual cortex develop into
adult circuits that carry out perceptual grouping and learning.
Cereb Cortex 2001, 11:37-58.

25. Vogels T, Sprekeler H, Zenke F, Clopath C, Gerstner W: Inhibitory
plasticity balances excitation and inhibition in sensory
pathways and memory networks. Science 2011, 334:1569-
1573.

26. Luz Y, Shamir M: Balancing feed-forward excitation and
inhibition via Hebbian inhibitory synaptic plasticity. PLoS
Comput Biol 2012, 8:e1002334.

27. Hebb DO: The Organization of Behavior. New York: Wiley; 1949.

28. Hellyer PJ, Jachs B, Clopath C, Leech R: Local inhibitory
plasticity tunes macroscopic brain dynamics and allows the
emergence of functional brain networks. Neuroimage 2016,
124:85-95.

29. Chenkov N, Sprekeler H, Kempter R: Memory replay in balanced
recurrent networks. PLOS Comput Biol 2017, 13:1-36.

30.
��

Litwin-Kumar A, Doiron B: Formation and maintenance of
neuronal assemblies through synaptic plasticity. Nat Commun
2014, 5.

The authors show that excitatory plasticity can imprint Hebbian assem-
blies in recurrent neural networks. The background activity of the network
is kept stable by inhibitory synaptic plasticity, allowing the assemblies to
be actively maintained by spontaneous reactivations.

31. Effenberger F, Jost J, Levina A: Self-organization in balanced
state networks by STDP and homeostatic plasticity. PLoS
Comput Biol 2015, 11:e1004420.

32. Duarte RC, Morrison A: Dynamic stability of sequential stimulus
representations in adapting neuronal networks. Front Comput
Neurosci 2014, 8:124.

33. Yger P, Stimberg M, Brette R: Fast learning with weak synaptic
plasticity. J Neurosci 2015, 35:13351-13362.

34. Chenkov N, Sprekeler H, Kempter R: Memory replay in balanced
recurrent networks. bioRxiv 2016:069641.

35. Murphy B, Miller K: Balanced amplification: a new mechanism
of selective amplification of neural activity patterns. Neuron
2009, 61:635-648.

36. D’Amour JA, Froemke RC: Inhibitory and excitatory spike-
timing dependent plasticity in the auditory cortex. Neuron
2015, 86:514-528.
Current Opinion in Neurobiology 2017, 43:198–203
37. Stepp N, Plenz D, Srinivasa N: Synaptic plasticity enables
adaptive self-tuning critical networks. PLoS Comput Biol 2015,
11:e1004043.

38.
�

Kleberg FI, Fukai T, Gilson M: Excitatory and inhibitory STDP
jointly tune feedforward neural circuits to selectively
propagate correlated spiking activity. Front Comput Neurosci
2014, 8.

First analysis of the effect of input correlations on the development of
feedforward circuits with excitatory and inhibitory plasticity. Inhibitory
plasticity is shown to aid the development of pathway selectivity and to
sharpen neural responses in time.

39. Ocker GK, Doiron B: Training and spontaneous reinforcement of
neuronal assemblies by spike timing. 2016 arXiv:1608.00064.

40. Fusi S, Abbott L: Limits on the memory storage capacity of
bounded synapses. Nat Neurosci 2007, 10:485-493.

41. Cowan J, Neuman J, Kiewiet B, Van Drongelen W: Self-organized
criticality in a network of interacting neurons. J Stat Mech
Theory Exp 2013, 2013:P04030.

42. Gilson M, Burkitt A, Van Hemmen LJ: STDP in recurrent neuronal
networks. Front Comput Neurosci 2010, 4:23.

43.
�

Ocker GK, Litwin-Kumar A, Doiron B: Self-organization of
microcircuits in networks of spiking neurons with plastic
synapses. PLoS Comput Biol 2015, 11:e1004458.

The authors study the development of connection motifs in recurrent
networks with excitatory plasticity. To this end, they develop a mathe-
matical description for the interplay of excitatory plasticity and network
correlations, and project the resulting high-dimensional weight dynamics
onto a small number of variables that characterize the structure of the
network. The framework could be extended to incorporate inhibitory
plasticity.

44. Pernice V, Staude B, Cardanobile S, Rotter S: How structure
determines correlations in neuronal networks. PLoS Comput
Biol 2011, 7:e1002059.

45. Grytskyy D, Tetzlaff T, Diesmann M, Helias M: A unified view on
weakly correlated recurrent networks. Front Comput Neurosci
2013, 7:131.

46.
�

Clopath C, Vogels TP, Froemke RC, Sprekeler H: Receptive field
formation by interacting excitatory and inhibitory synaptic
plasticity. bioRxiv 2016:066589.

A study showing that the interaction of excitatory and inhibitory plasticity
can reproduce the development and plasticity of auditory representa-
tions. Steps towards an analytical treatment of the interaction of the two
forms of plasticity.

