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Activity-dependent plasticity



Hebbian plasticity 
The interplay between activity and connectivity

Donald Hebb

The Organization of  Behavior (1949)

When an axon of cell A is near enough to excite cell B and repeatedly or 
persistently takes part in firing it, some growth process or metabolic 
change takes place in one or both cells such that A's efficiency, as one of 
the cells firing B, is increased

A B

“Neurons that fire together wire together.” “cell-assemblies”

Markram et al. (2011) A history of spike-timing-dependent plasticity, 
Frontiers in Synaptic Neuroscience 3: 4, p. 6 Fig. 4: Donald Hebb.
http://journal.frontiersin.org/article/10.3389/fnsyn.2011.00004/full
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SYNAPTIC PLASTICITY IN THE HIPPOCAMPUS 339
In this experiment there was a decrease in the size of the late components
of the response in both experimental and control pathways; a change
in these later, presumably polysynaptic, components of the response was
seen in several experiments (Fig. 4B).
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Fig. 4. An experiment in which all three standard parameters of the evoked
response were potentiated. Three superimposed responses obtained in the
synaptic layer for both the experimental and control pathways are shown in
A (before conditioning) and in B (2.5 hr after the fourth conditioning
train). C, graph showing the amplitude of the population e.p.s.p. for the
experimental pathway (filled circles) and the ipsilateral control pathway
(open circles) as a function of time. Each point was obtained from the com-
puted average of thirty responses by measuring the amplitude of the
negative wave 1 msec after its onset. The values are plotted as percentages
of the mean pre-conditioning value. Conditioning trains (15/sec for 10 sec)
were given through a medially placed conditioning electrode at the times
indicated by the arrows.

Long lasting potentiation
The potentiation which followed a conditioning train varied consider-

ably in both duration and degree from experiment to experiment. If long-
lasting potentiation is arbitrarily defined as potentiation lasting 30 min or
more, then a positive result was obtained in fifteen out of eighteen animals.
In most animals more than one pathway was conditioned. A total of

) by guest on March 10, 2013jp.physoc.orgDownloaded from J Physiol (

The discovery of long-term potentiation (LTP)

Bliss and Lømo (1973) Long-lasting potentiation of synaptic 
transmission in the dentate area of the anaesthetized rabbit following 
stimulation of the perforant path, The Journal of Physiology 232 (2): 
331–356,p. 339 Fig. 4: An experiment in which all three standard 
parameters of the evoked response were potentiated. 
http://onlinelibrary.wiley.com/wol1/doi/10.1113/jphysiol.
1973.sp010273/abstract
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Associative memory and Hebbian plasticity

http://www.riken.jp/pr/press/2014/20141023_1/
©理化学研究所

＊



Associative memory and Hebbian plasticity

http://www.riken.jp/pr/press/2014/20141023_1/
©理化学研究所

＊



Associative memory and Hebbian plasticity

http://www.riken.jp/pr/press/2014/20141023_1/
©理化学研究所

＊



Associative memory and Hebbian plasticity

http://www.riken.jp/pr/press/2014/20141023_1/
©理化学研究所

＊



Associative memory and Hebbian plasticity

http://www.riken.jp/pr/press/2014/20141023_1/
©理化学研究所＊



Associative memory and Hebbian plasticity

http://www.riken.jp/pr/press/2014/20141023_1/
©理化学研究所＊



The Hopfield network

Memory pattern1

Memory pattern2

Little 1974
Hopfield 1982

著作権等の都合により、
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Hopfield network model
Simon S. Haykin (1999) Neural Networks: A Comprehensive 

Foundation, Prentice Hall. 
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Bidirectional synaptic modifications

Recordings from human tissues

Chen, WR et al. (1996) Long-term modifications of synaptic efficacy in the human inferior and middle temporal cortex. 
Proceedings of the National Academy of Sciences USA 93(15): 8011-8015, p. 8012 Fig. 1.
http://www.pnas.org/content/93/15/8011.abstract
CC BY-NC-ND 4.0



Normal
depression

potentiation

Kirkwood et al. 1996

Dark

The balance of potentiation and depression

Competitive Hebbian plasticity

✓ = hxpi

Watt and Desai 2010

Kirkwood et al. (1996) Experience-dependent modification of synaptic 
plasticity in visual cortex, Nature 381: 526-528, p. 528 Fig. 4: 
Frequency-response functions derived from visual cortex of light-
deprived (filled symbols) and normal (open symbols) rats.
http://www.nature.com/nature/journal/v381/n6582/abs/381526a0.html＊

＊

Watt and Desai (2010) Homeostatic Plasticity and 
STDP: Keeping a Neuron's Cool in a Fluctuating 
World, Frontiers in Synaptic Neuroscience 2: 5, p. 
2 Fig. 1A. 
http://journal.frontiersin.org/article/10.3389/fnsyn.
2010.00005/abstract
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Watt and Desai (2010) Homeostatic Plasticity and 
STDP: Keeping a Neuron's Cool in a Fluctuating 
World, Frontiers in Synaptic Neuroscience 2: 5, p. 
2 Fig. 1A. 
http://journal.frontiersin.org/article/10.3389/fnsyn.
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Gjorgjieva et al. (2011) A triplet spike-
timing–dependent plasticity model 
generalizes the Bienenstock–Cooper–
Munro rule to higher-order spatiotemporal 
correlations,  Proceedings of the National 
Academy of Sciences of the United States 
of America 108 (48): 19383–19388, p. 
19384 Fig. 2A.
http://www.pnas.org/content/
108/48/19383.full
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Development of cortical organization

Figure 6. Interaction of C ORI! and C ORI" determines the ocular matching of orientation maps. Here both functions are set proportional to a
Mexican-hat function, C ORI! # r !M and C ORI" # r "M (Fig. 1c), whereas C OD # C SUM # 0 (Fig. 3a). The maps and RFs that develop depend on the
relative values of r ! and r ". a, b, For C ORI! dominant (r ! # 1, r " # 0), left- and right-eye RFs and ORI preference maps are virtually identical. a,
Maps show preferred ORIs and ORI selectivities (represented by orientations and lengths, respectively, of line segments) of model cortical cells in the
32 $ 32 periodic array. The longest line corresponds to an ORI selectivity Q (Eq. 13) of 0.20; mean selectivity is 0.11. Line lengths in all later ORI maps
are normalized on the same scale. Preferred ORIs are also represented by hue, on a finer grid (128 $ 128), with intermediate pixel ORIs determined
by linear interpolation. Positive and negative singularities in the (interpolated) ORI maps are indicated by black circles. b, Left- and right-eye RFs of the
8 $ 8 subset of cortical cells indicated by the boxes in a. c, RFs from maps qualitatively like those of a, but developed with C ORI" dominant (r ! # 0,
r " # 1). The left- and right-eye RFs have antiphase ON and OFF subregions but otherwise have virtually identical RFs and orientation maps (maps not
shown, but see f ). (Note that the RFs of b and c, are unrelated, because initial conditions of S ORI! and S ORI" are each random and uncorrelated with
one another.) d, e, When r ! and r " are of similar magnitude, the right and left eyes’ RFs develop independently. d, The independent left- and right-eye
ORI maps for r ! # r " # 1. e, Independent left- and right-eye RFs from simulation in d. f, Correlation (see Materials and Methods) between left- and
right-eye responses to oriented stimuli as a function of !0

ORI"/!0
ORI!, the ratio of growth rates of S ORI! and S ORI" (which here is equal to r "/r !).

Responses, and thus orientation maps, are essentially identical (correlation of 1) for !0
ORI" % (2/3)!0

ORI! or !0
ORI! % (2/3)!0

ORI". The correlation is
slightly negative for !0

ORI! # !0
ORI" because of spatial variation in overall strength of left and right connections: constraint on summed weight received

by a cortical cell ensures that, on cells in which one eye has larger than average overall weight, the other eye has less than average.
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Condition 1. For monocularity to develop, COD should be
positive at least at small distances, and it should not significantly
oscillate in sign within an arbor radius. (More precisely: the peak
of the Fourier transform of COD must be at a wavelength long
compared to the arbor diameter.) By arbor radius, we mean the
radius over which LGN cells can project to a common cortical
point.

Condition 1 was found by Miller et al. (1989). The condition
there was expressed in terms of the net difference in total left-eye
versus right-eye strength, which here is represented by SOD; and
in terms of the difference between within-eye and between-eye
correlations, which here is represented by C OD. Note that both
SOD and C OD include a sum over ON and OFF center types
(Table 1), whereas distinct center types were not considered by
Miller et al. (1989). The applicability of those results to the
present case is shown in Appendix 2.

The independent development of an OD map in the present
four-input-type model is shown in Figure 5a, for a case in which
only the SOD mode develops (because all the C! values except
C OD are set to zero), and COD satisfies Condition 1. Here, COD

was a broad Gaussian. Most cortical cells become monocular, as
shown by the RFs of an 8 ! 8 subset (Fig. 5c,d). ON- and
OFF-center inputs develop identically. The form and spatial
period of the OD map are jointly determined by the functions I
and A precisely as in Miller et al. (1989).

Development of orientation selectivity: SORI" and SORI#

A monocular RF develops ORI selectivity if it develops simple-
cell structure: elongated, spatially segregated ON and OFF sub-
regions. This means that the monocular RF must spatially oscil-
late, along one direction, between regions of ON domination and
OFF domination; that is, the difference between ON-center and
OFF-center strength must spatially oscillate in sign. For a binoc-
ular cell, each monocular RF should have such a structure, with
matching preferred orientations.

SORI" is the sum of the right-eye and left-eye ON/OFF differ-
ences. ORI selectivity develops if SORI" spatially oscillates in
sign within an RF. Oscillations in S ORI" correspond to ON/OFF
segregation that is in phase in the two eyes: ON subregions in the
right eye and ON subregions in the left eye grow in corresponding
locations; likewise, OFF subregions in the two eyes are matched
(Fig. 4b).

S ORI# is the difference of the right-eye and left-eye ON/OFF
differences. Just as for SORI", ORI selectivity also develops if
SORI# spatially oscillates in sign within an RF. Oscillations in
S ORI# correspond to ON/OFF segregation that is antiphase in the
two eyes (Fig. 4c): ON subregions in the right eye and OFFFigure 4. Top. Determinants of single-cell RF properties for cases in

which development is dominated by a single correlation function. a, When
C OD("! , #!) dominates the other correlation functions and is positive for
distances within the radius of the arbor function A(x!, "!), monocular RFs
tend to develop. The example RF has no connections to the right eye
(shown as black) and high connection strength in the center of the left eye,
RF, gradually falling to zero at the edges (shown as decreasing bright-
ness). Yellow indicates that ON and OFF connections are mixed in the left
RF. b, When C ORI"("! , #!) is dominant and oscillates from positive to
negative within the arbor radius, as in the Mexican-hat function shown,
both the left and right RFs of each cortical cell will develop segregated
ON ( green) and OFF (red) regions, giving each cell a preferred orienta-
tion. The ON and OFF regions in the left RF will be at the same locations
as the ON and OFF regions in the right RF. c, When an oscillating
C ORI#("! , #!) dominates, segregated, elongated ON and OFF regions in
the left and right RFs again result. However, in this case the ON-center
regions in one eye correspond to OFF-center regions in the other, and
vice versa. Each form of between-eye matching of ON and OFF regions,
in-phase (b) or antiphase (c), yields ocularly matched preferred
orientations.

