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Background:
Technological advance in neuroscience



Imaging brain activity

fMRI

calcium imaging

azimuth–orientation function) derived from cells located in the
periphery of the pinwheel (more than 65 mm from the centre; blue
points). Cells in the pinwheel centre (less than 65 mm; red points)
follow the same curve (correlation coefficient r ¼ 0.98). Thus, cells in
the centre of the pinwheel are arranged according to the pattern seen
in the periphery.
We further examined the relationship between pinwheel centre

and periphery by quantifying three parameters: the orderliness of the
orientation map, the response strength, and the orientation tuning
width. First, we measured the angular deviation, which is the degree
to which individual cells deviated from the orderly pinwheel arrange-
ment, expressed in the azimuth–orientation function (black curve in
Fig. 3b) for each pinwheel. For cells close to the pinwheel centre, the
distribution of angular deviations was clearly biased towards zero
(Fig. 3c; median 98), although they were somewhat higher than in the
surround (Fig. 3d; median 58 (see also Supplementary Fig. S2);
however, if the deviation was measured as cortical displacement of
neurons, it was smaller at the centre (see Supplementary Fig. S3)).
The distribution in the centre was significantly different from the
random distribution obtained by shuffling the location of cells
(Fig. 3c, grey bars; P , 10210; Wilcoxon rank-sum test). Second,
the response amplitudes in the pinwheel centre (Fig. 3f; median 4.3%
fluorescence increase) were smaller than in the periphery (Fig. 3g;
5.8%, P , 10212; Wilcoxon rank-sum test). Finally, cells close to the
pinwheel centre were selective to orientation but had a slightly
broader tuning bandwidth (Fig. 3i; median 378) than cells in the
periphery (Fig. 3j; median 318; P , 1024; Wilcoxon rank-sum test).
The differences in tuning width were sufficiently robust that they
were observed independently in different subsets of the data (even
and odd trials, Supplementary Figs S4 and S5).
We found essentially the same relationship between the pinwheel

centre and periphery in all ten pinwheels studied. The pinwheel

centres were remarkably well organized: the median angular devia-
tion of the measured preferred orientation from the azimuth–
orientation function was small (less than 178), although consistently
larger than in the periphery (Fig. 3e). The median response strength
of the cells was always 17–41% smaller in the pinwheel centre than in
the periphery (Fig. 3h). Themedian bandwidth of orientation tuning
was consistently broader in the pinwheel centre than in the periphery,
but this difference was always small (less than 118; Fig. 3k).
The present study was performed with kittens at an age when

orientation maps are well established (postnatal days 28–35)15,16, but
still within the critical period. Our results are consistent with the idea
that tuning widthmight be slightly broader in the pinwheel centres of
kittens of this age, as has been suggested17. However, any quantitative
conclusions about the degree of orientation tuning must take several
technical issues into consideration. First, to minimize experiment
time, we sampled orientation coarsely (458) in most experiments.
When we sampled orientation more densely (22.58) in some experi-
ments, the apparent tuning width of the most selective cells became
considerably smaller (see Supplementary Figs S6 and S7), which
rather enlarged the difference in tuning width between centre and
periphery. Second, the smaller responses at the pinwheel centres
might result in apparently broader curves due to decreased signal-to-
noise ratios; indeed, the measured tuning width was inversely
correlated with response strength both near the centre and in the
periphery (Supplementary Fig. S8).
The smaller responses near the pinwheel centres than in the

periphery might also have contributed to the apparently higher
percentage of unresponsive cells in the centre (16.5%) than in the
periphery (5.8%). Alternatively, the unresponsive cells at the pin-
wheel centres might have been selective to some other stimulus
attributes. In a few experiments we tried square-wave gratings at a
range of spatial frequencies (0.07–1.0 cycles/degree) at a single

Figure 1 | Functional maps of orientation pinwheels. Pinwheels were
mapped at low resolution (a) and with single-cell resolution (b–e). a, An
orientation map obtained with intrinsic-signal optical imaging. In this
colour-coded map (polar map), hue is determined by the best orientation.
Darker colours, in pinwheel centres, represent less selective responses.
b, Two-photon calcium imaging. Approximately, the square region drawn in
a was imaged at 250mm below the pial surface. The top panel shows an
averaged image of cortical cells stained with the calcium indicator Oregon
Green 488 BAPTA-1 AM. The bottom four panels show single-condition
maps for four orientations of visual stimuli (DF/F, the percentage change in
fluorescence between stimulation period and blank; gaussian smoothed

by 1 mm). The scale bar (DF/F) applies only to the bottom four panels.
c, Cell-based orientation maps from nine different depths (130, 150, 170,
190, 210, 230, 250, 270 and 290mm, as indicated). Selective cells (1,034 out of
1,055 cells; P , 0.05, ANOVA across eight directions) are coloured
according to their preferred orientation. The cortical surface was tilted
(about 158), which was corrected for by shifting the images by 5.2 mm for
every 20 mm in depth (grey margins indicate this shift). The last panel shows
the overlay of images from all nine depths. d, e, Dye-loaded cells and
orientationmaps in pinwheels from two other animals. Scale bars, 1mm (a);
100mm (b–e).
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The Connectome

Diffusion spectrum imaging

Electron microscopy

The C. elegans wiring diagram
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EM Datasets, IEEE Transactions on 
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Fig. 1: NeuroTrace allows neuroscientists 

to interactively explore and segment 
neural processes in high-resolution EM 

data.
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V Gewin (2013) Neuroscience: A head start for brain 
imaging, Nature 503 (7474): 153–155, p. 153 Fig. The 
neuronal pathways in the brain’s white matter are 
picked out in this magnetic resonance image. 
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Virtual reality

gain to a ‘weak virtual fish’. Accurate motor control would require the
motor output to adapt to the feedback gain. Periodically switching the
feedback gain between low and high values in the virtual environment
resulted in compensatory changes inmotor output: a change to a lower
gain resulted in the gradual increase of the amplitude and duration of
the fictive swim signals (Fig. 1c and Supplementary Movie 1; a weak
fish sends more impulses to the muscles), whereas a switch to a higher
gain setting led to an incremental decrease (a strong fish sends fewer
impulses to the muscles). This behaviour was tested in more detail in
the scheme shown in Fig. 1e, which was repeated up to 50 times per
fish. We analysed the power of motor nerve bursts, equivalent to
the number of fictive tail oscillations (Fig. 1d), in each of the first 12
swim bouts that occurred during 30 s of motor adaptation to either
high or low feedback gain (Fig. 1e, phase I). The first swim bouts
following a switch from low to high gain, or from high to low gain,

were indistinguishable (t-test,P. 0.5; Fig. 1f). This implies that fish do
not adjust their motor output once amotor command has been issued,
despite the presence of immediate visual feedback. Starting at the
second swim bout, the power diverges in the high and low gain con-
ditions (P , 1024). Behavioural adjustment plateaus after about ten
bouts, which corresponds to approximately 7–10 s (Fig. 1g; Sup-
plementary Fig. 4).
To determine whether the larvae are learning a new sensorimotor

transformation or merely responding to different patterns of visual
stimulation during the high- and low-gain periods, fish were exposed
to a 10-s ‘rest’ period (Fig. 1e, phase II) during which constant-
velocity backward gratings were shown in open loop, a stimulus that
tends to inhibit swimming, followed by a closed-loop ‘test’ period of
medium feedback gain (Fig. 1e, phase III). We found that the strength
of the first swim bouts in the ‘test’ period was determined by the gain
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Figure 1 | Experimental setup and fictive motor adaptation. a, Schematic of
the setup. Photograph of a paralysed larval zebrafish (left) in the experimental
setup (right), supported by pipettes, two of which are recording pipettes.
b, Illustration of the virtual motor adaptation assay. Left, trajectory of a fish
executing one swim bout against a water current (black trajectory) in the
presence of a visual surround (red). Right, simulation of this behaviour in the
virtual environment, in which the visual surround is moved and the fish is
stationary. The visual surround is accelerated backwards when a fictive swim
occurs. The trajectory that would occur if the feedback gain were higher is
shown by a dashed red line. c, Fictive motor adaptation. Fictive swim vigour
(blue and red traces for left and right channels, respectively) and stimulus
velocity (black trace) plotted over time. High and low feedback gain epochs are

shown in grey andwhite.d, Example fictive swim bout (left) and corresponding
processed trace (right). e, Assay to probe sensorimotor adaptation and motor
memory formation (left panel, phase I; middle panel, phase II; right panel,
phase III). f, Power per swim (the area under the processed fictive signal) as a
function of swim bout number during adaptation phase I (n5 5 fish).
g, Average power as a function of swim bout number during phase I. Top right,
relative swim bout power as a function of time. Bottom right, average time of
swim bouts for low gain (light grey) and high gain (dark grey) conditions.
h, Histogramof relative power of the first swimbout in phase III after either low
gain (light grey) or high gain (dark grey) in phase I. Bout power is significantly
higher after a low gain epoch than after a high gain epoch.
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Ahrens et al. (2012) Brain-wide neuronal dynamics during motor 
adaptation in zebrafish, Nature 485 (7399): 471–477, p. 472 Fig. 1a. 
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nature11057.html
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Optogenetics