47. Weber SN, Sprekeler H: Learning place cells, grid cells and
invariances: a unifying model. bioRxiv 2017:102525.

48. Wehr M, Zador A: Balanced inhibition underlies tuning and
sharpens spike timing in auditory cortex. Nature 2003, 426:442-
446.

49. Anderson J, Carandini M, Ferster D: Orientation tuning of input
conductance, excitation, and inhibition in cat primary visual
cortex. J Neurophysiol 2000, 84:909.

50. Barlow H, Földiák P: Adaptation and Decorrelation in the Cortex.
Boston, MA, USA: Addison-Wesley Longman Publishing Co., Inc;
1989, 54-72.

51. Kasap B, Schmuker M: Improving odor classification through
self-organized lateral inhibition in a spiking olfaction-inspired
network. 2013 6th International IEEE/EMBS Conference on Neural
Engineering (NER). IEEE; 2013:219-222.

52. Srinivasa N, Cho Y: Unsupervised discrimination of patterns in
spiking neural networks with excitatory and inhibitory
synaptic plasticity. Front Comput Neurosci 2014, 8:159.

53.
�

Bourjaily MA, Miller P: Synaptic plasticity and connectivity
requirements to produce stimulus-pair specific responses in
recurrent networks of spiking neurons. PLoS Comput Biol 2011,
7:e1001091.

One of the few articles that do not use ad-hoc Hebbian inhibitory plasticity
rules, but a non-standard rule that is based on observations in visual
cortex. Inhibitory synapses are potentiated when the postsynaptic exci-
tatory cell is depolarized, but not when it spikes.
www.sciencedirect.com

http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0090
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0090
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0090
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0095
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0095
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0095
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0100
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0100
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0100
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0105
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0105
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0105
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0110
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0110
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0110
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0115
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0115
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0115
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0120
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0120
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0120
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0120
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0125
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0125
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0125
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0125
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0130
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0130
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0130
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0135
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0140
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0140
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0140
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0140
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0145
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0145
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0150
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0150
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0150
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0155
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0155
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0155
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0160
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0160
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0160
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0165
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0165
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0170
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0170
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0175
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0175
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0175
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0180
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0180
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0180
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0185
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0185
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0185
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0190
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0190
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0190
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0190
https://arxiv.org/abs/1608.00064
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0200
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0200
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0205
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0205
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0205
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0210
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0210
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0215
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0215
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0215
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0220
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0220
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0220
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0225
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0225
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0225
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0230
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0230
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0230
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0235
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0235
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0240
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0240
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0240
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0245
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0245
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0245
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0250
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0250
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0250
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0255
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0255
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0255
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0255
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0255
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0260
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0260
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0260
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0265
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0265
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0265
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0265


Functional consequences of inhibitory plasticity Sprekeler 203
54. Maffei A, Nataraj K, Nelson SB, Turrigiano GG: Potentiation of
cortical inhibition by visual deprivation. Nature 2006, 443:81-84.

55. Kremkow J, Aertsen A, Kumar A: Gating of signal propagation in
spiking neural networks by balanced and correlated excitation
and inhibition. J Neurosci 2010, 30:15760.

56.
��

Barron H, Vogels T, Emir U, Makin T, O’Shea J, Clare S, Jbabdi S,
Dolan R, Behrens T: Unmasking latent inhibitory connections in
human cortex to reveal dormant cortical memories. Neuron
2016, 90:191-203.

This articles explores the computational prediction that inhibitory plas-
ticity will gradually establish a counter-associations for a newly learned
association. Using repetition suppression, the authors present evidence
www.sciencedirect.com
for such counter-associations and that they can be weakened by global
manipulations in inhibitory tone.

57. Wilmes KA, Schleimer J-H, Schreiber S: Spike-timing dependent
inhibitory plasticity to learn a selective gating of
backpropagating action potentials. Eur J Neurosci 2016.

58. Zenke F, Gerstner W, Ganguli S: The temporal paradox of
Hebbian learning and homeostatic plasticity. Curr Opin
Neurobiol 2017, 43:166-176.

59. Zheng P, Triesch J: Robust development of synfire chains from
multiple plasticity mechanisms. Front Comp Neurosci 2014,
8:66.
Current Opinion in Neurobiology 2017, 43:198–203

http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0270
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0270
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0275
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0275
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0275
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0280
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0280
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0280
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0280
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0285
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0285
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0285
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0290
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0290
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0290
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0295
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0295
http://refhub.elsevier.com/S0959-4388(17)30090-9/sbref0295

	Functional consequences of inhibitory plasticity: homeostasis, the excitation-inhibition balance and beyond
	Introduction
	Inhibitory plasticity for network stabilization and homeostasis
	Interactions of excitatory and inhibitory plasticity
	Inhibitory plasticity can shape sensory representations
	Inhibitory gating of signal propagation and plasticity

	Discussion and outlook
	Conflict of interest statement
	Acknowledgements
	References and recommended reading