4

Figure 5. Bottom. a, An OD map developed when C OD dominates: C OD

was set to a broad Gaussian, and the other correlation functions were all
set to zero, as shown in Figure 3b, dashed curves (r " $ 0; d $ 1). Bright
and dark regions correspond to dominance by the right and left eyes,
respectively. b, Color code used to represent strength of synaptic weights
in all RF images. Strengths of ON- and OFF-center connections are
represented by intensities of green and red, respectively. Minimum bright-
ness (black) corresponds to strength zero; maximum brightness of red or
green corresponds to maximum allowed synaptic strength 8. Yellow results
from mixture of ON and OFF connections. c, d, Left- and right-eye RFs,
respectively, of the 8 ! 8 subset of cortical cells outlined in a. According
to the arbor function, A(x!, "!), adjacent cortical cells receive input from
adjacent, partially overlapping circular regions of LGN cells with diame-
ter 13. Each circle in c and d shows synaptic strengths of these connections,
S EC(x!, "!), for one cortical cell.

9878 J. Neurosci., December 1, 1998, 18(23):9870–9895 Erwin and Miller • Combined Development of ORI and OD

location !! (Fig. 1a) (for further details of the averaging procedure, see
Miller, 1990b, and references therein). The time over which this averag-
ing occurs is purposely kept vague: it corresponds to the time separation
of two input activities that yields cooperative interactions under what-
ever plasticity rule is acting biologically. More generally, it would involve
some weighted average over time separation, weighted by the degree of
cooperative interaction. The assumptions being made are that (1) one
can summarize the temporal details of activity of any input pair by a
number describing their degree of cooperation under the plasticity rule;
and (2) these numbers can on average be predicted simply from the
separation of two inputs and their input types (as supported by, e.g.,
Mastronarde, 1983a,b; Meister et al., 1995; Wong and Oakley, 1996).

Unconstrained development under a Hebbian or other correlation-
based synaptic modification rule then takes the form:

d
dt SEC!x!, "! , t" # HEC#S$!x!, "! , t", (1)

where S represents the set of all synaptic weights, and:

HEC#S$!x!, "! , t" # $A!x!, "! "!
y!

I!x!, y!" !
!! ,E%,C%

CEC,E%C%!"! , !! "SE%C%!y!, !! , t".

(2)

Here, $ is a constant learning rate. We have explicitly shown the time
dependence of S EC(x!, "! , t), to distinguish it from the time-independent
terms, but in most cases we will simply write S EC(x!, "! ).

Although this equation may look daunting, it expresses a simple rule.
It states that the development of one synapse (S EC(x!, "! )) is determined
by a sum of the average influences exerted on it by all other synapses
(e.g., S E%C%(y!, !! )). The influence on one synapse by another is a product
of three factors: (1) the synaptic strength of the “influencing” synapse,
S E%C%(y!, !! ); (2) the strength of correlation in the firing of the two
synapses, C EC,E%C%("! , !! ); and (3) the average influence I(x!, y!) exerted
across the cortex when the two synapses fire together. The influence
between two synapses is attributable to their cooperation (via activity
correlation, C) in producing a “reward” signal. This signal may be the
firing of each synapse’s postsynaptic cell in a Hebbian model, or the
activity-dependent production and uptake of a diffusible modification
factor in other models. The propagation of this influence between
cortical cells is summarized by I, which could represent the effects of
intracortical connectivity in a Hebbian model, and/or of diffusion in a
model involving diffusible factors. Multiplication by the arbor function,
A(x!, "!), ensures that influence is modulated by the intrinsic retinotopic
affinity between "! and x! and in particular ensures that no synapses can
develop where they are retinotopically disallowed (i.e., where A(x!, "!) & 0).

The advantage of this formulation is that it allows the central deter-
minants of development to be isolated, independent of underlying mech-
anism. That is, for any proposed mechanism, it may be possible to
summarize the elements driving development as (1) a pattern of input
correlations, (2) propagation of influence of correlated input activity
between cortical cells, and (3) retinotopic affinity or retinotopic limita-
tions on connectivity. Our formulation isolates and describes the influ-
ence of each of these three factors on the developmental outcomes and
thus simultaneously describes the determinants of development under
multiple mechanisms. This formulation is further described by, e.g.,
Miller (1990a,b, 1997).

The use of a linear equation can be justified by considering early
development of the differences between initially approximately equiva-
lent input projections, e.g., left eye and right eye or ON and OFF (Miller,
1990a,b). To the extent to which initial differences are small, early
development of these differences will be determined by linear equations.
This early linear development determines many features of the final
mature pattern (in particular, those features that are shared by the fastest
growing patterns in the linear regime typically persist in the final pat-
tern). However, nonlinearities can also play important roles in develop-
mental outcome (Feidler et al., 1997). Furthermore the different input
projections are not really equivalent, because initial projections show
contralateral-eye and OFF-center dominance (Albus and Wolf, 1984;
Braastad and Heggelund, 1985; Crair et al., 1997a). Thus, to some extent
this simple approach is justified simply by its success in yielding insight
into the biology. It is of value to understand the simplest models before
adding complexity to them, the moreso when that complexity is not well
constrained by experiment. Many insights gained from the simplest
models will persist as more complexities are added; we comment at

Figure 1. a, Sketch of the model. The synaptic weight variable S RN(x!, "!)
represents the total weight to cortical position x! from LGN cells at "!
representing eye R (right eye) of center type N (ON-center). Similarly,
S LN(y!, !!) represents the total left-eye, ON-center weight from !! to y!.
More generally, synaptic weights from "! to x! are written S EC(x!, "!), where
E represents eye, E ! {R, L} (right eye, left eye), and C represents center
type, C ! {N, F} (ON center, OFF center). The correlation function
C RN,LN("! , !!) measures the degree of correlation between the spiking
activities of LGN neurons of type RN at position "! and those of type LN
at position !! . More generally, activity correlations between LGN neurons
of type E, C at position "! , and those of type E%, C% at position !! , are
written C EC,E%C%("! , !!). The intracortical interaction function I(x!, y!) de-
scribes how activity at cortical location x! encourages or discourages the
development of correlated synaptic connections at a nearby location y!. b,
c, The correlation functions C EC,E%C%("! , !!) are defined in terms of two
functions. b, A Gaussian function G3("! ' !!) (see Eq. 3) represents
correlations that are purely positive and taper with distance; c, an oscil-
lating or Mexican-hat function M("! ' !!) (Eq. 4) represents correlations
that change sign with distance. d, e, Arbor function A(x! ' "!) and the
intracortical interaction function I(x! ' y!) used throughout this article.
The horizontal axes are in units of grid intervals; 1 grid interval can be
taken to be (100 %m (Miller, 1994). The vertical axes are in arbitrary
units (changes in the size of A, I or C are equivalent to change in the size
of the learning rate $ (Eq. 2); hence the absolute size of these functions
is arbitrary).
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Figure 6. Interaction of C ORI! and C ORI" determines the ocular matching of orientation maps. Here both functions are set proportional to a
Mexican-hat function, C ORI! # r !M and C ORI" # r "M (Fig. 1c), whereas C OD # C SUM # 0 (Fig. 3a). The maps and RFs that develop depend on the
relative values of r ! and r ". a, b, For C ORI! dominant (r ! # 1, r " # 0), left- and right-eye RFs and ORI preference maps are virtually identical. a,
Maps show preferred ORIs and ORI selectivities (represented by orientations and lengths, respectively, of line segments) of model cortical cells in the
32 $ 32 periodic array. The longest line corresponds to an ORI selectivity Q (Eq. 13) of 0.20; mean selectivity is 0.11. Line lengths in all later ORI maps
are normalized on the same scale. Preferred ORIs are also represented by hue, on a finer grid (128 $ 128), with intermediate pixel ORIs determined
by linear interpolation. Positive and negative singularities in the (interpolated) ORI maps are indicated by black circles. b, Left- and right-eye RFs of the
8 $ 8 subset of cortical cells indicated by the boxes in a. c, RFs from maps qualitatively like those of a, but developed with C ORI" dominant (r ! # 0,
r " # 1). The left- and right-eye RFs have antiphase ON and OFF subregions but otherwise have virtually identical RFs and orientation maps (maps not
shown, but see f ). (Note that the RFs of b and c, are unrelated, because initial conditions of S ORI! and S ORI" are each random and uncorrelated with
one another.) d, e, When r ! and r " are of similar magnitude, the right and left eyes’ RFs develop independently. d, The independent left- and right-eye
ORI maps for r ! # r " # 1. e, Independent left- and right-eye RFs from simulation in d. f, Correlation (see Materials and Methods) between left- and
right-eye responses to oriented stimuli as a function of !0

ORI"/!0
ORI!, the ratio of growth rates of S ORI! and S ORI" (which here is equal to r "/r !).

Responses, and thus orientation maps, are essentially identical (correlation of 1) for !0
ORI" % (2/3)!0

ORI! or !0
ORI! % (2/3)!0

ORI". The correlation is
slightly negative for !0

ORI! # !0
ORI" because of spatial variation in overall strength of left and right connections: constraint on summed weight received

by a cortical cell ensures that, on cells in which one eye has larger than average overall weight, the other eye has less than average.
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Erwin and Miller (1998) Correlation-Based Development of Ocularly Matched Orientation and 
Ocular Dominance Maps: Determination of Required Input Activities, The Journal of 
Neuroscience  18(23): 9870-9895, p. 9872 Fig. 1(a). 
http://www.jneurosci.org/content/18/23/9870.full
CC BY-NC-SA 3.0



Sequences of episodes
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 asymmetric Hebbian synaptic plasticity during 
behavior, such that synapses from neurons that 
were activated earlier in the sequence onto the 
neurons that were active later are strengthened, 
and synaptic connections in the reverse direction 
are weakened (Fig. 1b)13,14. Similar mechanisms 
may also operate in the visual cortex14,15.

In an asymmetric network,  spontaneous 
 activation of a neuron in the sequence has 
a larger chance of activating the neuron 
that was activated next in the sequence 
than it does of activating other neurons. 
The  spontaneous activity of an experience-
induced asymmetric network will thus bear 
a noisy resemblance to the activity of the 
behavioral sequence. The  formation of such 
asymmetric  networks  during behavior could 
thus explain the  presence of replay  activity 
during post- experience sleep (Fig. 1c). Thus, 
 investigations of the pattern of  activity 
 during sleep could provide insights about the 
 functional connectivity of a brain region.

Why might the replay activity be so much 
faster than the sequences of activity  during 
waking? During waking, the rate of  sequential 
activity is driven by how fast the rat runs down 
the track. In contrast, during sleep, activity 
can propagate as fast as synaptic and spike-
 generating latencies permit. This could explain 
why the replay is faster than the original 
behavioral sequence. Notably, during  behavior, 
in addition to the slow sequential activity, 
 hippocampal neurons are also likely to play the 
behavioral sequence at about a sevenfold faster 
pace owing to theta phase precession15.