Fox news 2013 (Ramirez et al. 2013)
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(Supplementary Fig. 7a,b). Periodic stimulation of layer V neurons 
(at 1 Hz) in Rbp4-Cre mice resulted in the almost-complete entrain-
ment of ongoing LFP activity to the stimulation frequency (Fig. 3a). 
This led to a significant increase in the power of the 1-Hz frequency 
bin (Fig. 3b,c) during the stimulation compared to pre- and post-
stimulation conditions. Also the multiunit signal, which mainly 
reflects the firing activity of the network, became almost completely 
locked to the stimulus (Fig. 3d, mean values of the number of spikes 
in the multiunit signal occurring during the light on and during the 
light off cycles of the stimulation period: 87.3 o 2.3% versus 12.7 o 
2.3%; values were normalized to the total number of spikes recorded; 
paired Student’s t-test, N = 18, P = 8.4 × 10−12). The same findings 
were confirmed using Thy1-ChR2 mice (Supplementary Fig. 8). The 
coupling of cortical network activity to light was not restricted to the 
1-Hz frequency; we observed similar engagement of the multiunit at 
higher and lower frequencies (Supplementary Fig. 9). Notably, light 
had no effect on mice that did not express ChR2 (Supplementary 
Fig. 10). Moreover, in naturally sleeping Thy1-ChR2 mice, rhythmic 
stimulation at 1 Hz caused entrainment of the EEG on the stimulation 
frequency (Supplementary Fig. 11).

In contrast, when periodic light stimuli (repetition frequency  
1 Hz, light ON duration, 500 ms; light OFF duration, 500 ms) were 
delivered to layer II/III neurons, spontaneous activity was not sig-
nificantly affected (Fig. 4a). The small population events that were 
induced by light did not significantly affect the power spectrum of 

the LFP (Fig. 4b,c), and light did not cause significant entrainment 
in the population firing activity (Fig. 4d, mean values of the number 
of spikes in the multiunit signal occurring during the light on and 
the light off cycles of the stimulation: 57.9 o 5.2% versus 42.1 o 5.2%. 
Values are normalized to the total number of spikes recorded; paired 
Student’s t-test, N = 13, P = 0.16). These data demonstrate that impos-
ing rhythmic stimulation on a subpopulation of excitatory neurons 
can entrain recurrent network activity to the exogenously applied 
rhythm, but only if stimulated neurons are located in infragranular 
layer V and not in supragranular layer II/III.

Layer V (not II/III) inhibition affects recurrent activity
Light stimulation of ChR2-positive cells may not mimic the complex 
spatiotemporal pattern of activation that neurons undergo under 
physiological conditions and thus may lead to aberrant network 
 behavior. To address this limitation, we inactivated a subpopulation 
of layer V and layer II/III principal cells during spontaneous ongoing 
oscillations. To inactivate layer V neurons, we injected Rbp4-Cre mouse 
with AAV expressing the hyperpolarizing opsins archaerhodopsin34 
and halorhodopsin35 (Supplementary Fig. 12a,b). We first confirmed 
that illumination with yellow light (L = 594 nm) efficiently suppressed 
action potential firing in layer V neurons in brain-slice preparation 
(Supplementary Fig. 12c,d). We then measured population activ-
ity in vivo with LFP and multiunit recordings and found that yellow 
light illumination significantly suppressed ongoing activity (Fig. 5).  

Figure 3 Rhythmic stimulation of a minority 
of layer V pyramidal neurons entrains ongoing 
population activity. (a) Representative traces 
from a LFP recording before (Pre), during 
(Stim) and after (Post) stimulating layer V 
neurons in Rbp4-Cre mouse injected with AAV 
transducing ChR2 in vivo. Note how activity 
is entrained on the light protocol during the 
Stim phase. A schematic of the recording 
configuration is shown on the left. (b) Power 
amplitude spectra of the LFP signal before 
(Pre, black line), during (Stim, red line) and 
after (Post, blue line) light stimulation for the 
experiments shown in a. (c) Average values of 
LFP power amplitude in the 1-Hz frequency 
bin under the three different experimental 
conditions (Pre, Stim and Post; one-way, 
repeated measures ANOVA, N = 21, P = 1.9 × 10−8). (d) Top: representative multiunit signals recorded before (Pre), during (Stim) and after (Post) 
blue light stimulation. Bottom: corresponding PSTHs are shown for each trace. Error bars indicate s.e.m.
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Figure 4 Rhythmic stimulation of layer II/III 
cells does not entrain spontaneous population 
activity. (a) Representative traces from a LFP 
recording before (Pre), during (Stim) and 
after (Post) stimulaton of layer II/III neurons 
in electroporated mouse cortex in vivo. Light-
evoked activity overlaps with, but does not 
entrain, ongoing spontaneous activity. The 
schematic of the recording configuration is 
shown on the left. (b) Power amplitude spectra 
of the LFP signal before (Pre, black line),  
during (Stim, red line) and after (Post,  
blue line) light stimulation for the experiment 
shown in a. (c) Average values of LFP power 
amplitude in the 1-Hz frequency bin under 
the three different experimental conditions 
(Pre, Stim and Post; one-way, repeated 
measures ANOVA, N = 18, P = 0.051). (d) Top: representative multiunit signals recorded before (Pre), during (Stim) and after (Post) blue light 
stimulation. Corresponding PSTHs are shown for each trace (bottom). Error bars indicate s.e.m.
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(Supplementary Fig. 7a,b). Periodic stimulation of layer V neurons 
(at 1 Hz) in Rbp4-Cre mice resulted in the almost-complete entrain-
ment of ongoing LFP activity to the stimulation frequency (Fig. 3a). 
This led to a significant increase in the power of the 1-Hz frequency 
bin (Fig. 3b,c) during the stimulation compared to pre- and post-
stimulation conditions. Also the multiunit signal, which mainly 
reflects the firing activity of the network, became almost completely 
locked to the stimulus (Fig. 3d, mean values of the number of spikes 
in the multiunit signal occurring during the light on and during the 
light off cycles of the stimulation period: 87.3 o 2.3% versus 12.7 o 
2.3%; values were normalized to the total number of spikes recorded; 
paired Student’s t-test, N = 18, P = 8.4 × 10−12). The same findings 
were confirmed using Thy1-ChR2 mice (Supplementary Fig. 8). The 
coupling of cortical network activity to light was not restricted to the 
1-Hz frequency; we observed similar engagement of the multiunit at 
higher and lower frequencies (Supplementary Fig. 9). Notably, light 
had no effect on mice that did not express ChR2 (Supplementary 
Fig. 10). Moreover, in naturally sleeping Thy1-ChR2 mice, rhythmic 
stimulation at 1 Hz caused entrainment of the EEG on the stimulation 
frequency (Supplementary Fig. 11).

In contrast, when periodic light stimuli (repetition frequency  
1 Hz, light ON duration, 500 ms; light OFF duration, 500 ms) were 
delivered to layer II/III neurons, spontaneous activity was not sig-
nificantly affected (Fig. 4a). The small population events that were 
induced by light did not significantly affect the power spectrum of 

the LFP (Fig. 4b,c), and light did not cause significant entrainment 
in the population firing activity (Fig. 4d, mean values of the number 
of spikes in the multiunit signal occurring during the light on and 
the light off cycles of the stimulation: 57.9 o 5.2% versus 42.1 o 5.2%. 
Values are normalized to the total number of spikes recorded; paired 
Student’s t-test, N = 13, P = 0.16). These data demonstrate that impos-
ing rhythmic stimulation on a subpopulation of excitatory neurons 
can entrain recurrent network activity to the exogenously applied 
rhythm, but only if stimulated neurons are located in infragranular 
layer V and not in supragranular layer II/III.

Layer V (not II/III) inhibition affects recurrent activity
Light stimulation of ChR2-positive cells may not mimic the complex 
spatiotemporal pattern of activation that neurons undergo under 
physiological conditions and thus may lead to aberrant network 
 behavior. To address this limitation, we inactivated a subpopulation 
of layer V and layer II/III principal cells during spontaneous ongoing 
oscillations. To inactivate layer V neurons, we injected Rbp4-Cre mouse 
with AAV expressing the hyperpolarizing opsins archaerhodopsin34 
and halorhodopsin35 (Supplementary Fig. 12a,b). We first confirmed 
that illumination with yellow light (L = 594 nm) efficiently suppressed 
action potential firing in layer V neurons in brain-slice preparation 
(Supplementary Fig. 12c,d). We then measured population activ-
ity in vivo with LFP and multiunit recordings and found that yellow 
light illumination significantly suppressed ongoing activity (Fig. 5).  

Figure 3 Rhythmic stimulation of a minority 
of layer V pyramidal neurons entrains ongoing 
population activity. (a) Representative traces 
from a LFP recording before (Pre), during 
(Stim) and after (Post) stimulating layer V 
neurons in Rbp4-Cre mouse injected with AAV 
transducing ChR2 in vivo. Note how activity 
is entrained on the light protocol during the 
Stim phase. A schematic of the recording 
configuration is shown on the left. (b) Power 
amplitude spectra of the LFP signal before 
(Pre, black line), during (Stim, red line) and 
after (Post, blue line) light stimulation for the 
experiments shown in a. (c) Average values of 
LFP power amplitude in the 1-Hz frequency 
bin under the three different experimental 
conditions (Pre, Stim and Post; one-way, 
repeated measures ANOVA, N = 21, P = 1.9 × 10−8). (d) Top: representative multiunit signals recorded before (Pre), during (Stim) and after (Post) 
blue light stimulation. Bottom: corresponding PSTHs are shown for each trace. Error bars indicate s.e.m.

Pre
Stim

Post

0.5 s

0.
2 

m
V

I
II/III

IV
V
VI

a

Pre
ON Stim

Post

1 s

5
50

 µ
V

OFFc d

b
1

0.1

0.01

0.001

Pre

Frequency (Hz)
1 2 3 4

Stim
Post

N
or

m
 p

ow
er

am
p

NS NS

Pre
Stim Pos

t

3

2

1

0

N
or

m
 1

 H
z

po
w

er
 a

m
p

Figure 4 Rhythmic stimulation of layer II/III 
cells does not entrain spontaneous population 
activity. (a) Representative traces from a LFP 
recording before (Pre), during (Stim) and 
after (Post) stimulaton of layer II/III neurons 
in electroporated mouse cortex in vivo. Light-
evoked activity overlaps with, but does not 
entrain, ongoing spontaneous activity. The 
schematic of the recording configuration is 
shown on the left. (b) Power amplitude spectra 
of the LFP signal before (Pre, black line),  
during (Stim, red line) and after (Post,  
blue line) light stimulation for the experiment 
shown in a. (c) Average values of LFP power 
amplitude in the 1-Hz frequency bin under 
the three different experimental conditions 
(Pre, Stim and Post; one-way, repeated 
measures ANOVA, N = 18, P = 0.051). (d) Top: representative multiunit signals recorded before (Pre), during (Stim) and after (Post) blue light 
stimulation. Corresponding PSTHs are shown for each trace (bottom). Error bars indicate s.e.m.
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Beltramo et al. (2013) Layer-specific excitatory circuits differentially control 
recurrent network dynamics in the neocortex, Nature Neuroscience 16(2): 227–
234, p. 230 Fig. 3a. 3d
http://www.nature.com/neuro/journal/v16/n2/abs/nn.3306.html
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What is the impact on computational neuroscience?

More theoretical concepts have become experimentally 
testable and got practical applications.
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2. Historical considerations
After the pioneering work of Brodmann [1] and many others
who followed him [2,3], a key development in human brain
mapping was the introduction of maps using stereotactic coor-
dinates to identify brain regions in three-dimensional space.
This third dimension provided a vital tool for brain surgery in
humans and experimental animals. In 1967, Jean Talairach
and Pierre Tournoux published the first edition of their atlas
of the human brain, which became a basic reference for the ana-
tomical identification of brain areas localized in human
functional brain imaging studies with positron emission tom-
ography (PET) [4,5]. In 1982, George Paxinos published his
famous atlas of ‘The Rat Brain in Stereotaxic Coordinates’,
which provided an equivalent framework for the rat [6], later
going on to publish similar atlases for the rhesus monkey [7]
and the mouse [8]. These works, published in print format,
met a fundamental need. However, as time moved on, new
exigencies resulted in a series of further developments.

Long before Talairach and Paxinos, Brodmann and others’
work had been criticized for its reliance on subjective classifica-
tion criteria, poor reproducibility and an inability to account for
inter-individual variation [9–11]. This criticism implied a need,
on the one hand for objective methods of parcellation and
on the other for strategies that capture anatomical variations
between individual brains.

The former need was met by the introduction of new
imaging technologies and methods for the measurement of
various brain characteristics: computerized tomography
(CT), magnetic resonance imaging (MRI: structural—sMRI;
functional—fMRI; resting state—rsMRI; and diffusion weigh-
ted imaging—DWI; various forms of tractography and
others). The availability of these new techniques led to a
massive reduction of the effort needed to produce brain atlases.

At the same time, it became imperative to create standard
schemata into which individual brains could be morphed so
that images from a variety of individuals could be averaged,
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Figure 1. The brain is an intrinsically multi-scale, multi-level organ operating across spatial scales ranging from nanometres ( proteins) to metres (the human body)
and temporal scales from picoseconds (atomic interactions) to years (the lifespan of a human being).
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How a single neuron works in the brain?
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How a single neuron works in the brain?

http://www.conncad.com/gallery/patch_clamp.html
kurzweilai.net: Marcel Oberlaender

Cortex In Silico - Reconstruction of cortical columns in rat barrel cortex"; Image 
provided by Dr. M. Oberlaender, Research Center caesar, Bonn, Germany
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送り手の神経細胞の
電気信号の発生パターン

受け手の神経細胞の
電気信号の発生パターン

A

B

C

D

細胞体

シナプス増強

シナプス減衰

軸索

RIKEN NEWS  2015  March   07

　神経細胞同士のつなぎ目は、「シナプ
ス」と呼ばれる。そこには数万分の1mm
の隙間（シナプス間

かん

隙
げき

）があり、前部の
神経細胞から伝わってきた電気信号は
シナプスで一時的に「神経伝達物質」と
呼ばれる化学物質に変換されて、この
隙間に放出される。そして神経伝達物
質が後部の神経細胞の受容体に結合す
ることで、再び電気信号に変換されて情
報が伝わるのだ（タイトル図）。
　脳が経験によって新しいことを学習す
ると、シナプスでの信号の伝わりやすさ
（結合強度）が変化する。この「可

か

塑
そ

性」
と呼ばれるシナプスの性質が、脳が学習
を行う基盤となっている。
　「では、そのシナプスの結合強度はど
のような法則で調整されているのか。私
は、大切な情報を最も効率よく伝えるよ
うにシナプスの結合強度は調節されてい
る、という仮説を立てました」
　細胞間の情報の伝達効率は、受け手
の神経細胞の出力から、多数の送り手の
神経細胞の活動パターンをどれだけ正
確に復元できるのか、ということで表す
ことができる（図1）。
　「もし、すべて復元できれば、情報の
伝達効率は100％となります。それは人
工的な電子部品なら可能かもしれません
が、生物の神経細胞にはさまざまな制約
があるので、それほど高い頻度で電気
信号を発生させ続けることはできませ
ん。そのような神経細胞の制約を考慮に
入れた場合、それぞれのシナプスの結
合強度をどのように調節すれば情報の
伝達効率が最大になるのか、私たちは
数学的な理論モデルをつくり分析しまし

た。すると、同時に信号を送ってくる神
経細胞とのシナプスの結合を強くすれば
情報の伝達効率が最大になる、という法
則があることを発見しました」
　いくつかの神経細胞が同時に活動し
て電気信号を送れば、それだけ受け手
の神経細胞は電気信号を発生しやすく
なる。従って、情報伝達効率を向上させ
るためには、同時に信号を送ってくる神
経細胞とのシナプスの結合強度は優先
的に増強されるはずだ（図1  A・B）。
　逆に、受け手の神経細胞が電気信号
を発生しないタイミングで信号を送って
くる神経細胞とのシナプスの結合強度は
減衰する（図1  C・D）。ノイズになるよう
な情報が伝わりにくくなることで、大切
な情報がよりはっきりと伝わるようにな
ると考えられる。
　豊泉TLたちが理論モデルから導き出
したその法則は、実験的に得られてきた

知見と一致する。送り手の神経細胞が
活動して電気信号を伝え、受け手の神
経細胞が電気信号を発生するということ
が頻繁に繰り返されると、両者をつなぐ
シナプス結合が強くなることが知られて
いる。それは「ヘッブ型可塑性」と呼ば
れる。
　「生理実験を行うと、電気信号の発生
頻度や送り手と受け手の電気信号の発
生順序によってシナプス結合強度の増
強と減衰が切り替わります。情報伝達効
率の最大化という基本法則に基づく私
たちの理論モデルは、さまざまな状況下
で起きるヘッブ型の可塑性の実験結果
を再現することができます」
　ヘッブ型可塑性は、さまざまな生物種
に共通して見られる神経細胞の仕組み
であり、進化的に保存されている。大切
な情報をより効率的に伝えるための学習
法則は、生物進化における生存競争で