Could replay activity be involved in  memory 
consolidation? Consolidation is proposed 
to involve the transfer of  temporarily stored 
information from hippocampus to  neocortex 
for long-term storage. How this occurs remains 
unclear, especially given that  hippocampal UDS 
follow cortical UDS. However, several features 
of the data provide some clues. For example, 
although post-experience sleep replay was much 

more common than    pre- experience sleep replay 
in both visual cortex and  hippocampus, levels of 
pre- experience replay were higher in the cortex. 
This is  consistent with the notion that memories 
of track-running sessions on previous days had 
been consolidated in the cortex and were stored 
only transiently in the hippocampus.

Also intriguing is the observation that 
replay activity disappears after the animals 
sleep more than about 1 h. One possibility is 
that  multiple sequences are replayed  during 
sleep, as the rats undoubtedly experience many 
behavioral sequences other than those that 
occur  during track running. Because not all 
behavioral sequences present the same order 
of  neuronal activation, replay of  multiple 
sequences may tend to erase the recently 
 established  asymmetric connections between 
pairs of neurons via the same  mechanisms 
of spike timing–dependent  plasticity that 
 established the asymmetric connections 
 during  behavior. Phase-locked increases in 

Figure 1  Interaction between inputs and synaptic matrix in governing sleep replay. (a) During sleep prior to experience, neocortical inputs (dark blue arrows at top) 
are randomly active during brief periods of up states. The hippocampal neurons (colored circles) are randomly connected to each other (black arrows connecting 
the circles). At bottom, vertical lines correspond to spike times (x axis) as a function of neuron number (y axis). Colors of the vertical lines correspond to the colors 
of neurons in the middle panel. Random cortical inputs impinging on the random hippocampal synaptic matrix generate random spiking of hippocampal neurons 
following cortical activation. (b) During waking behavior, visual cortical inputs are not random but sequential (parallel dark blue arrows at top), corresponding to 
the sequence of places visited by the rat. Hippocampal place cells are also activated sequentially (bottom, sequential colored lines). This sequential experience 
makes the hippocampal synaptic matrix asymmetric such that neurons activated earlier in the sequence make stronger synapses on neurons that are activated 
later in the sequence (middle, bright colored circles with bold arrows going from left to right). (c) During post-experience sleep, neocortical activity is again mostly 
unstructured and synchronous (dark blue arrows at top). The hippocampal synaptic matrix is still asymmetric (bold arrows) as a result of recent experience. An 
interaction between mostly random cortical inputs and asymmetric hippocampal synaptic matrix produces hippocampal spiking (bottom, colored lines) that 
resembles the hippocampal activity sequence during behavior (b, bottom, sequential colored lines) but is compressed in time. This sequential activation of 
hippocampal neurons during sleep can get consolidated to the neocortex (red arrow). Similar mechanisms could hold for the visual cortical synaptic matrix.
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Learning spatiotemporal patterns

Bi and Poo, 1998

post→pre pre→post

Spike-timing dependent plasticity
(experiment)

Sequence learning
(model)

Bi and Poo (1998) Synaptic Modifications in Cultured Hippocampal Neurons: 
Dependence on Spike Timing, Synaptic Strength, and Postsynaptic Cell Type, 
The Journal of Neuroscience 18(24): 10464-10472, p. 10470 Fig. 7. Critical 
window for the induction of synaptic potentiation and depression.
http://www.jneurosci.org/content/18/24/10464.full
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ニューロンの働きを示すグラフ
Fiete et al. (2010) Spike-Time-Dependent Plasticity and 

Heterosynaptic Competition Organize Networks to Produce Long 
Scale-Free Sequences of Neural Activity, Neuron 65 (4): 563–576, 

p. 566 Fig. 2A.
http://www.sciencedirect.com/science/article/pii/

S0896627310000917



Spike-timing dependent plasticity vs Hebbian plasticity

Spike frequency dependence

tiation is seen when the duration of the protocol is reduced (Fig.
3E). The model parameters can be fitted quantitatively to the
data of ref. 11 (SI Appendix and Table S2). The model can then
be used to predict the plasticity outcomes for arbitrary protocols
in the same experimental setting. For example, we predict that
adding a third spike in the burst would yield broader and
stronger LTP at positive Δt and short negative Δt (Fig. 3F).

Spike Triplets and Quadruplets. We now show that our synapse
model naturally reproduces nonlinearities of spike triplet and
quadruplet experiments if calcium amplitudes of pre- and post-
synaptically evoked transients have different amplitudes. In those
experiments from hippocampal cultures, post–pre-post triplets
and post–pre-pre-post quadruplets are shown to evoke LTP,
whereas pre–post-pre triplets and pre–post-post-pre quadruplets
induce no synaptic changes (or little potentiation) (10).
We fitted the synapse model to experimental plasticity results

from protocols with spike triplets and quadruplets (SI Appendix,
Fig. S3) (10). The resulting parameter sets are located in the DP
region, consistent with the experimental results on spike pairs in
hippocampal cultures (3, 10). The fit consistently yields a large,
postsynaptically evoked calcium amplitude Cpost > Cpre (Dis-
cussion and SI Appendix, Fig. S3A). Consequently, post–pre-post
triplets lead to stronger activation of potentiation compared with
pre–post-pre triplets (SI Appendix, Fig. S3B). Together with
a potentiation rate that is larger than the depression rate (γp >
γd), this model creates an imbalance in plasticity outcomes be-
tween pre–post-pre and post–pre-post triplets (SI Appendix, Fig.
S3 C and D). The model is also able to fit the quadruplet data (SI
Appendix, Fig. S3E), again because of the pronounced difference
between pre- and postsynaptically evoked calcium transients.
Finally, parameters that best fit triplet and quadruplet data also
reproduce the pair data (SI Appendix, Fig. S3F).

Plasticity Vs. Firing Rate. Here, we show that the firing rate de-
pendence of plasticity results emerges naturally in the model
because of interactions between successive calcium transients.
In visual cortex slices, spike pairs at very low frequency induce no
significant changes for short positive Δt (Δt = 10 ms) (1, 6),
whereas pronounced LTD is obtained for short negative Δt
(Δt = −10 ms). However, pairings at high frequency induce
LTP only (6).
We successfully fitted the synapse model to data obtained with

pre-post (Δt = 10 ms) and post-pre spike pairs (Δt = −10 ms)
presented at frequencies ranging from 0.1 to 50 Hz (Fig. 4) (6).
The fit results reside in the DPD and DPD′ regions (SI Appendix,
Fig. S2) and lead to STDP curves for low frequencies, which are
biased to depression for the small jΔtj except for short positive Δt

values at which no or little potentiation is evoked (Fig. 4B). In-
creasing the stimulation frequency naturally leads to an increase in
time spent by the calcium trace above the potentiation threshold,
because successive calcium transients start to interact with each
other, which progressively leads to LTP at all time differences,
consistent with the information in ref. 6 (Fig. 4A; compare Fig. 4B
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Fig. 3. Numbers of postsynaptic spikes and repetitions
of the stimulation motif qualitatively change the STDP
curve. (A) Compound calcium trace evoked by a spike
pair for Cpre = 1, Cpost = 0.276, and Δt = 20 ms. For these
parameter values, the calcium trace remains below the
potentiation threshold (θp = 1.3, θd = 1). (B) For the
parameters of A, spike pair simulation induces synaptic
depression for small positive and negative values of Δt.
(C) Adding a postsynaptic spike, resulting in a post-
synaptic burst with an interburst interval of 11.5 ms,
leads to crossing of the potentiation threshold. (D)
Prespike and postburst stimulation results in a DPD
curve. (E) Reducing the number of prespike and post-
burst motif presentations from 100 to 30 turns the DPD
curve into a PD curve exhibiting potentiation, with little
depression at positive Δt. (F) Prespike and postburst
stimulation with three postsynaptic spikes amplify po-
tentiation at short positive Δt values. All data points
are taken from plasticity experiments in hippocampal
slices (mean ± SEM) (11). Analytical results of changes in
synaptic strength are shown in magenta, and simula-
tion results are shown in cyan (see SI Appendix, Table
S2 for parameters).
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Fig. 4. Plasticity vs. firing frequency. (A) Periodic pre-post pairs (Δt = 10 ms)
evoke no change at low-presentation frequencies and LTP at high frequen-
cies, whereas post-pre pairs (Δt = −10 ms) lead to depression at low fre-
quencies and potentiation at high frequencies. Data points are taken from
plasticity experiments in cortical slices (6) (mean ± SEM). Analytical results of
changes in synaptic strength are shown in blue and red, and simulation
results are shown in cyan and orange. (B) Change in synaptic strength as
a function of Δt for various frequencies f (as indicated). Low presentation
frequencies (black line) of spike pairs lead to a DPD curve with a narrow LTP
region. Potentiation is recruited when consecutive calcium transients start to
interact at high frequencies, leading to potentiation only above 29 Hz for all
Δt. (C) Pre- and postsynaptic Poisson firing at equal rates (fpre = fpost) evokes
no synaptic changes at low rates, LTD at intermediate rates, and LTP at high
rates. Analytical results of changes in synaptic strength are shown in green,
and simulation results are shown in magenta. (D) The change in synaptic
strength (analytical results) in response to Poisson stimulation is shown for all
combinations of pre- and postsynaptic rates. The green diagonal illustrates
the values depicted in C (see SI Appendix, Table S2 for parameters).
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data of ref. 11 (SI Appendix and Table S2). The model can then
be used to predict the plasticity outcomes for arbitrary protocols
in the same experimental setting. For example, we predict that
adding a third spike in the burst would yield broader and
stronger LTP at positive Δt and short negative Δt (Fig. 3F).

Spike Triplets and Quadruplets. We now show that our synapse
model naturally reproduces nonlinearities of spike triplet and
quadruplet experiments if calcium amplitudes of pre- and post-
synaptically evoked transients have different amplitudes. In those
experiments from hippocampal cultures, post–pre-post triplets
and post–pre-pre-post quadruplets are shown to evoke LTP,
whereas pre–post-pre triplets and pre–post-post-pre quadruplets
induce no synaptic changes (or little potentiation) (10).
We fitted the synapse model to experimental plasticity results

from protocols with spike triplets and quadruplets (SI Appendix,
Fig. S3) (10). The resulting parameter sets are located in the DP
region, consistent with the experimental results on spike pairs in
hippocampal cultures (3, 10). The fit consistently yields a large,
postsynaptically evoked calcium amplitude Cpost > Cpre (Dis-
cussion and SI Appendix, Fig. S3A). Consequently, post–pre-post
triplets lead to stronger activation of potentiation compared with
pre–post-pre triplets (SI Appendix, Fig. S3B). Together with
a potentiation rate that is larger than the depression rate (γp >
γd), this model creates an imbalance in plasticity outcomes be-
tween pre–post-pre and post–pre-post triplets (SI Appendix, Fig.
S3 C and D). The model is also able to fit the quadruplet data (SI
Appendix, Fig. S3E), again because of the pronounced difference
between pre- and postsynaptically evoked calcium transients.
Finally, parameters that best fit triplet and quadruplet data also
reproduce the pair data (SI Appendix, Fig. S3F).