図1 　シナプスの結合強度の調節
複数の神経細胞が同時に活動して電気信号を送り、受け手の神経細胞が電気信号を発生するということが繰り返し起きる
と、ヘッブ型可塑性により、それらの神経細胞とのシナプスの結合が強まる（A・B）。同時に活動する神経細胞とのシナ
プス結合を増強させることで、情報の伝達効率が向上すると考えられる。
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Single-neuron analysis



A model of a neuron:
The Hodgkin-Huxley equation
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C

「Hodgkin, Huxley, 1952」 
https://models.cellml.org/exposure/
5d116522c3b43ccaeb87a1ed10139016/view
A schematic cell diagram describing the current 
flows across the cell membrane that are 
captured in the Hodgkin Huxley model.
CC BY 3.0
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The Hodgkin-Huxley model of action potential generation
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Dayan and Abbott, Theoretical Neuroscience: Computational and Mathematical 
Modeling of Neural Systems, MIT Press, 2001, p. 169 Fig. 5.8 B. A cartoon of the 
gating of a transient conductance.
(From Kandel et al. Principles of Neural Science, Third edition, McGraw-Hill, 1991)
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Morphology: cable transmission and compartments  

6.4 Multi-Compartment Models 25

waveforms, that correspond to frequencies around 500 Hz, are much more
severely attenuated within neurons than slower varying potentials.

6.4 Multi-Compartment Models

The cable equation can only be solved analytically in relatively simple
cases. When the complexities of real membrane conductances are in-
cluded, the membrane potential must be computed numerically. This is
done by splitting the neuron being modeled into separate regions or com-
partments and approximating the continuous membrane potential V(x, t)
by a discrete set of values representing the potentials within the differ-
ent compartments. This assumes that each compartment is small enough
so that there is negligible variation of the membrane potential across it.
The precision of such a multi-compartmental description depends on the
number of compartments used and on their size relative to the length con-
stants that characterize their electrotonic compactness. Figure 6.15 shows
a schematic diagram of a cortical pyramidal neuron, along with a series
of compartmental approximations of its structure. The number of com-
partments used can range from thousands, in some models, to one, for the
description at the extreme right of figure 6.15.

Figure 6.15: A sequence of approximations of the structure of a neuron.
The neuron is represented by a variable number of discrete compartments
each representing a region that is described by a single membrane poten-
tial. The connectors between compartments represent resistive couplings.
The simplest description is the single-compartment model furthest to the
right. (Neuron diagram from Haberly, 1990.)

In a multi-compartment model, each compartment has its own membrane
potential Vµ (where µ labels compartments), and its own gating variables

Draft: October 13, 2000 Theoretical Neuroscience

Action potential conduction
along axons

Multi-compartment models
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Action potential conduction along axons
Bear et al. Neuroscience: Exploring the Brain, 

Third edition, Lippincott Williams & Wilkins, 
2001, p. 93 Fig. 4.11: Action potential 

conduction. 

Gerstner and Kistler, Spiking Neuron Models: Single Neurons, Populations, 
Plasticity, Cambridge University Press, 2002, p. 62 Fig. 2.19. Multicompartment 
neuron model. 
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Dayan and Abbott, Theoretical Neuroscience: Computational and Mathematical Modeling of Neural 
Systems, MIT Press, 2001, p. 219 Fig. 6.15: A sequence of approximations of the structure of a 
neuron. 



Computer simulations
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Neural coding
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Neural coding
Bialek et al. (1991) Reading a neural code, Science 
252 (5014): 1854-1857, p. 1855 Fig. 1. Schematic 

view of the decoding process.
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1.2 Spike Trains and Firing Rates 13

sual cortex (V1) of a monkey. While these recordings were being made, a
bar of light was moved at different angles across the region of the visual
field where the cell responded to light. This region is called the recep-
tive field of the neuron. Note that the number of action potentials fired
depends on the angle of orientation of the bar. The same effect is shown
in figure 1.5B in the form of a response tuning curve, which indicates how
the average firing rate depends on the orientation of the light bar stimulus.
The data have been fit by a response tuning curve of the form
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Figure 1.5: A) Recordings from a neuron in the primary visual cortex of a monkey.
A bar of light was moved across the receptive field of the cell at different angles.
The diagrams to the left of each trace show the receptive field as a dashed square
and the light source as a black bar. The bidirectional motion of the light bar is
indicated by the arrows. The angle of the bar indicates the orientation of the light
bar for the corresponding trace. B) Average firing rate of a cat V1 neuron plotted as
a function of the orientation angle of the light bar stimulus. The curve is a fit using
the function 1.14 with parameters rmax = 52.14 Hz, smax = 0◦, and σ f = 14.73◦. (A
from Hubel and Wiesel, 1968; adapted from Wandell, 1995. B data points from
Henry et al, 1974).)

Gaussian
tuning curve

f (s) = rmax exp

(

−1
2

(

s− smax
σ f

)2
)

(1.14)

where s is the orientation angle of the light bar, smax is the orientation angle
evoking the maximum average response rate rmax (with s− smax taken to
lie in the range between -90◦ and +90◦), and σ f determines the width of
the tuning curve. The neuron responds most vigorously when a stimulus
having s= smax is presented, so we call smax the preferred orientation angle
of the neuron.

Response tuning curves can be used to characterize the selectivities of neu-
rons in visual and other sensory areas to a variety of stimulus parameters.
Tuning curves can also be measured for neurons in motor areas, in which
case the average firing rate is expressed as a function of one or more pa-
rameters describing a motor action. Figure 1.6A shows an example of ex-
tracellular recordings from a neuron in primary motor cortex in a monkey primary motor

cortex M1
Draft: October 11, 2000 Theoretical Neuroscience

Neural coding of visual stimuli and hand-reaching direction

14 Neural Encoding I: Firing Rates and Spike Statistics

that has been trained to reach in different directions. The stacked traces for
each direction are rasters showing the results of five different trials. The
horizontal axis in these traces represents time, and each mark indicates
an action potential. The firing pattern of the cell, in particular the rate at
which spikes are generated, is correlated with the direction of arm move-
ment and thus encodes information about this aspect of the motor action.
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Figure 1.6: A) Recordings from the primarymotor cortex of a monkey performing
an arm reaching task. The hand of the monkey started from a central resting loca-
tion and reachingmovements were made in the directions indicated by the arrows.
The rasters for each direction show action potentials fired on five trials. B) Aver-
age firing rate plotted as a function of the direction in which the monkey moved
its arm. The curve is a fit using the function 1.15 with parameters rmax = 54.69 Hz,
r0 = 32.34 Hz, and smax = 161.25◦. (A adapted from Georgopoulos et al, 1982 which
is also the source of the data points in B.)

Figure 1.6B shows the response tuning curve of an M1 neuron plotted as
a function of the direction of arm movement. Here the data points havecosine

tuning curve been fit by a tuning curve of the form

f (s) = r0 + (rmax − r0) cos(s− smax) (1.15)

where s is the reaching angle of the arm, smax is the reaching angle associ-
ated with the maximum response rmax, and r0 is an offset or background
firing rate that shifts the tuning curve up from the zero axis. Theminimum
firing rate predicted by equation 1.15 is 2r0− rmax. For the neuron of figure
1.6B, this is a positive quantity, but for some M1 neurons 2r0 − rmax < 0,
and the function 1.15 is negative over some range of angles. Because fir-
ing rates cannot be negative, the cosine tuning curve must be half-wave
rectified in these cases (see equation 1.13),

f (s) = [r0 + (rmax − r0) cos(s− smax)]+ . (1.16)

Figure 1.7B shows how the average firing rate of a V1 neuron depends on
retinal disparity and illustrates another important type of tuning curve.
Retinal disparity is a difference in the retinal location of an image between

Peter Dayan and L.F. Abbott Draft: October 11, 2000
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Primary visual cortex
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Dayan and Abbott, Theoretical Neuroscience: Computational and Mathematical Modeling of Neural Systems, MIT 
Press, 2001, p. 16, Fig. 1.6. (A) Recordings from the primary motor cortex of a monkey performing an arm-reaching 
task; (B) Average firing rate plotted as a function of the direction in which the monkey moved its arm.

Dayan and Abbott, Theoretical Neuroscience: Computational and Mathematical Modeling of Neural 
Systems, MIT Press, 2001, p. 15 Fig. 1.5: (A) Recordings from a neuron in the primary visual cortex 
of a monkey; (B) Average firing of a cat V1 neuron plotted as a function of the orientation angle of 
the light bar stimulus. 
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The encoding step: system identification

A linear neuron model

4 Neural Encoding II: Reverse Correlation and Visual Receptive Fields

The firing rate predicted from a linear estimator, as discussed above, and
the firing rate computed from the data by binning and counting spikes
are compared in Figure 2.1C. The agreement is good in regions where
the measured rate varies slowly but the estimate fails to capture high-
frequency fluctuations of the firing rate, presumably because of nonlin-
ear effects not captured by the linear kernel. Some such effects can be
described by a static nonlinear function, as discussed below. Others may
require including higher-order terms in a Volterra or Wiener expansion.
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Figure 2.1: Prediction of the firing rate for an H1 neuron responding to a moving
visual image. A) The velocity of the image used to stimulate the neuron. B) Two of
the 100 spike sequences used in this experiment. C) Comparison of the measured
and computed firing rates. The dashed line is the firing rate extracted directly
from the spike trains. The solid line is an estimate of the firing rate constructed by
linearly filtering the stimulus with an optimal kernel. (Adapted from Rieke et al,
1997.)

The Most Effective Stimulus

Neuronal selectivity is often characterized by describing stimuli that evoke
maximal responses. The reverse-correlation approach provides a justifica-
tion for this procedure by relating the optimal kernel for firing rate estima-
tion to the stimulus predicted to evoke the maximum firing rate, subject
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the firing rate computed from the data by binning and counting spikes
are compared in Figure 2.1C. The agreement is good in regions where
the measured rate varies slowly but the estimate fails to capture high-
frequency fluctuations of the firing rate, presumably because of nonlin-
ear effects not captured by the linear kernel. Some such effects can be
described by a static nonlinear function, as discussed below. Others may
require including higher-order terms in a Volterra or Wiener expansion.
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Figure 2.1: Prediction of the firing rate for an H1 neuron responding to a moving
visual image. A) The velocity of the image used to stimulate the neuron. B) Two of
the 100 spike sequences used in this experiment. C) Comparison of the measured
and computed firing rates. The dashed line is the firing rate extracted directly
from the spike trains. The solid line is an estimate of the firing rate constructed by
linearly filtering the stimulus with an optimal kernel. (Adapted from Rieke et al,
1997.)

The Most Effective Stimulus

Neuronal selectivity is often characterized by describing stimuli that evoke
maximal responses. The reverse-correlation approach provides a justifica-
tion for this procedure by relating the optimal kernel for firing rate estima-
tion to the stimulus predicted to evoke the maximum firing rate, subject
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Rieke et al.  1997

model

Find the optimal parameters (A and r0) that minimize the square error

experimental observation

model

Dayan and Abbott, Theoretical Neuroscience: Computational and 
Mathematical Modeling of Neural Systems, MIT Press, 2001, p. 48, Fig. 
2.1: Prediction of the firing rate for an H1 neuron responding to a 
moving visual image.
(Adapted from Rieke et al. Spikes: Exploring the Neural Code, MIT 
Press, 1997, )
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The decoding step: spike decoding

32 Neural Decoding

Figure 3.14: Decoding the stimulus from an H1 neuron of the fly. The upper
panel is the decoding kernel. The jagged curve is the optimal acausal filter and the
smooth curve is a kernel obtained by expanding in a causal set of basis functions.
In both cases, the kernels are shifted by τ0 = 40 ms. The middle panel shows
typical responses of the H1 neuron to the stimulus s(t) (upper trace) and −s(t)
(bottom trace). The dashed line in the lower panel shows the actual stimulus and
the solid line is the estimated stimulus from the optimal linear reconstruction using
the acausal filter. (Adapted from Rieke et al, 1997.)

approach is to consider a fixed functional form for K(τ) that vanishes for
τ ≤ 0 and is characterized by a number of free parameters that can be
determined by minimizing the decoding error. Finally, the optimal causal
kernel, also called the Wiener-Hopf filter, can be obtained by a technique

Peter Dayan and L.F. Abbott Draft: October 11, 2000
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Figure 3.14: Decoding the stimulus from an H1 neuron of the fly. The upper
panel is the decoding kernel. The jagged curve is the optimal acausal filter and the
smooth curve is a kernel obtained by expanding in a causal set of basis functions.
In both cases, the kernels are shifted by τ0 = 40 ms. The middle panel shows
typical responses of the H1 neuron to the stimulus s(t) (upper trace) and −s(t)
(bottom trace). The dashed line in the lower panel shows the actual stimulus and
the solid line is the estimated stimulus from the optimal linear reconstruction using
the acausal filter. (Adapted from Rieke et al, 1997.)

approach is to consider a fixed functional form for K(τ) that vanishes for
τ ≤ 0 and is characterized by a number of free parameters that can be
determined by minimizing the decoding error. Finally, the optimal causal
kernel, also called the Wiener-Hopf filter, can be obtained by a technique

Peter Dayan and L.F. Abbott Draft: October 11, 2000

Rieke et al.  1997

It is possible to derive how much information would be lost by neglecting spike timing.

＊ Dayan and Abbott, Theoretical Neuroscience: Computational and Mathematical Modeling of Neural Systems, MIT 
Press, 2001, p. 118, Fig. 3.14: Decoding the stimulus from an H1 neuron of the fly.
(Adapted from Rieke et al. Spikes: Exploring the Neural Code, MIT Press, 1997.)
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Retinal encoding:  
functional connectivity from photoreceptors to ganglion cells

the central retina, therefore, OFF midget RGCs should receive S-cone
input. The absence of S-cone input to parasol cells also confirms
recent findings6. An important question for future work is whether
the S-cone signals carried by OFF midget cells contribute to blue–
yellow and red–green opponent colour vision.
The specificity of L- and M-cone inputs to peripheral midget cells,

which is thought to underlie red–green opponent colour vision, has
also been debated1,8,9,29–39. One study suggested that midget cells tend
to selectively sample from either L or M cones in the receptive-
field centre, producing red–green colour opponency by pitting rela-
tively pure L- or M-cone centre signal against a mixture of L- and
M-cone signals from the surround2. Another study suggested that
the receptive-field surround may enhance opponency by sampling
predominantly from the cone type less strongly sampled by the cen-
tre7, consistent with previous work3,39. Yet another study found no
evidence for colour opponency in peripheral midget cells40, indicating
that cone sampling is random in both receptive-field centre and
surround.
In the present data, a significant fraction of peripheral midget cells

showed red–green colour opponency (Fig. 4h). Opponency was quan-
tified by calculating the relative strengths of the total input from L, M
and S cones, obtained with cone-isolating stimuli (Supplementary
Methods)1. To examine separately the roles of the receptive-field
centre and surround in opponency, cones were defined as contri-
buting primarily to the receptive-field centre or surround based on
the sign of their input and their location (Supplementary Methods).
Interestingly, opponency was often strong in those midget cells that
sampled either L orM cones dominantly or exclusively in the receptive-
fieldcentre,whereasinthereceptive-fieldsurroundconesamplingseemed
indiscriminate (for example, Fig. 4e–g).Theseobservations are consistent
with the hypothesis that sampling bias towards either L orM cones in the

receptive-field centre mediates opponency. However, across the popu-
lation ofmidget cells the purity of cone input to the receptive-field centre
variedwidely (forexample, seeFig.3c,d), raising thealternativepossibility
of random sampling in both centre and surround.
To test the randomness of L- and M-cone sampling quantitatively,

statistical analysiswasperformed, beginningwith cones in the receptive-
field centre. First, an index of cone input purity was computed for all
midget cells in each preparation (Fig. 4i andMethods). Thewidth of the
distribution of purity indices quantifies the diversity of cone inputs to
recorded cells (Fig. 4j, top). The purity indices were then re-computed
after artificially and randomlypermuting the identities of L andMcones
(Fig. 4j, bottom), while preserving all other aspects of the data. If the
connectivity between L and M cones and midget cells were random,
then permutation of cone identities would not significantly alter the
distributionof purity indices. In fact, the distributionwas narrower after
permutation, and fewer cells with pure L- or M-cone centres were
observed (index values near61). This tendency was statistically signifi-
cant, and was observed in nearly all of the populations of ON and OFF
midget cells examined (Fig. 4k). Although these deviations fromrandom
connectivity are small, they imply that the receptive-field centres of
midget cells tend to favour inputs fromeither L orMcones, contributing
to red–green opponency. In contrast, the same analysis applied to cones
in the receptive-field surround yielded results consistent with the hypo-
thesis of random sampling (Fig. 4l).
In principle, the observed purity (width of distribution of purity

indices) could be produced by clumping in the cone mosaic, that is,
aggregation of cones of the same type. Clumping would increase the
proportion of midget cells with centres dominated by one cone type.
Evidence for a weak cone clumping was reported in central human
retina andperipheralmacaque retina41,42, but the implications for colour
opponency in midget cells have not been examined experimentally. In