Plasticity Vs. Firing Rate. Here, we show that the firing rate de-
pendence of plasticity results emerges naturally in the model
because of interactions between successive calcium transients.
In visual cortex slices, spike pairs at very low frequency induce no
significant changes for short positive Δt (Δt = 10 ms) (1, 6),
whereas pronounced LTD is obtained for short negative Δt
(Δt = −10 ms). However, pairings at high frequency induce
LTP only (6).
We successfully fitted the synapse model to data obtained with

pre-post (Δt = 10 ms) and post-pre spike pairs (Δt = −10 ms)
presented at frequencies ranging from 0.1 to 50 Hz (Fig. 4) (6).
The fit results reside in the DPD and DPD′ regions (SI Appendix,
Fig. S2) and lead to STDP curves for low frequencies, which are
biased to depression for the small jΔtj except for short positive Δt

values at which no or little potentiation is evoked (Fig. 4B). In-
creasing the stimulation frequency naturally leads to an increase in
time spent by the calcium trace above the potentiation threshold,
because successive calcium transients start to interact with each
other, which progressively leads to LTP at all time differences,
consistent with the information in ref. 6 (Fig. 4A; compare Fig. 4B
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Fig. 3. Numbers of postsynaptic spikes and repetitions
of the stimulation motif qualitatively change the STDP
curve. (A) Compound calcium trace evoked by a spike
pair for Cpre = 1, Cpost = 0.276, and Δt = 20 ms. For these
parameter values, the calcium trace remains below the
potentiation threshold (θp = 1.3, θd = 1). (B) For the
parameters of A, spike pair simulation induces synaptic
depression for small positive and negative values of Δt.
(C) Adding a postsynaptic spike, resulting in a post-
synaptic burst with an interburst interval of 11.5 ms,
leads to crossing of the potentiation threshold. (D)
Prespike and postburst stimulation results in a DPD
curve. (E) Reducing the number of prespike and post-
burst motif presentations from 100 to 30 turns the DPD
curve into a PD curve exhibiting potentiation, with little
depression at positive Δt. (F) Prespike and postburst
stimulation with three postsynaptic spikes amplify po-
tentiation at short positive Δt values. All data points
are taken from plasticity experiments in hippocampal
slices (mean ± SEM) (11). Analytical results of changes in
synaptic strength are shown in magenta, and simula-
tion results are shown in cyan (see SI Appendix, Table
S2 for parameters).
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Fig. 4. Plasticity vs. firing frequency. (A) Periodic pre-post pairs (Δt = 10 ms)
evoke no change at low-presentation frequencies and LTP at high frequen-
cies, whereas post-pre pairs (Δt = −10 ms) lead to depression at low fre-
quencies and potentiation at high frequencies. Data points are taken from
plasticity experiments in cortical slices (6) (mean ± SEM). Analytical results of
changes in synaptic strength are shown in blue and red, and simulation
results are shown in cyan and orange. (B) Change in synaptic strength as
a function of Δt for various frequencies f (as indicated). Low presentation
frequencies (black line) of spike pairs lead to a DPD curve with a narrow LTP
region. Potentiation is recruited when consecutive calcium transients start to
interact at high frequencies, leading to potentiation only above 29 Hz for all
Δt. (C) Pre- and postsynaptic Poisson firing at equal rates (fpre = fpost) evokes
no synaptic changes at low rates, LTD at intermediate rates, and LTP at high
rates. Analytical results of changes in synaptic strength are shown in green,
and simulation results are shown in magenta. (D) The change in synaptic
strength (analytical results) in response to Poisson stimulation is shown for all
combinations of pre- and postsynaptic rates. The green diagonal illustrates
the values depicted in C (see SI Appendix, Table S2 for parameters).
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Calcium based model
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グラフ:シナプス Spike frequency dependence
Sjöström, et al. (2001) Rate, Timing, and Cooperativity Jointly 

Determine Cortical Synaptic Plasticity, Neuron 32 (6): 1149–1164, p. 
1151 Fig. 1D. p. 1157 Fig. 7B. 

http://www.sciencedirect.com/science/article/pii/S0896627301005426

Graupner and Brunela (2012) Calcium-based plasticity model explains sensitivity of synaptic changes to spike pattern, rate, and dendritic location, 
Proceedings of the National Academy of Sciences of the United States of America 109 (10): 3991–3996, p. 3994 Fig. 4A. 
http://www.pnas.org/content/109/10/3991.full
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Anti-Hebbian plasticity

•Cerebellum-like structures in electric fish post → pre pre→ post
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電気魚の構造
Roberts and Bell (2000) Computational Consequences of 
Temporally Asymmetric Learning Rules: II. Sensory Image 
Cancellation, Journal of Computational Neuroscience 9 (1): 

67-83, p. 69 Fig. 1: Connectivity of the ELL.
http://link.springer.com/article/10.1023/A:1008938428112

Bell et al. (1997) Synaptic plasticity in a cerebellum-
like structure depends on temporal order, Nature 
387 (6630): 278-281, p. 280 Fig. 4a.  
http://www.nature.com/nature/journal/v387/n6630/
abs/387278a0.html
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電気魚のシナプス機能のシミュレーション
Roberts and Bell (2000) Computational Consequences of 
Temporally Asymmetric Learning Rules: II. Sensory Image 
Cancellation, Journal of Computational Neuroscience 9 (1): 
67-83, p. 76 Fig. 5: Comparison of experimental data with 

preliminary simulation. 
http://link.springer.com/article/10.1023/A:1008938428112



Hebbian and homeostatic plasticity



Hebbian plasticity
“neurons that fire together wire together”

Interaction?
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可塑性のグラフ
Kaneko et al. (2008) Tumor Necrosis Factor-α Mediates One 

Component of Competitive, Experience-Dependent Plasticity in 
Developing Visual Cortex, Neuron 58 (5): 673–680, p. 674 Fig. 

1C.
http://www.sciencedirect.com/science/article/pii/

S0896627308003772

homeostatic plasticity
scales synaptic strength to maintain activity 



MD result in the monocular cortex
Fast Hebbian depression and slow homeostatic potentiation

monocular ctx.
w

tMD0 MD3 MD6

Hebb (NMDA)

Kaneko et al. 2008b

Visual response

Time

homeostatic (TNF-alpha)

T Hensch (2005) Critical period plasticity 
in local cortical circuits, Nature Reviews 
Neuroscience 6(11): 877-888, p. 879 Fig. 
2a. 
http://www.nature.com/nrn/journal/v6/n11/
full/nrn1787.html
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Hebbian

homeostatic

Conventional models assume that
the two kinds of plasticity cancel each other.

“fast”

“slow”

∆w = ∆Hebb + ∆homeo 
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Hebbian + homeostatic plasticity 

This interaction predicts a change of visual response if Hebbian plasticity is blocked.
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NMDA-receptor-dependent expression of the immediate early
gene product Zif268 and blocks ODP in response to MD but
does not block visual behavior or the responses of neurons in
mouse V1 (Sato and Stryker, 2008). As we will discuss later, it
leaves homeostatic plasticity intact, while appearing to block
Hebbian plasticity, when applied during days 4–7 of MD
(Figure 7A). We injected CPP during each of two different,
approximately steady states during the critical period for ODP
in mice: during normal rearing and during the last 3 days of a
10-day MD (Figure 3). At each steady state, the blockade caused
no significant change in either eye’s response strength in V1, as
assessed with intrinsic signal imaging, relative to control animals
(daily vehicle injection), in contrast to the outcome seen in
Figure 2C. This indicates that Hebbian and homeostatic plasticity
are each separately nearly zero at each of the two steady states.
Note that this experiment does not speak against the BCM

model. In that model, all plasticity is stopped by NMDA receptor
blockade. However, we have noted other empirical problems
with the BCM model.

Our Proposed Solution: A Model with Hebbian
and Homeostatic Factors that Multiply
to Produce Synaptic Strength
We have seen that the observed combination of fast synaptic
depression and slow homeostatic plasticity after MD cannot be
robustly reproduced by traditional plasticity models in which
the Hebbian and homeostatic components directly compete to
control the same factor. Furthermore, the constitutive, equal,
and opposite forms of plasticity predicted to exist at a steady
state by models with separate, competing homeostatic and
Hebbian terms were not found experimentally.

This motivates our proposed solution: a model in which a syn-
apse-specific Hebbian factor, r, and a postsynaptic-cell-spe-
cific homeostatic factor, H, each with their own learning
dynamics, are multiplied to give the synaptic strength: w=Hr
(Figure 4A). LTP and LTD rapidly modify r in an NMDA-depen-
dent manner, while homeostatic plasticity more slowly modifies
H through the effects of TNF-a and perhaps other factors. This
model is consistent with the experimental result that the percent-
age of synaptic strength changes induced by Hebbian LTP or
LTD protocols were unchanged by modifications of homeostatic
plasticity (pretreatment with TNF-a or knockout of TNF-a recep-
tors; Stellwagen and Malenka, 2006).
In our proposed model, the dynamics of r—the Hebbian dy-

namics—are stable by themselves, reaching a stable fixed point
for the given input statistics. We will assume this stabilization is
achieved through saturation of r at minimal and maximal al-
lowed values (O’Connor et al., 2005; Petersen et al., 1998),
but any stable Hebbian learning rule would suffice. The homeo-
static dynamics still involve slow learning, but because of
the relationship w=Hr, such slow dynamics will scale the
weights—including the minimal and maximal weights—to bring
the overall activity level toward the desired set point without
disturbing the intrinsic stability of the Hebbian dynamics. In
this model, the synaptic strength does not oscillate because
homeostatic plasticity is driven by the instantaneous activity
without the delays of slow time averaging. In the previous
models, the observed slowness of homeostatic plasticity had
to arise from slow time averaging rather than slow learning
because slow learning, which means small changes per unit
time, would have made the homeostatic term too weak to affect
learning. That is, under slow learning, the small changes in w

A 1

B 1

A 2

B 2

Figure 3. Lack of Constitutive Plasticity at Steady States
(A and B) Hebbian plasticity and homeostatic plasticity are each separately inactive under normal rearing (A1 and B1) and after 6 days ofmonocular deprivation (A2

and B2). (A) Experimental designs. An NMDA receptor antagonist (CPP) or vehicle solution was injected intraperitoneally for 6 days under normal rearing (A1) or for

the last 4 days of a 10-day MD period (A2). (B) In each case, responses in binocular V1 to stimulation through each eye were unchanged by the NMDA receptor

block, suggesting a lack of ongoing plasticity in these conditions. Baseline response levels were indistinguishable in CPP and control animals (Figure S7). Data are

represented as mean ± SEM.
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Modeling Hebbian and Homeostatic Plasticity
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Toyoizumi et al. (2014) Modeling the Dynamic 
Interaction of Hebbian and Homeostatic Plasticity, 
Neuron 84 (2): 497–510, p. 500 Fig. 2B, C　p. 501 
Fig. 3B2. . 
http://www.sciencedirect.com/science/article/pii/
S0896627314008940
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∆w = (Hebb)✖(homeo) 

The two-factor model:  
synaptic strength as a product of Hebbian and homeostatic variables

Toyoizumi et al. 2014
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Schematic behavior:
a possible implementation
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A wealth of evidence supports the idea of critical peri-
ods for tutor song memorization in songbirds and for
perceptual learning of speech sounds in humans4,13,14.
So the problem in changing adult vocalizations may not
be an incapacity to alter vocal production, but rather,
or in addition, an incapacity to create new perceptual
templates to which vocalizations can be matched.