Figure 3 | Full functional sampling of cone lattice by four RGC types.
a–d, Each panel shows cones identified in a single recording (red, green and
blue dots) sampled by receptive-field centres of RGCs of a single type. Cones are

identical in all panels. Cones providing input to at least one RGC are
highlighted with an annulus. Scale bar, 50mm.
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color and spatial sensitivity of receptor j

coupling strength from receptor j to neuron i

temporal filter of neuron i

Response of neuron i at time t to visual stimulus at time t’, color c, and location z:

Field et al. (2010) Functional connectivity in the retina at the resolution of photoreceptors, 
Nature 467 (7316): 673–677, p. 675 Fig. 3a: Full functional sampling of cone lattice by four RGC 
types. 
http://www.nature.com/nature/journal/v467/n7316/full/nature09424.html
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 Linear neural networks

Input Ij(t) to neuron j at time t increases
firing rate ri(t+∆t) by Fij(∆t)Ij(t)
regardless of other inputs.
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Interpreting a linear network as an input/output system 
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Simulating a randomly connected linear network
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Simulating a randomly connected linear network
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Is a real neural network a simple input/output system? 

Dynamics of randomly connected nonlinear neurons
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Is a real neural network a simple input/output system? 

Dynamics of randomly connected nonlinear neurons

I r
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What are complex ongoing dynamics good for?

Toyoizumi and Abbott 2011

Decoding error

Robust information coding
in the nonlinear regime

linear
regime

non-linear
regime

Toyoizumi and Abbott (2011) Beyond the edge of chaos: Amplification 
and temporal integration by recurrent networks in the chaotic regime, 
Physical Review E 84 (051908), p. 4 Fig. 4. 
http://journals.aps.org/pre/abstract/10.1103/PhysRevE.84.051908
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Coherent pattern generation in the nonlinear regime

Sussillo and Abbott (2009) Generating Coherent Patterns of Activity from 
Chaotic Neural Networks, Neuron 63 (4): 544–557, p. 554 Fig. 8. Networks 

that Generate Both Running and Walking Human Motions.
http://www.sciencedirect.com/science/article/pii/S0896627309005479
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Is a real neural network a simple input/output system? 

Dynamics of randomly connected nonlinear neurons
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Visualizing simultaneous excitatory and inhibitory input
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Visualizing simultaneous excitatory and inhibitory input

Lankarany et al. Inferring synaptic inputs using GMKF
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FIGURE 7 | Histogram of the excitatory (left) and inhibitory (right) synaptic conductance of the true (blue), estimated using the GMKF-based (red)
and PF-based (black) algorithms in Example 4.
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FIGURE 8 | Estimating synaptic conductances and inputs given a single
voltage trace of Example 5 using the GMKF-based (left) and PF-based
(right) algorithms. Other descriptions about the figure were the same as the
Figure 2. The initial values of the GMKF-based algorithm (G = 2, K = 4) were

as follows: the time-varying means (for both excitatory and inhibitory) were
generated from a uniform distribution and their variances (for both excitatory
and inhibitory) were 1 for the first mixand and 4 for the second mixand (for all
times).
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FIGURE 9 | Histogram of the excitatory (left) and inhibitory (right) synaptic conductances of the true (blue), estimated by GMKF-based (red) and
PF-based (black) algorithms in Example 5.

could not keep track of. Hence, this result likely applies to the per-
formance of the GMKF-based vs. PF-based algorithms for heavy-
tailed distributions in general. As it is clear from Figures 8, 9,
the GMKF-based algorithm could better track synaptic inputs
because GMKF (in this example) used two Gaussian mixands that
provide more degrees of freedom for fitting the log-normal distri-
bution than only one exponential distribution, which was used in
the PF-based algorithm (Paninski et al., 2012).

Theoretically speaking, the PF-based algorithm (Paninski
et al., 2012) does not perform accurately under small SNR con-
ditions if the true underlying distributions for synaptic inputs are

different from the presumed prior distributions [e.g., an expo-
nential distribution (Paninski et al., 2012)]. Our examples with
various distributions of synaptic inputs confirmed that the PF-
based algorithm (Paninski et al., 2012) works well if the variance
of the observation noise and membrane voltage noise are suf-
ficiently small. The PF-based algorithm can give approximately
the same results as the GMKF-based algorithm in this case.
However, our examples suggest that the PF-based algorithm does
not accurately estimate synaptic inputs from distributions that are
not properly approximated by the prior distribution (Examples
3–5) in noisy systems. Under this condition, the GMKF-based

Frontiers in Computational Neuroscience www.frontiersin.org September 2013 | Volume 7 | Article 109 | 9

Lankarany and Toyoizumi 2013

Simultaneous inference of gE and gI by Kalman filtering

Lankarany et al. (2013) Inferringtrial-to-
trialexcitatoryandinhibitorysynapticinputsfrommembranepotentialusingGaussianmixtureK
almanfiltering, FrontiersinComputationalNeuroscience 7 (109), p. 9 Fig. 8: Estimating 
synaptic conductances and inputs given a single voltage trace of Example 5 using the 
GMKF-based (left) and PF-based (right) algorithms.
http://journal.frontiersin.org/article/10.3389/fncom.2013.00109/full
CC BY



Computational approaches 
to big data analysis

youtube: Discover Magazine, Ahrens et al@HHMI
Ahrens et al. (2013) Whole-brain functional imaging at cellular resolution using light-sheet 
microscopy,     Nature Methods 10 (5): 413–420, Supplementary
Video 4: Whole-brain imaging of neuronal activity (visualization B, projections).
http://www.nature.com/nmeth/journal/v10/n5/full/nmeth.2434.html#videos
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Principle component analysis

in locomotion could be identified through correlational analysis of
neural activity during behaviour.

Phase-space representation of network activity
As a first step towards understanding the dynamics that occur during
motor adaptation, activity of all identified sites across all fish was
visualized by embedding it in a three-dimensional phase space using
principal components analysis (PCA)32,33 (traces averaged over six
low–high gain repetitions; see Methods).

As expected, the trajectory loops back to the starting point (Fig. 3a, c),
reflecting the periodicity of the neural activity induced by the paradigm,
which consisted of repeating periods of high and low feedback gain.
The velocity through the principal component space is initially high
after a change in feedback gain, then slows down (Fig. 3d) to reach one
of two approximately-steady states (b and d in Fig. 3c). Notably, the
periods of fast change in network space (a and c) coincide with the
period of behavioural change (Fig. 1g). Indeed, the first two temporal
principal components shown in Fig. 3b reflect steady-state activity
(TCP1) and transient activity (TCP2) after a decrease in feedback gain.
In summary, network activity evolves quickly following a change in
feedback gain, and then settles into one of two steady states depending
on the setting of the feedback gain. Network changes coincide with
changes in behaviour, and steady network states correspond to periods
of stable behaviour. To determine what neural activity induces the two
transient and the two steady phases, we next looked for neurons that
showed correlated activity with these four phases, that is, during the
four phases a–d in Fig. 3d.

Neural correlates of adaptive motor control
Motor-related neurons (phase b)
Neurons exhibiting raised activity during the low-gain, high-locomotor-
drive phase were termed ‘motor’ related neurons (average fluorescence
Fb . Fd, paired t-test on six repetitions, P , 0.005). The neurons of
Figs 2e and 4a are two examples. Activity of these two neurons was more
related to locomotion than to visual input, as determined by jCCFMj.
CCFF during replay (Fig. 2e: jCCFM 5 0.58j . CCFF 5 0.21, Fig. 4a:
jCCFM 5 0.154j . CCFF 5 0.052). This was the case for almost all
members of the ‘motor’ population (Fig. 4g). The population average of
activity of ‘motor’ neurons is shown in Fig. 4f.

‘Motor’ units were found in areas shown in Fig. 5a: in the posterior
hindbrain34,35, with a particularly dense concentration just caudal to
the cerebellum, and in the inferior olive; in the reticulospinal
system (Supplementary Fig. 6), as suggested by previous studies24,25;
throughout the cerebellum, particularly in the corpus, including in
areas of the Purkinje (larger, more dorsal cell bodies) and in
granule cell (smaller, deeper cell bodies) layers36–38, and in the deep
cerebellum (more lateral); in the midbrain, ventral to the optic tectum,
near the NMLF and in the pretectum38,39; in the habenula; and in the
pallium.