Plasticity of adult song
In adult zebra finches, removal of auditory feedback by
deafening results in a gradual deterioration of song, in
some cases to a point where it is no longer recognizable
as the same song as before deafening15–18. Likewise, for
humans, speech gradually deteriorates following pro-
found hearing loss in adulthood, in some cases to a
point of unintelligibility10. These data show that the
motor circuitry underlying the production of adult song
(and speech) is not ‘hard-wired’, and indicate instead a
continued influence of auditory feedback on adult
vocalizations.

There is naturally occurring variability in the influ-
ence of auditory feedback on adult song5,19; for in-
stance, white-crowned sparrows can maintain their
song with no notable deterioration for up to one and a
half years after deafening5. In these birds, song may have
become truly independent of experience, or might be
maintained by alternative sources of sensory feedback,
such as proprioceptive signals from the vocal tract5. In
contrast to the white-crowned sparrow song, the more
complex and variable songs of adult Bengalese finches
and canaries deteriorate even more rapidly than zebra
finch songs after loss of hearing20–22. Unlike ‘critical-
period learners’ such as the zebra finch, canaries and
other ‘open-learners’ can acquire new songs in adult-
hood23–25. A high degree of adult sensitivity to loss of
hearing may be a concomitant of such open-ended
song learning.

In summary,behavioural experiments in songbirds
suggest that when learning to sing, birds first form an
internalized song memory or template, and then shape
their vocal motor output by comparing auditory feed-
back of their own vocalizations with this template (FIG.

2). Comparison of the extent of the mismatch between
the developing song and the template results in an
appropriate instructive signal, which drives adaptive
changes in the song motor program until the vocal out-
put matches the internal model of the song.

Stabilization of adult vocal behaviour
Once speech and birdsong are learned, they often
remain remarkably stable. For example, it is notoriously
difficult to alter the accent of speech or to develop fluen-
cy in a new language in adulthood11–14. Likewise, in
many songbird species, the detailed structure of learned
song normally remains unchanging in adulthood,
regardless of continuing exposure to different acoustic
models3,4,7. This raises the questions of what causes the
stabilization of a behaviour so clearly subject to modifi-
cation by experience during learning, and of whether
the processes involved in song learning are retained in
the adult brain.

In principle, the stabilization of song could reflect
loss of plasticity in the parts of the brain responsible for
vocal motor control, such that they become ‘hard-wired’
and impervious to the further influence of experience
(FIG. 3a). Alternatively, adult vocalizations may remain
stable not because of developmental loss of plasticity in
vocal control centres, but rather because vocalizations
are actively maintained in their learned state. According
to this model, adult song continues to be evaluated by
auditory feedback, and does not change because it is
well matched to an unchanging perceptual song model
or template (FIG. 3b). For humans, there is evidence for a
tight link between perception and production. For
instance, adults have trouble accurately perceiving and
producing sounds that are not used systematically in
their native language, and better perceptual discrimi-
nation is correlated with better pronunciation11,12.

Box 1 | Language and speech compared with birdsong

We use ‘speech’ to refer specifically to those components of human language that are
involved in the sensorimotor control of the vocal system,not with semantics; ‘language’
refers to complex strings of words,ordered by the rules of grammar, to convey meaning.
Language is typically mediated by speech, although it does not depend on it; for example,
American Sign Language and writing both enable rich semantic communication without
vocalization. The most compelling and best-studied parallels have been found between
birdsong and human speech14. These parallels include the demonstration of both
perceptual and vocal motor learning, the existence of critical periods and innate
predispositions for learning, the influence of social factors, and the presence of complex
and in some cases homologous neural substrates for learning.However, although song is
used for communication (conveying information about breeding status, identity,
territorial ownership and other ecologically important factors), there is little evidence
that elements of song can be used in a combinatorial manner to convey the kind of rich
and flexible semantic content that characterizes language. A possible exception comes
from the study of parrots and other members of the order Psittaciformes, which (at least
in a laboratory setting) can be trained to use a ‘vocabulary’of learned vocalizations in an
apparently meaningful manner98.

Figure 1 | Timeline for zebra finch song learning. Young
birds first memorize the song of an adult ‘tutor’ during a critical
period for ‘sensory’ learning of song. Later, during a
‘sensorimotor’ learning period, they begin to sing and gradually
match their initially immature vocalizations to the memorized
song using auditory feedback. After this learning process, adult
song normally remains unchanging, or ‘crystallized’. For zebra
finches, as for humans, the periods of sensory and
sensorimotor learning overlap3. Many other species, such as
the white-crowned sparrow, do not crystallize song until close to
one year of age, and have a much clearer separation between
the sensory and sensorimotor learning periods4. Still other
species, such as the canary, seem to reiterate the processes of
sensory and sensorimotor learning each season, perhaps
under the regulation of seasonal variability in hormone levels23.
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Timeline for zebra finch song learning

Brainard and Doupe 2000

Critical periods can occur as a 
sequence of sensitivities to 
increasingly more complex aspects 
of experience.

(e.g. Werker et al. 2009, Hernandez and Li 2007, 
Scott et al. 2007) 

A sequence of critical periods

How do critical periods start?

Brainard and Doupe (2000) Auditory feedback in learning and maintenance of 
vocal behaviour, Nature Reviews Neuroscience 1(1): 31-40, p. 32 Fig. 1: 
Timeline for zebra finch song learning. 
http://www.nature.com/nrn/journal/v1/n1/full/nrn1000_031a.html
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• Mice have a CP for OD.

• Maturation of inhibition requires 
visual experience.

• Modulations of GABA function 
shift the critical period 
bidirectionally in time.

Hensch 2005

Maturation of inhibition initiates the CP for OD in mice

T Hensch (2005) Critical period plasticity in local cortical circuits, Nature 
Reviews Neuroscience 6(11): 877-888, p. 879 Fig. 2a. b
http://www.nature.com/nrn/journal/v6/n11/full/nrn1787.html
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How maturation of inhibition initiates the CP?

1. Maturation of inhibition turns on plasticity specifically during the CP.

2. Before maturation of inhibition, all input patterns equally activate neurons. 
    Hence, there is no competition between input patterns.

Experience-dependent refinement of retinotopy occurs in V1 during the pre-CP.

V1 shows activity-dependent plasticity during the pre-CP.

mature slices (p,0.05, paired t-test, n = 12). There was no
significant difference between the two ages (Figure 1B), deter-
mined using either a t-test (p = 0.97) or a Kolmogorov-Smirnov
(KS) test (p = 0.99), which is sensitive to differences in data
distribution as well as the mean.
An example of LTP is shown in Figure 1d. The baseline EPSP

slope was 0.28 mV/ms. Following the AP-EPSP pairing protocol,
the EPSP slope increased to 0.42 mV/ms. Similar to the LTD
protocol, the LTP protocol induced significant plasticity at both
ages. The mean EPSP slope ratio was 1.32+/20.10 in young slices
(p,0.05, paired t-test, n = 11), and was 1.36+/20.09 in mature
slices (p,0.05, paired t-test, n = 11). There was no significant
difference between the two ages (t-test, p = 0.76; KS, p= 0.81).
We also compared the ability to induce STDP at local recurrent

connections within layer 2/3 in the two age groups (Figure 1B). To
stimulate local recurrent connections, the field electrode was
placed laterally within 50 microns of the recorded cell. Similar to
layer4Rlayer2/3 connections, we found that the activated
synapses were modifiable by STDP in both young and mature
slices. In response to the LTD protocol the mean EPSP slope ratio
was 0.79+/20.09 in young slices (p,0.05, Wilcoxon signed rank,

n = 10), and was 0.78+/20.09 in mature slices (p,0.05, Wilcoxon
signed rank, n = 9). There was no significant difference between
the two ages (KS, p= 0.25). In response to the LTP protocol the
mean EPSP slope ratio was 1.47+/20.16 in young slices (p,0.05,
Wilcoxon signed rank, n = 8), and 1.29+/20.10 in mature slices
(p,0.05, Wilcoxon signed rank, n = 9). There was no significant
difference between the two ages (KS, p = 0.90).
Therefore, by bypassing the requirement for input summation,

we demonstrated that STDP was similarly induced at layer 4R
layer 2/3 connections as well as local recurrent connections in
mouse primary visual cortex both prior to the onset and at the
peak of the critical period of OD plasticity. Our results, along with
others [41], raise the possibility that the ability to induce plasticity
at glutamatergic synapses may not be a primary factor in
determining the onset of OD plasticity.

Maturation of GABAergic synaptic and intrinsic
properties in primary visual cortex
To examine the changes of GABAergic inhibition onto V1

pyramidal neurons during the critical period, we assayed the

Figure 1. STDP is inducible in mouse primary visual cortex before and after the onset of the critical period of OD plasticity. (A)
Position of field stimulation electrode in layer 4 and whole-cell recording electrode in layer 2/3 in V1, scale bar: 100 microns. WM: white matter. Inset:
an alexa-594-filled L2/3 pyramidal neuron. (B) Mean (black bar) and median (gray bar) EPSP slope ratios for young (open circle, LTD n= 12, LTP n= 11)
and mature (closed circle, LTD n= 12, LTP n= 11) age groups at vertical layer 4R layer 2/3 connections (left) and layer 2/3R 2/3 connections (right).
(C) Example of an individual cell in which the EPSP followed the action potential by 9 ms, age= P17. (D) Example of an individual cell in which the
EPSP preceded the action potential by 9 ms, age =P17, scale bar 25 mV, 5 ms. Baseline traces are represented by solid lines, post-pairing traces are
represented by dashed lines, scale bar: 0.5 mV, 10 ms.
doi:10.1371/journal.pcbi.1000797.g001

Maturation of Inhibition and STDP

PLoS Computational Biology | www.ploscompbiol.org 3 June 2010 | Volume 6 | Issue 6 | e1000797

Kuhlman et al. 2010

CP
pre-CP

Kuhlman et al. (2010) Maturation of GABAergic Inhibition Promotes 
Strengthening of Temporally Coherent Inputs among Convergent 
Pathways, PLOS Computational Biology  6(6): e1000797, p. 3 Fig. 1B.
http://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.
1000797
CC BY 4.0



Questions

• Pre-CP: How can there be the experience-dependent refinement of retinotopy 
without a significant OD shift? 

• CP: How does the maturation of inhibition make OD sensitive to MD?