Gain-decrease-related neurons (phase a)
Neuronal populations that are active after a decrease in gain may be
responsible for driving the animal into a state of high locomotor drive.
Signals during this period are also consistent with the detection of
discrepancies between expected and received visual feedback, which
are thought to drive many forms of adaptive behaviour10,11,12,31,40,41. An
example from the ‘gain-down’ population (Fa . Fb, Fa . Fd; two
t-tests on six gain repetitions, P , 0.005), at the ventrolateral border
of the cerebellum, is shown in Fig. 4b: after a gain decrease, this
neuron shows transient activity that returns to baseline while the
increase in locomotor drive is maintained. The stimulus replay period
shows that the neuron is not visually driven, but is instead functionally
related to motor output (jCCFM 5 0.32j. CCFF 5 0.15), as are most
other neurons of this population (Fig. 4g).

Gain-down units were found in the cerebellum and in the inferior
olive (Fig. 5b). In the cerebellum they appeared in both the areas of the
Purkinje and granule cell layers, and in the deep cerebellum. In the
dorsal areas they appeared medial, and in the deep cerebellum they
appeared lateral. The anatomical localization of gain-down units to
the cerebellum is consistent with findings in mammals, in which the
cerebellum is a locus of motor learning10,11. Some units were also
found in the hindbrain just caudal to the cerebellum.

Gain-increase-related neurons (phase c)
Figure 4c shows calcium signals of a ‘gain-up’ neuron in the optic
tectum that shows transient signals after an increase in gain (Fc . Fb,
Fc. Fd). This neuron is mainly driven by visual input , as the calcium
trace during the replay period resembles the trace during the matched
preceding period (jCCFM 5 –0.21j, CCFF 5 0.59, representative of
the population, see Fig. 4g). Not many neurons with the gain-up
property were found (n 5 39), but a concentration was found in
the inferior olive (Fig. 5b), and most of these neurons were visually
driven (Fig. 4g).

Motor-off-related neurons (phase d)
A fourth class of neurons showed raised activity during periods of
weak locomotion or absence of locomotion, termed the ‘motor-off’
class (Fd . Fb). Figure 4d shows an example of such a neuron, in the
dorsal hindbrain, whose activity is elevated during periods of high
gain and low locomotor drive. Notably, during the stimulus replay
period, the calcium signal still peaks during periods of no swimming,
indicating that this is a motor-related neuron instead of a visually
driven neuron (jCCFM 5 –0.40j . CCFF 5 0.18). It might be
involved in inhibiting motor output, or in suppressing behaviours
that should not be executed during vigorous swimming. Not all
motor-off neurons had this property; some were more visually driven
(Fig. 4g).

Motor-off units were concentrated in the dorsal hindbrain (Fig. 5d),
in the cerebellum, in the inferior olive, in the ventral midbrain near
the NMLF and the pretectum, and in the habenula and pallium.

0

10

Tr
aj

ec
to

ry
 s

pe
ed

Time
30 s

Low gain High gain

α β γ δ

−200 0 200 400

−100

0

100

200

PC1

P
C

2

α

δ β

γ

TPC1

TPC2

Low High

30 s
0

400
0

200

−50

0

50

PC1PC2

P
C

3

Gain
decrease

Gain increase

a dcb

Figure 3 | Low-dimensional representation of neural network dynamics.
a, Projection of activity of all detected units from all fish onto the first three
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analysis. Circles, intervals of three seconds. b, First two temporal principal
components (TPCs). TPC1 shows elevated activity during low gain periods;
TCP2 shows transient activity after a gain decrease followed by a slow dip (see

Supplementary Figs 20 and 21). c, Top view of a (a, transient dynamics after
switch to low gain; b, steady state during low gain; c, transient dynamics after
switch to high gain; d, steady state during high gain). d, Speed through phase
space over one low-high gain period, showing accelerated trajectory speed after
gain changes. Colours in a–d represent time points as shown on the x axis of d.
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limited number of times, the anatomical maps are not exhaustive, so
we quantified the uncertainty in detecting or missing functional units
(Supplementary Fig. 10).

Thus, the four types of neural dynamics identified via a dimensionally
reduced representation of network activity could be mapped to distinct
brain areas. To the best of our knowledge, this is the first brain-wide
imaging at the cellular level of activity related to adaptive motor control
in a vertebrate brain.

Discussion
The ability to monitor neural activity at single-cell resolution
throughout the whole brain of a behaving animal creates new oppor-
tunities for studying circuit function during behaviour. The demon-
stration that paralysed larval zebrafish interact readily with a virtual
environment, and the remarkable finding that these animals still
showed short-term forms of motor learning in the fictive virtual-
reality setup, provided an exciting opportunity to study the circuit
dynamics occurring during this behaviour.

Here we identified neural populations activated during specific
phases of adaptive locomotion that span multiple areas of the larval
zebrafish brain. Both the inferior olive and the cerebellum contained
many neurons correlating with adaptive motor control. In mammals,
cerebellar circuits play an important role in motor control11 and in
fish the cerebellum has been shown to be involved in the selection of

motor programs43–45. Furthermore, the structure of olivocerebellar
circuitry in zebrafish is remarkably similar to that of mammals36,37,46

(Supplementary Fig. 23a), and the transient gain-down activity
observed in the inferior olive and cerebellum may represent error
signals driving motor learning mechanisms11,40,41,47.

To test whether the inferior olive is necessary for motor adaptation,
we next lesioned it with an infrared laser24. Post lesion, the power of
swim bouts in the high- and low-gain settings became statistically
indistinguishable (Fig. 6). Although damage to passing axons cannot
be ruled out, similar lesions in the dorsal anterior hindbrain did not
affect motor adaptation (P , 0.001 pre lesion; P 5 0.01 post lesion;
Fig. 6c and Supplementary Fig. 28). The optomotor response was still
intact (Supplementary Fig. 24). These results indicate that the inferior
olive is necessary for successful adaptation of motor programs to
external feedback gain. One possibility is that an error signal is
computed in the inferior olive through subtractive interaction of an
efference copy of motor output (for example, through inhibitory con-
nections from premotor circuits) and visual feedback from a swim
bout (for example, through pretectal projections; see also Supplemen-
tary Fig. 27), which then activates appropriate circuits in the cerebellum
via climbing fibres. Cerebellar activity may drive changes in motor
programs through the deep cerebellum, which in mammals projects
to premotor circuits.

Although synaptic plasticity underlies much of motor learning11,12, it
is only one of several candidate mechanisms for the behaviour
observed here. An alternative idea is that sustained firing rates of
neuronal populations, perhaps subsets of the motor and motor-off
populations, implement and maintain the different levels of locomotor
drive over prolonged periods; for example, through attractor states48.

The function of the observed adaptive sensorimotor behaviour may
be multifold. On long timescales, development of muscle and body
shape will require continuous adjustment of sensorimotor control.
On medium timescales, fluctuating body mass due to eating, and
fluctuating viscosity of the water require some adaptation of swim-
ming behaviour. In addition, temperature fluctuations cause changes
in muscle efficacy49 that must be counterbalanced by adjustments of
locomotor drive. On short timescales, the relationship between the
speed of optic flow following a swim bout depends on the distance to
the optical surround (objects farther away induce smaller optic flow),
requiring recalibration of the sensorimotor loop on the timescale of
seconds. In our experiments, we observed adaptation occurring on
such a timescale. Human motor control faces many similar challenges
and is subject to continuous recalibration to cope with changing
conditions (for example, leg injury, walking on a slippery floor or
carrying a heavy bag). Thus, the current study of brain-wide activity
during adaptive locomotion is an important step towards understand-
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Supplementary Figs 23 and 28). These results indicate that the inferior olive is a
necessary component of the circuit driving motor adaptation.
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gain to a ‘weak virtual fish’. Accurate motor control would require the
motor output to adapt to the feedback gain. Periodically switching the
feedback gain between low and high values in the virtual environment
resulted in compensatory changes in motor output: a change to a lower
gain resulted in the gradual increase of the amplitude and duration of
the fictive swim signals (Fig. 1c and Supplementary Movie 1; a weak
fish sends more impulses to the muscles), whereas a switch to a higher
gain setting led to an incremental decrease (a strong fish sends fewer
impulses to the muscles). This behaviour was tested in more detail in
the scheme shown in Fig. 1e, which was repeated up to 50 times per
fish. We analysed the power of motor nerve bursts, equivalent to
the number of fictive tail oscillations (Fig. 1d), in each of the first 12
swim bouts that occurred during 30 s of motor adaptation to either
high or low feedback gain (Fig. 1e, phase I). The first swim bouts
following a switch from low to high gain, or from high to low gain,

were indistinguishable (t-test, P . 0.5; Fig. 1f). This implies that fish do
not adjust their motor output once a motor command has been issued,
despite the presence of immediate visual feedback. Starting at the
second swim bout, the power diverges in the high and low gain con-
ditions (P , 1024). Behavioural adjustment plateaus after about ten
bouts, which corresponds to approximately 7–10 s (Fig. 1g; Sup-
plementary Fig. 4).