  No change in plasticity rule

Hypothesis

Toyoizumi et al. (2013) A Theory of the Transition to 
Critical Period Plasticity: Inhibition Selectively 
Suppresses Spontaneous Activity, Neuron 80(1): 51–63, 
p. 53 Fig. 1B.
http://www.sciencedirect.com/science/article/pii/
S0896627313006466
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Simulation: Refinement during pre-CP and 
OD-shift during CP

the ith presynaptic neuron; and m is the strength of inhibition
driven by a nonspecific pooling of neighboring neurons. The
instantaneous activity averaged over neighboring neurons is
approximated by the long-term averaged firing rate, y, of the
postsynaptic neuron, assuming spatially homogeneous average
firing rates. For simplicity, we model the maturation of cortical
inhibition as an immediate increase of the inhibitory strength m
at the onset of the CP for OD (Di Cristo et al., 2007; Fagiolini
et al., 2004; Katagiri et al., 2007; Kuhlman et al., 2010; Sugiyama
et al., 2008). Instead, if a gradual increase of inhibition
(Morales et al., 2002) were modeled, it would progressively
open the CP by increasing the magnitude of the OD shift under
MD with increasing inhibitory strength (e.g., see Figure 3E for
the steady-state OD shift versus inhibition level).

The instantaneous change in synaptic strengths, wi, is
modeled as the sum of a Hebbian term and a homeostatic
term. The Hebbian term is proportional to a measure of correla-
tion of pre- and postsynaptic firing, hxif(y)i! ahxii hf(y)i, where h i
is a short-term average, a = 1.001 is a constant slightly larger
than 1 to force a competitive learning outcome by suppressing
synapses with small input-output correlation, and f(y) = y ! q
for y > q, f(y) = 0 otherwise. q is a threshold level of postsynaptic
activity required for Hebbian plasticity. We generally take q =
2Hz but also consider varying q. The homeostatic term is propor-
tional to wiðy0 ! yÞ, with y0 = 1.2 Hz. Here, y is the long-term
average of the postsynaptic firing rate. This term scales synaptic
strengths to bring y toward the set-point firing rate y0. The pro-
portionality to wi causes the homeostatic term to multiplicatively
scale synaptic strengths. Such homeostatic scaling has been

experimentally observed (Turrigiano et al., 1998; Stellwagen
and Malenka, 2006) including in V1 of developing animals in vivo
(Desai et al., 2002; Mrsic-Flogel et al., 2007; Kaneko et al., 2008).
Our choices of a thresholded input/output function (the []+

function in the expression for y) and subtractive inhibition ensure
that inhibition suppresses spontaneous activity relative to visu-
ally-evoked activity, as illustrated in Figure 1B. Subtraction of a
fixed amount removes a greater proportion of the smaller spon-
taneous input than of the larger visual input and will also cause a
greater fraction of spontaneous than of visual input to lie below
the spiking threshold. Alternatively, inhibition might reduce all
responses by an equal factor (e.g., Rothman et al., 2009). We
choose a neuronal model in which inhibition changes the relative
response strengths in order to explore our theory that such a
change underlies CP opening. We will experimentally test the
idea that inhibition acts in this way at CP opening. The function
f in the plasticity rule further suppresses the contribution of
weak spontaneous activity to Hebbian plasticity. We will explore
how varying the threshold q influences developmental outcome.
The exact form of f is not important: e.g., f could be a smooth
function that enhances Hebbian modifications at high postsyn-
aptic firing rates instead of suppressing such modifications at
low rates (see Supplemental Computational and Experimental
Procedures, S2C).

Simulations of Visual Cortical Development
Wesimulatedpre-CPandCPplasticity under thismodel. Figure 2
shows activity-dependent development of retinotopy (as
measured by RF size), OD, and response strength during the
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Figure 2. Model Activity-Dependent Plasticity during the Pre-CP: Activity-Dependent Retinotopic Refinement without OD Plasticity
(A) Left panels: development of synaptic strengths (color) over time during the pre-CP under NR (top) and MD (bottom; C closed from time 0). Final strengths are

insensitive to initial conditions, which are identical in the two cases. Upper and lower halves show C and I strengths, respectively, over a one-dimensional (1D)

section of retinotopic positions through the center of the 2D RFs (note, there are more C than I input neurons). Right panels: final 2D RFs of both eyes. Under NR,

retinotopic refinement occurs with little OD competition. Under MD, there is less retinotopic refinement and both eyes’ strengths weaken relative to NR, but again

there is little OD competition.

(B) One-dimensional sections of the final synaptic strengths at time 100 under NR (black) and MD (red) (solid, C; dashed, I).

(C) Contralateral bias index (CBI) (see Supplemental Computational and Experimental Procedures, S2D), which ranges from 0 to 1 for responses varying from

purely driven by I to purely driven by C; the CBI settles to 0.73 under NR (black) and 0.68, only slightly lower, under MD (red), reflecting denser input from C than I.

(D and E) RF width (D) and the response magnitude (E) (defined in Supplemental Computational and Experimental Procedures, S2D) versus time. C, contralateral

eye; I, ipsilateral eye; solid lines, C; dashed lines, I; black, NR; red, MD; green, monocular inactivation (MI) of C.

See also Figure S1.
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above, we simply assume that, in the absence of visual drive,
postsynaptic activity is suppressed a certain fraction of the
time by inhibition, where this fraction increases with inhibitory
strength. This simpler model reproduces the main results of
our theory: in the pre-CP, MD yields broader RFs and
decreases both eyes’ inputs strengths with minimal change in
OD; while in the CP, MD yields strong OD shifts (and also
broader RFs). The analytical expression for the weights shows
that these are all robust outcomes, with one exception. The
decrease in both eyes’ weights induced by MD in the pre-CP
involves a tradeoff between the decreased input activity, which
reduces the weights overall, homeostatic plasticity, which in-
creases the weights, and the spatially broader input activity,
which spreads the weights and thus reduces the peak weight
under homeostatic plasticity. Thus, relatively strong reduction
in input activity, relatively weak homeostasis, and relatively
broad correlations all favor reduction in the two eyes’ weights,
while with different sets of these three choices the open eye’s
weights or both eye’s weights can instead be increased by
MD in the pre-CP. The model also predicts that the final steady
state of the synaptic strengths is insensitive to the initial synap-
tic strengths, which was generally true in the previous simula-
tions. The ability of the simple model to reproduce the results
demonstrates their overall robustness, showing that the results
depend on the overall framework of Hebbian plus homeostatic
plasticity and an inhibition-induced reduction in the sponta-
neous-to-visual activity ratio, but not on the details of how inhi-
bition causes this reduction.

Spontaneous-to-Visual Activity Ratio in Freely Behaving
Mice
We have shown that a suppression of the spontaneous-to-visual
activity ratio induced by the maturation of inhibition is sufficient
to explain the transition from pre-CP to CP plasticity. To test
the prediction that such suppression occurs, we recorded extra-
cellularly with head-mounted tetrodes from putative pyramidal
cells in V1 of freely behaving adult mice (Supplemental Compu-
tational and Experimental Procedures, S2E). All experiments
were performed under the approval of the local animal care/
review committees of RIKEN Brain Science Institute. We studied
both WT and GAD65-KO animals. The GAD65-KO mouse
models a pre-CP state and will enter a CP even in adulthood
upon chronic strengthening of inhibition by administration of
diazepam (Fagiolini and Hensch, 2000). We also studied adult
GAD65-KO mice that had previously been exposed to chronic
diazepam for 6 days around postnatal day (P) 28 (KOc), which
had caused them to enter and then exit the CP. These mice,
like adult WT mice, are in a post-CP state in which plasticity is
no longer triggered by administration of diazepam (Fagiolini
and Hensch, 2000; Iwai et al., 2003).
Acute strengthening of inhibition by diazepam lowered the

spontaneous-to-visual activity ratio specifically in those animals
in which this treatment, when maintained over days, opens the
CP. We measured both sensory-evoked responses driven by
light-emitting diode (LED) flashes and baseline firing rates (Fig-
ures 4A and S2). Average firing responses to LED flashes of
typical multi-unit activity from fully mature WT and GAD65-KO
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Figure 3. Model Activity-Dependent Plasticity during the CP: Activity-Dependent Retinotopic Refinement and OD Plasticity
The simulation was continued from the final state of Figure 2 under NR and CP was modeled as mature inhibition (increase of m from 0 to 5 at time 100).

(A) Development under NR to time 150 andMD, initiated at time 150. Now, MD causes a strong shift to the open ipsilateral (I) eye. Panels are as in Figure 2A. Note,

homeostatic plasticity rapidly increased synaptic strengths after inhibitory strengthening.

(B) One-dimensional sections of the synaptic strengths at time 150 under NR (black) and at time 200 underMD (red) (solid: contra; dashed: ipsi). Conventions as in

Figure 2B.

(C) Comparison of the time courses of the contralateral bias index (CBI) under MD for CP (m = 5, solid-line) and pre-CP (m = 0, dotted-line) conditions. Maturation

of inhibition yields about a 5-fold greater change in CBI. Note that the final CBI for the CP under MD indicates only slight ipsilateral advantage (CBI = 0.45): the

summed synaptic strength for each eye is similar, although I has stronger strengths, because of denser input from contralateral (C) eye.

(D) The RF width and the response magnitude versus time as in Figures 2D and 2E (solid, C; dashed, I).

(E and F) Final CBI versus the spontaneous-to-visual ratio of firing rates (E) and the ratio of gains (F) under various levels of the inhibitory strength (varied from 0 to

10) and the Hebbian threshold (varied from 1 to 3 Hz; shown with different colors). Black crosses indicates parameters used in (A)–(D).

See also Figure S1.

Neuron

Spontaneous/Visual Ratio Controls CP Onset

56 Neuron 80, 51–63, October 2, 2013 ª2013 Elsevier Inc.

above, we simply assume that, in the absence of visual drive,
postsynaptic activity is suppressed a certain fraction of the
time by inhibition, where this fraction increases with inhibitory
strength. This simpler model reproduces the main results of
our theory: in the pre-CP, MD yields broader RFs and
decreases both eyes’ inputs strengths with minimal change in
OD; while in the CP, MD yields strong OD shifts (and also
broader RFs). The analytical expression for the weights shows
that these are all robust outcomes, with one exception. The
decrease in both eyes’ weights induced by MD in the pre-CP
involves a tradeoff between the decreased input activity, which
reduces the weights overall, homeostatic plasticity, which in-
creases the weights, and the spatially broader input activity,
which spreads the weights and thus reduces the peak weight
under homeostatic plasticity. Thus, relatively strong reduction
in input activity, relatively weak homeostasis, and relatively
broad correlations all favor reduction in the two eyes’ weights,
while with different sets of these three choices the open eye’s
weights or both eye’s weights can instead be increased by
MD in the pre-CP. The model also predicts that the final steady
state of the synaptic strengths is insensitive to the initial synap-
tic strengths, which was generally true in the previous simula-
tions. The ability of the simple model to reproduce the results
demonstrates their overall robustness, showing that the results
depend on the overall framework of Hebbian plus homeostatic
plasticity and an inhibition-induced reduction in the sponta-
neous-to-visual activity ratio, but not on the details of how inhi-
bition causes this reduction.

Spontaneous-to-Visual Activity Ratio in Freely Behaving
Mice
We have shown that a suppression of the spontaneous-to-visual
activity ratio induced by the maturation of inhibition is sufficient
to explain the transition from pre-CP to CP plasticity. To test
the prediction that such suppression occurs, we recorded extra-
cellularly with head-mounted tetrodes from putative pyramidal
cells in V1 of freely behaving adult mice (Supplemental Compu-
tational and Experimental Procedures, S2E). All experiments
were performed under the approval of the local animal care/
review committees of RIKEN Brain Science Institute. We studied
both WT and GAD65-KO animals. The GAD65-KO mouse
models a pre-CP state and will enter a CP even in adulthood
upon chronic strengthening of inhibition by administration of
diazepam (Fagiolini and Hensch, 2000). We also studied adult
GAD65-KO mice that had previously been exposed to chronic
diazepam for 6 days around postnatal day (P) 28 (KOc), which
had caused them to enter and then exit the CP. These mice,
like adult WT mice, are in a post-CP state in which plasticity is
no longer triggered by administration of diazepam (Fagiolini
and Hensch, 2000; Iwai et al., 2003).
Acute strengthening of inhibition by diazepam lowered the

spontaneous-to-visual activity ratio specifically in those animals
in which this treatment, when maintained over days, opens the
CP. We measured both sensory-evoked responses driven by
light-emitting diode (LED) flashes and baseline firing rates (Fig-
ures 4A and S2). Average firing responses to LED flashes of
typical multi-unit activity from fully mature WT and GAD65-KO
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Figure 3. Model Activity-Dependent Plasticity during the CP: Activity-Dependent Retinotopic Refinement and OD Plasticity
The simulation was continued from the final state of Figure 2 under NR and CP was modeled as mature inhibition (increase of m from 0 to 5 at time 100).

(A) Development under NR to time 150 andMD, initiated at time 150. Now, MD causes a strong shift to the open ipsilateral (I) eye. Panels are as in Figure 2A. Note,

homeostatic plasticity rapidly increased synaptic strengths after inhibitory strengthening.

(B) One-dimensional sections of the synaptic strengths at time 150 under NR (black) and at time 200 underMD (red) (solid: contra; dashed: ipsi). Conventions as in

Figure 2B.

(C) Comparison of the time courses of the contralateral bias index (CBI) under MD for CP (m = 5, solid-line) and pre-CP (m = 0, dotted-line) conditions. Maturation

of inhibition yields about a 5-fold greater change in CBI. Note that the final CBI for the CP under MD indicates only slight ipsilateral advantage (CBI = 0.45): the

summed synaptic strength for each eye is similar, although I has stronger strengths, because of denser input from contralateral (C) eye.

(D) The RF width and the response magnitude versus time as in Figures 2D and 2E (solid, C; dashed, I).

(E and F) Final CBI versus the spontaneous-to-visual ratio of firing rates (E) and the ratio of gains (F) under various levels of the inhibitory strength (varied from 0 to

10) and the Hebbian threshold (varied from 1 to 3 Hz; shown with different colors). Black crosses indicates parameters used in (A)–(D).
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Neuron

Spontaneous/Visual Ratio Controls CP Onset

56 Neuron 80, 51–63, October 2, 2013 ª2013 Elsevier Inc.

CP

＊
Toyoizumi et al. (2013) A Theory of the Transition to Critical Period Plasticity: Inhibition Selectively 
Suppresses Spontaneous Activity, Neuron 80(1): 51–63, p. 54 Fig. 2B, C.p. 56 Fig. 3B. p. 56 Fig. 3C.
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Visual experience

Switching of learning cues from internal to external sources

Gjorgjieva et al. 2009

spontaneously driven

Wiesel, Nature 1982.

Visually driven
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Hooks and Chen 2006 
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A wealth of evidence supports the idea of critical peri-
ods for tutor song memorization in songbirds and for
perceptual learning of speech sounds in humans4,13,14.
So the problem in changing adult vocalizations may not
be an incapacity to alter vocal production, but rather,
or in addition, an incapacity to create new perceptual
templates to which vocalizations can be matched.

Plasticity of adult song
In adult zebra finches, removal of auditory feedback by
deafening results in a gradual deterioration of song, in
some cases to a point where it is no longer recognizable
as the same song as before deafening15–18. Likewise, for
humans, speech gradually deteriorates following pro-
found hearing loss in adulthood, in some cases to a
point of unintelligibility10. These data show that the
motor circuitry underlying the production of adult song
(and speech) is not ‘hard-wired’, and indicate instead a
continued influence of auditory feedback on adult
vocalizations.

There is naturally occurring variability in the influ-
ence of auditory feedback on adult song5,19; for in-
stance, white-crowned sparrows can maintain their
song with no notable deterioration for up to one and a
half years after deafening5. In these birds, song may have
become truly independent of experience, or might be
maintained by alternative sources of sensory feedback,
such as proprioceptive signals from the vocal tract5. In
contrast to the white-crowned sparrow song, the more
complex and variable songs of adult Bengalese finches
and canaries deteriorate even more rapidly than zebra
finch songs after loss of hearing20–22. Unlike ‘critical-
period learners’ such as the zebra finch, canaries and
other ‘open-learners’ can acquire new songs in adult-
hood23–25. A high degree of adult sensitivity to loss of
hearing may be a concomitant of such open-ended
song learning.

In summary,behavioural experiments in songbirds
suggest that when learning to sing, birds first form an
internalized song memory or template, and then shape
their vocal motor output by comparing auditory feed-
back of their own vocalizations with this template (FIG.

2). Comparison of the extent of the mismatch between
the developing song and the template results in an
appropriate instructive signal, which drives adaptive
changes in the song motor program until the vocal out-
put matches the internal model of the song.

Stabilization of adult vocal behaviour
Once speech and birdsong are learned, they often
remain remarkably stable. For example, it is notoriously
difficult to alter the accent of speech or to develop fluen-
cy in a new language in adulthood11–14. Likewise, in
many songbird species, the detailed structure of learned
song normally remains unchanging in adulthood,
regardless of continuing exposure to different acoustic
models3,4,7. This raises the questions of what causes the
stabilization of a behaviour so clearly subject to modifi-
cation by experience during learning, and of whether
the processes involved in song learning are retained in
the adult brain.

In principle, the stabilization of song could reflect
loss of plasticity in the parts of the brain responsible for
vocal motor control, such that they become ‘hard-wired’
and impervious to the further influence of experience
(FIG. 3a). Alternatively, adult vocalizations may remain
stable not because of developmental loss of plasticity in
vocal control centres, but rather because vocalizations
are actively maintained in their learned state. According
to this model, adult song continues to be evaluated by
auditory feedback, and does not change because it is
well matched to an unchanging perceptual song model
or template (FIG. 3b). For humans, there is evidence for a
tight link between perception and production. For
instance, adults have trouble accurately perceiving and
producing sounds that are not used systematically in
their native language, and better perceptual discrimi-
nation is correlated with better pronunciation11,12.

Box 1 | Language and speech compared with birdsong

We use ‘speech’ to refer specifically to those components of human language that are
involved in the sensorimotor control of the vocal system,not with semantics; ‘language’
refers to complex strings of words,ordered by the rules of grammar, to convey meaning.
Language is typically mediated by speech, although it does not depend on it; for example,
American Sign Language and writing both enable rich semantic communication without
vocalization. The most compelling and best-studied parallels have been found between
birdsong and human speech14. These parallels include the demonstration of both
perceptual and vocal motor learning, the existence of critical periods and innate
predispositions for learning, the influence of social factors, and the presence of complex
and in some cases homologous neural substrates for learning.However, although song is
used for communication (conveying information about breeding status, identity,
territorial ownership and other ecologically important factors), there is little evidence
that elements of song can be used in a combinatorial manner to convey the kind of rich
and flexible semantic content that characterizes language. A possible exception comes
from the study of parrots and other members of the order Psittaciformes, which (at least
in a laboratory setting) can be trained to use a ‘vocabulary’of learned vocalizations in an
apparently meaningful manner98.

Figure 1 | Timeline for zebra finch song learning. Young
birds first memorize the song of an adult ‘tutor’ during a critical
period for ‘sensory’ learning of song. Later, during a
‘sensorimotor’ learning period, they begin to sing and gradually
match their initially immature vocalizations to the memorized
song using auditory feedback. After this learning process, adult
song normally remains unchanging, or ‘crystallized’. For zebra
finches, as for humans, the periods of sensory and
sensorimotor learning overlap3. Many other species, such as
the white-crowned sparrow, do not crystallize song until close to
one year of age, and have a much clearer separation between
the sensory and sensorimotor learning periods4. Still other
species, such as the canary, seem to reiterate the processes of
sensory and sensorimotor learning each season, perhaps
under the regulation of seasonal variability in hormone levels23.
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Timeline for zebra finch song learning

Gjorgjieva et al. (2009) Burst-Time-Dependent Plasticity Robustly Guides ON/OFF Segregation in 
the Lateral Geniculate Nucleus, PLoS Computational Biology 5(12): e1000618, p. 3 Fig. 1A.
http://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1000618
CC BY 4.0

T Wiesel (1982) Postnatal development of the visual cortex and the influence 
of environment, Nature 299(5884): 583-591, p. 585 Fig. 3. 
http://www.nature.com/nature/journal/v299/n5884/abs/299583a0.html

Brainard and Doupe (2000) Auditory feedback in learning and maintenance of vocal behaviour, 
Nature Reviews Neuroscience 1(1): 31-40, p. 32 Fig. 1: Timeline for zebra finch song learning. 
http://www.nature.com/nrn/journal/v1/n1/full/nrn1000_031a.html
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グラフ:ニューロンの働き
Brenner et al. (2000) Adaptive Rescaling Maximizes 

Information Transmission, Neuron 26(3): 695–702, p. 699 Fig. 
8: Optimizing Information Transmission. 
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Flies efficiently use neuronal dynamic range 

Laughlin, de Ruyter van Steveninck, and Anderson, 1998
Laughlin, 1981

Dayan and Abbott, Theoretical Neuroscience: Computational and 
Mathematical Modeling of Neural Systems, MIT Press, 2001, p. 133, 
Fig. 4.2 Contrast response of the fly LMC (data points) compared to the 
integral of the natural contrast probability distribution (solid curve).

Laughlin et al. (1998) The metabolic cost of neural 
information, Nature Neuroscience  1(1): 36 - 41, p. 37 Fig. 
1: Cells, synapses and signals in
blowfly compound eye.
http://www.nature.com/neuro/journal/v1/n1/full/
nn0598_36.html
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Adaptive rescaling maximizes information transmission

Brenner, Bialek, and de Ruyter van Steveninck, 2000
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グラフ:ニューロンの働き
Brenner et al. (2000) Adaptive Rescaling Maximizes 
Information Transmission, Neuron 26(3): 695–702, 

p. 698 Fig. 6a, b. 
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Plasticity for maximizing information transmission

Information Energy constraint

dwi

dt
=

@L

@wi

Toyoizumi et al. 2005

特 性 との関係 について も考察 す る36).