To determine whether the larvae are learning a new sensorimotor
transformation or merely responding to different patterns of visual
stimulation during the high- and low-gain periods, fish were exposed
to a 10-s ‘rest’ period (Fig. 1e, phase II) during which constant-
velocity backward gratings were shown in open loop, a stimulus that
tends to inhibit swimming, followed by a closed-loop ‘test’ period of
medium feedback gain (Fig. 1e, phase III). We found that the strength
of the first swim bouts in the ‘test’ period was determined by the gain
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Figure 1 | Experimental setup and fictive motor adaptation. a, Schematic of
the setup. Photograph of a paralysed larval zebrafish (left) in the experimental
setup (right), supported by pipettes, two of which are recording pipettes.
b, Illustration of the virtual motor adaptation assay. Left, trajectory of a fish
executing one swim bout against a water current (black trajectory) in the
presence of a visual surround (red). Right, simulation of this behaviour in the
virtual environment, in which the visual surround is moved and the fish is
stationary. The visual surround is accelerated backwards when a fictive swim
occurs. The trajectory that would occur if the feedback gain were higher is
shown by a dashed red line. c, Fictive motor adaptation. Fictive swim vigour
(blue and red traces for left and right channels, respectively) and stimulus
velocity (black trace) plotted over time. High and low feedback gain epochs are

shown in grey and white. d, Example fictive swim bout (left) and corresponding
processed trace (right). e, Assay to probe sensorimotor adaptation and motor
memory formation (left panel, phase I; middle panel, phase II; right panel,
phase III). f, Power per swim (the area under the processed fictive signal) as a
function of swim bout number during adaptation phase I (n 5 5 fish).
g, Average power as a function of swim bout number during phase I. Top right,
relative swim bout power as a function of time. Bottom right, average time of
swim bouts for low gain (light grey) and high gain (dark grey) conditions.
h, Histogram of relative power of the first swim bout in phase III after either low
gain (light grey) or high gain (dark grey) in phase I. Bout power is significantly
higher after a low gain epoch than after a high gain epoch.
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gain to a ‘weak virtual fish’. Accurate motor control would require the
motor output to adapt to the feedback gain. Periodically switching the
feedback gain between low and high values in the virtual environment
resulted in compensatory changes in motor output: a change to a lower
gain resulted in the gradual increase of the amplitude and duration of
the fictive swim signals (Fig. 1c and Supplementary Movie 1; a weak
fish sends more impulses to the muscles), whereas a switch to a higher
gain setting led to an incremental decrease (a strong fish sends fewer
impulses to the muscles). This behaviour was tested in more detail in
the scheme shown in Fig. 1e, which was repeated up to 50 times per
fish. We analysed the power of motor nerve bursts, equivalent to
the number of fictive tail oscillations (Fig. 1d), in each of the first 12
swim bouts that occurred during 30 s of motor adaptation to either
high or low feedback gain (Fig. 1e, phase I). The first swim bouts
following a switch from low to high gain, or from high to low gain,

were indistinguishable (t-test, P . 0.5; Fig. 1f). This implies that fish do
not adjust their motor output once a motor command has been issued,
despite the presence of immediate visual feedback. Starting at the
second swim bout, the power diverges in the high and low gain con-
ditions (P , 1024). Behavioural adjustment plateaus after about ten
bouts, which corresponds to approximately 7–10 s (Fig. 1g; Sup-
plementary Fig. 4).

To determine whether the larvae are learning a new sensorimotor
transformation or merely responding to different patterns of visual
stimulation during the high- and low-gain periods, fish were exposed
to a 10-s ‘rest’ period (Fig. 1e, phase II) during which constant-
velocity backward gratings were shown in open loop, a stimulus that
tends to inhibit swimming, followed by a closed-loop ‘test’ period of
medium feedback gain (Fig. 1e, phase III). We found that the strength
of the first swim bouts in the ‘test’ period was determined by the gain
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Figure 1 | Experimental setup and fictive motor adaptation. a, Schematic of
the setup. Photograph of a paralysed larval zebrafish (left) in the experimental
setup (right), supported by pipettes, two of which are recording pipettes.
b, Illustration of the virtual motor adaptation assay. Left, trajectory of a fish
executing one swim bout against a water current (black trajectory) in the
presence of a visual surround (red). Right, simulation of this behaviour in the
virtual environment, in which the visual surround is moved and the fish is
stationary. The visual surround is accelerated backwards when a fictive swim
occurs. The trajectory that would occur if the feedback gain were higher is
shown by a dashed red line. c, Fictive motor adaptation. Fictive swim vigour
(blue and red traces for left and right channels, respectively) and stimulus
velocity (black trace) plotted over time. High and low feedback gain epochs are

shown in grey and white. d, Example fictive swim bout (left) and corresponding
processed trace (right). e, Assay to probe sensorimotor adaptation and motor
memory formation (left panel, phase I; middle panel, phase II; right panel,
phase III). f, Power per swim (the area under the processed fictive signal) as a
function of swim bout number during adaptation phase I (n 5 5 fish).
g, Average power as a function of swim bout number during phase I. Top right,
relative swim bout power as a function of time. Bottom right, average time of
swim bouts for low gain (light grey) and high gain (dark grey) conditions.
h, Histogram of relative power of the first swim bout in phase III after either low
gain (light grey) or high gain (dark grey) in phase I. Bout power is significantly
higher after a low gain epoch than after a high gain epoch.
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How to characterize conscious brain dynamics?

Fig 3. Cross-embedding analysis reveals large-scale cortical interaction, which can be missed by correlation-based statistics. (A) ECoG electrode
loci in a representative subject. (B) Illustration of cortical areas covered by the present recording system. (C) Example of ECoG signals. Gray traces
represent the signal from the all electrodes superimposed; green and magenta traces show the signals in an example electrode pair (electrodes 41 and 118).
(D) Cross-embedding analysis based on the state-space reconstructions for the example electrode pair, corresponding to Fig 1E and 1F. (E) Relationship
between coordinate dimensions and embeddedness in the example electrode pair, corresponding to Fig 1F. (F) Optimal embeddedness values as functions
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Using a mathematical theorem for data analysis:
An embedding approach

Fig 1. Cross-embedding analysis of complex network dynamics based on state-space reconstruction. (A) Example of randomized delay-coordinate
reconstruction assuming we observe dynamics determined with three-dimensional differential equation. (1) Global state is embedded using (2) temporal
sequence of single observable of system. Attractor topology in global state space is fully recovered in (3) delay-coordinate of single observable. This
relationship is maintained after (4) random linear projection of delay-coordinate space. Thus, there exists unique one-to-one map from (4) to (1), given
sufficient number of coordinates. (B) The reconstruction needs sufficient dimensionality. Whether we have embedding or not depends on the relation
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Simultaneous inference of dynamical complexity and information flow 
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A hierarchy of dynamical complexity in the conscious brain

fluctuation in wakefulness [45–47]. The present findings on the hierarchy and brain-state
dependency of complexity are in contrast to the characterization based on timescale because
our complexitymeasure was designed to be invariant to the timescale.

Although its timescale-invariance was confirmed with the simulation (Fig 2A), one might
still consider the possibility that the change in complexity reflects the difference in the timescale
of neural dynamics. To directly exclude this possibility, we replicated the analyses using a dif-
ferent size of the unit delay in the state-space reconstruction. If the complexity depended on
timescale, this manipulation should yield different results. However, we found that the main
results, including the spatial distributions of complexity and directionality, were robust to the
substantial change in the unit delay size (Fig 7A). It should be noted that the use of the different
unit-delay can affect the embedding performance (Fig 7B) and the absolute value of direction-
ality (changed by 0.36 times), due to the limitation in data length [an interpretation of why
20-Hz unit-delay yielded better embedding performance is that signals with moderately high

Fig 6. Increased complexity at the cortical downstream differentiates conscious form unconscious brain states. (A) Summary of task conditions. (B)
Cortical hierarchy defined by complexity. Areas aligned by complexity and relative directed interaction between them have been visualized. Arrows indicate
relative information flows from one area to another, which were quantified by average directionality for interactions between two areas (only strong
information flows exceeding 0.01 are shown). Complexity in visual areas was smaller than that in other areas during awake conditions (reaching: P<0.004;
awake-eyes-open and awake-eyes-closed: P<0.00007; sign test, matched samples), and this inter-area difference in complexity was reduced by anesthesia
(P<3×10−8; Wilcoxon rank sum test, independent samples). (C) Schematic summary of the main findings.

doi:10.1371/journal.pcbi.1004537.g006
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次回：「学習」を表現する数式