3. スパ イク神経細胞 モデル とスパイク
確率

神経細胞は入力刺激の強度 に応 じてスパイク列 を生成す
る.こ こでは,確 率的に発火す る神経細胞モデルを用いて,
入力スパイク列 と出力スパイク列の間の関係 を記述する.
出力神経細胞がN個 の入力神経細胞か ら入力を受け取る
と仮定する(図1参 照).個 々の入力スパイクが出力神経

図1 出力神経細胞はN個 の入力神経細胞か らのスパイ
ク列Xを 受け,膜 電位uと 直近発火時刻に応 じて
スパイク列Yを 生成する.

細胞 の膜電位 に与 え る影響の大 きさを シナ プス強度wjで,

また時 間応答 を ε(t)=exp(-t/τm)H(t)mVに よ って表 わ

す.こ こで τm=10msは 膜 時定数で あ り,H(t)はt≧0

で1,そ の 他 で0を とるス テ ップ関数 である.こ こでは,時

間間隔Tの 間の入力 スパ イク列 をDiracの デ ル タ関数 の和
と して表 現す る.す なわち,j番 目の入力神 経細胞 が時刻

tfjj(fj=1,...,nj(T))に 発 火す る と して,入 力 スパ イ ク

列 をxj(t)=Σnj(T)fj=1)δ(t-tfjj)と 表 わす.し たが って,

hj(t)=∫ ε(t-t')xj(t')dt' (1)

と定義すれば,入 力神経細胞jか らのシナプス後電位 は
wjhjに よって表現され,こ れらの入力を受けて出力神経
細胞の膜電位は,静 止膜電位urか ら

u(t)=ur+NΣj=1wjhj(t) (2)

へ と時間変化する.以 降では,す べての入力神経細胞か らの
スパイク列 を形式的にX(T)={xi(t)|i=1,...,N, 0≦
t<T}と 表わす.
時刻tに おける出力神経細胞の発火確率密度 ρは,膜 電

位uお よび不応期係数Rに 依存 し,

ρ(t)=g(u(t))R(t) (3)

と書 ける.こ こでg(u)=ｇM/[1+exp(-β(u-θ))]は シ グ
モイ ド関数で あ り,膜 電位が高 いほど発火確 率が高いこ とを

表 わす.ま た不応期係数 はR(t)=t-t/τ r+t-tと モ デル化 され,
Rは 直近発火時刻tの 直後0に 減少 し,そ の後,時 定数 τrで

1に 回復す る.こ のモデルは,発 火確率が直近発火時刻tに

依存する という意味 で,非 一様Poisson発 火 の一般化であ り,

確 率的 に発火す るスパ イク応答 モデル14)に 対 応す る.入 力ス
パ イク列X (T)が 与 え られた もとで,こ の発火モデルが出力

スパ イク列Y(T)={y(t)=Σn(T)f =1δ(t-tf)|0≦t<T}

を 出 力す る確率密 度 は,時 刻{tf}n(T)f=1に 発 火す る確 率密

度 Пn(T)f=1ρ(tf)と,そ の他 の区間[0,T)で 発 火 しない確率

e-∫T0ρ(t)dtの 積 と して

(4)

と書 ける.同 様 に,Xか らの影響 を周辺化 した場合の,時 刻

tに おける発火確率密度は ρ(t)=<ρ(t)>X(t)|Y(t)に よって表

わされる.こ れは,入 力 スパイク列X(t)が 与 え られず,過

去 の出力神経細胞 の発火時刻 のみが与 えられた もとでの平均

発火確率密度 に対応す る.こ こで,平 均操作 は<・>X(t)|Y(t)=

∫dX(t)・P(X(t)|Y(t))の 意 味で あ り,X (t)に 関 す る積
分 は ∫dX(t)=Σ ∞nj(t)=0∫… ∫T0ПNj=1Пnj(t)fj=1dtfjj,また

Y (t)に 関す る積分は ∫dY(t)=Σ ∞n(t)=0∫ … ∫Пn(t)f=1dtf
を表 わす.つ ま りdX, dYは,す べ てのスパ イク数 に関す

る和 とスパ イ ク時刻 に関す る積分 を形式 的に表わ した もの

である.周 辺化 された発 火確 率密度 ρ を用い て,出 力 スパ

イ ク列の周辺確 率密度 は

(5

と表わされる.本 解説では出力神経細胞の発火確率は直前
の発火時刻のみに依存すると仮定するが,(4)式 および(5)
式は,よ り一般的な ρに関 しても同様に成立する.

4. 情報量最大化と発火率制御
本節では,入 出力スパイク列間の相互情報量 を定式化 し,

発火率に対する恒常性の基準 を導入する.
入力スパイク列 と出力スパイク列の間の相互情報量は(4)

式 と(5)式 を用いて

(6

と定義される9).こ こで平均<・>Y, XはP (Y,X)に 関 して
である.こ の相互情報量はX (T)を 観測することによっ
て,Y (T)の 予測が どの程度向上するかを表わす指標であ
り,ま た,出 力神経細胞によって伝達 される入力スパイク
列に関する情報量を示 している.発 火率によって神経情報
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Toyoizumi et al. (2005) Generalized Bienenstock–Cooper–Munro rule for 
spiking neurons that maximizes information transmission, Proceedings of 
the National Academy of Sciences of the United States of America 102 (14): 
5239–5244, p. 5241 Fig. 2: Relation to BCM rule.
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Information maximization and STDP

Optimality Model of Unsupervised Spike-Timing-Dependent Plasticity 651
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Figure 3: The synaptic update rule of the model shares features with STDP.
(a) STDP function (percentage change of EPSP amplitude as a function of t pre −
t post) determined using 60 pre-and-post spike pairs injected at 1 Hz. The initial
EPSP amplitudes are 4 mV (dashed line) and 6 mV (dotted). Marks (circle, cross,
square and diamond) correspond respectively to t pre = −50 ms, t pre = −10 ms,
t pre = 10 ms, and t pre = 50 ms, also depicted on Figure 2. (b) The percentage
change in EPSP amplitude after 60 pre-and-post spike pairs injected at 1 Hz
for pre-before-post timing ((t pre − t post) = −10 ms, solid line) and post-before-
pre timing ((t pre − t post) = +10 ms, dashed line) as a function of initial EPSP
amplitude. Our model results qualitatively resemble experimental data (see
Figure 5 in Bi & Poo, 1998). (c) Frequency dependence of the STDP function:
spike pairs are presented at frequencies of 0.5 Hz (dashed line), 1 Hz (dotted
line), and 2 Hz (dot-dashed line). The STDP function exhibits only a weak
sensitivity to the change in stimulation frequency. (d) STDP function for different
choices of model parameters. The extension of the synaptic depression zone
for pre-after-post timing (t pre − t post > 0) depends on the timescale τa of EPSP
suppression (dot-dashed line, τa = 50 ms; dashed line, τa = 25 ms). The dotted
line shows the STDP function in the absence of a weight-dependent cost term
". The STDP function exhibits a positive offset indicating that without the cost
term ", unpaired presynaptic spikes would lead to potentiation, a non-Hebbian
form of plasticity.

○

×

♢□

With a cost of maintaining synapses….

Toyoizumi et al. (2007) Optimality Model of Unsupervised Spike-Timing-Dependent Plasticity: Synaptic 
Memory and Weight Distribution, Neural Computation 19 (3): 639-671, p. 651 Fig. 3d.
http://www.mitpressjournals.org/doi/abs/10.1162/neco.2007.19.3.639#.VsFsI_msV8E
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Information maximization using multiple output neurons

Independent component analysis

Information-Maximization 1139 

I unknown BLIND 
mixing SEPARATION 
process (learnt weights) 

BLIND 
L ZrrIO N 

Figure 3: Network architectures for (a) blind separation of five mixed signals, 
and (b) blind deconvolution of a single signal. 

we receive are the N superpositions of them, x l ( t ) ,  . . . . x ~ ( t ) .  The task is 
to recover the original sources by finding a square matrix, W, which is a 
permutation and rescaling of the inverse of the unknown matrix, A. The 
problem has also been called the "cocktail-party" p r ~ b l e m . ~  

In blinddeconvolution, described in Haykin (1991,1994a) and illustrated 
in Figure 3b, a single unknown signal s ( t )  is convolved with an unknown 
tapped delay-line filter a l ,  . . . .aK,  giving a corrupted signal x ( t )  = a ( t ) * s ( t )  
where a ( t )  is the impulse response of the filter. The task is to recover s ( t )  
by convolving x ( t )  with a learnt filter wl. . . . . wL, which reverses the effect 
of the filter a( t ) .  

There are many similarities between the two problems. In one, sources 
are corrupted by the superposition of other sources. In the other, a source 
is corrupted by time-delayed versions of itself. In both cases, unsuper- 
vised learning must be used because no error signals are available. In 
both cases, second-order statistics are inadequate to solve the problem. 

For example, for blind separation, a second-order decorrelation tech- 
nique such as that of Barlow and Foldiak (1989) would find uncorrelated, 
or linearly independent, projections, y, of the input data, x. But it could 
only find a symmetric decorrelation matrix, that would not suffice if the 
mixing matrix, A, were asymmetric (Jutten and Herault 1991). Similarly, 
for blind deconvolution, second-order techniques based on the autocor- 
relation function, such as prediction-error filters, are phase-blind. They do  
not have sufficient information to estimate the phase of the corrupting 
filter, a( t ) ,  only its amplitude (Haykin 19944. 

4Though for now, we ignore the problem of signal propagation delays. 

Information-Maximization 1145 

S X U 

Figure 6: A 5 x 5 information maximization network performed blind separation, 
learning the unmixing matrix W. The outputs, u, are shown here unsquashed 
by the sigmoid. They can be visually matched to their corresponding sources, S, 
even though their order was different and some (for example u1) were recovered 
as negative (upside down). 

can occur at twice the speed at which the sounds themselves are played. 
Real-time separation for more than, say, three sources, may require fur- 
ther work to speed convergence, or special-purpose hardware. 

In all our attempts at blind separation, the algorithm has failed under 
only two conditions: 

1. when more than one of the sources were gaussian white noise, and 
2.  when the mixing matrix A was almost singular. 

Both are understandable. First, no procedure can separate out indepen- 
dent gaussian sources since the sum of two gaussian variables has itself 
a gaussian distribution. Second, if A is almost singular, then any unmix- 
ing W must also be almost singular, making the learning in 2.14 quite 
unstable in the vicinity of a solution. 

Bell and Sejnowski 1995
Bell and Sejnowski (1995) An Information-Maximization Approach to Blind Separation 
and Blind Deconvolution, 7 (6): 1129-1159, p. 1139 Fig. 3(a).  p. 1145 Fig. 6. 
http://www.mitpressjournals.org/doi/abs/10.1162/neco.1995.7.6.1129#.VqcAzVlCOVM
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A local ICA rule
that approximates information maximization
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“Brain-like” computing
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脳とコンピュータの相同を示したパネル図
Merolla et al. (2014) A million spiking-neuron integrated circuit with a 
scalable communication network and interface, Science 345 (6197): 

668-673, p. 670 Fig. 2: TrueNorth architecture. 
http://science.sciencemag.org/content/345/6197/668.full


