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“21世纪中国计算神经科学展望”
（汪小京，科学时报－科学网， 2010年8月26日)
“计算神经科学与类脑人工智能”
（汪小京，科学时报－科学网， 2015年8月15日)

Deep Network and Deep Learning
Three topics
of common interest
(1) Open the black box of
classifier: categorization,
decision-making etc.
(2) Role of feedback
projections: predictive
coding, attention,
learning etc.
(3) Better training algorithms
(reinforcement learning, oneshot learning etc)
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predicting the future reward from the present sensory state
whereas the Doya
matrix is2000
responsible for predicting future
rewards associated with different candidate actions.
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Experience shapes the functional organization of the brain, optimizing and customizing its properties for the individual and
his or her environment. One way that experience shapes the
constituent
networks ofthe brain is through supervised learning.
Vestibular
In supervised learning, information from one network of neuparallel
fiber
rons
acts as an
instructivePurkinje
signal to influence the pattern of
connectivity in another network. As a result, the instructed network learns to process information
cell so that a particular goal or
transformation specified by the instructive signal is achieved.
In so doing, supervised learning establishes patterns of connectivity efficiently and with a precision that
does not need to be
Climbing
and, often, cannot be encoded in the genome.
Supervised learning contributes to thefiber
development and
maintenance of a variety of brain functions. For example, sensorimotor networks that control goal-directed movements are
calibrated
indicating the accuracy with which
Head by sensory feedback VOR
IOwill be
the movements are made. In a specific example that
movements
discussed at some length,
a
visual
instructive
signal,
indicating
interneuron
the slip of images across the retinae, is used to calibrate the
transformation of vestibular sensory information (indicating rotation of the head) into precise, compensatory movements of
the eyes that stabilize the images on the retinae (Miles and
Eighmy, 1980). Supervised learning can also control the representation of information in sensory networks. For example,
in the development Eye
of binocular
neurons in the optic tectum of
movements
the frog Xenopus, visually driven activity from the contralateral
eye specifies the topography of the visual map originating from
the ipsilateral eye (Gaze et al., 1970; Udin, 1985). In this example, which also will be discussed in detail, the activity from
the contralateral eye provides an instructive signal that assures
the mutual alignment of left- and right-eye receptive fields. It
is likely that supervised learning also contributes to the estab-
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vestibulo-ocular reflex
Ke et al. Nature Neurosci 2000

b
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Induction of learning

the types of learning rules that could make useof such signals,
and neural mechanismsthat could mediate such learning are
described.Theseissuesare illustrated with biological examples
of networks in which the connectivity and neural components
involved in supervisedlearningare known. Finally, unique roles
that this form of learning can play in shaping the functional
properties of the brain are discussed.
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Neural implementation qf supervisedlearning
×2
The implementation of supervisedlearning requiresa network
of neuronsthat can changeits pattern of connectivity
LTP(topology
and/or strengthsof connections), and an instructive signalthat
can regulate the changes(Fig. 1). In the simplest case, these
functions can be subservedby three groups of neurons: input,
output, and instructor neurons. For example, inLTD
the case of
binocular alignment in the optic tectum of Xenopus, the input
neurons are the neuronsconveying information from the ipsi×0 eye, the output neurons are theLTP
lateral
tectal neurons, and the
instructor neuronsare the neuronsconveying information from
the contralateral eye(Udin, 1985). The connectionsbetweenthe
ipsilateral eye (input) neurons and the tectal (output) neurons
are modified depending on the degreeto which the activity of
theNo
ipsilateral eyeneuronsagreeswith contralateral eye(instructor) activity. The instructive signalis the pattern ofactivity from
learning
the contralateral eye, and the sitesof change(learning) are the
connections between ipsilateral eye neurons (inputs) and tectal
neurons (outputs).
In more general cases,such as the control Contra
Head networkofisgoal-directed
movement or classicalconditioning, theIpsi
an extensive
system of interconnected groups of neurons located in many
regions of the brain. The input in thesecasesis provided by a
wide variety of sensory or cognitive inputs, the output is rep-

Song learning in birds

LTD

LTP

Ipsi C

D. O. Hebb “Organization of Behavior” 1949

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

Memory engram technology
Available online at www.sciencedirect.com

ScienceDirect
Memory engram storage and retrieval
Susumu Tonegawa1,2, Michele Pignatelli1, Dheeraj S Roy1 and
Tomás J Ryan1,2

Hopfield model of associative memory

ing
to
some
prescription.
For
example
gain chapter 6 and the synaptic
modiµ
learning
wijrule
wij + ∆wij
→prescribes

ritten as

p

= ∑ ξ ξ . For
wij memory.
e storage
∆w = ξofξthe
, µ-th
µ =1
of the Hopfield model (Hopfield
activityOnce
imposed
on
neuron
Hopfield
network model’s
memory
capacity i when
all
the memories
are
stored, and
ption
for
modifying
a
synapse
fo
µ
ed. More
specifically,
dependξi = ±1they
~(Number
synapses)
aptic weights
are ofcomputed,
are tran
(see
again
chapter
6
and
the
synap
neural
circuit
that
we
intend
to
study.
If in
he neuron is active or inactive.
reduces
theas
number
ofnot
stablemake
states even
to
written
ws,behowever,
we
will
any
Synapses with discrete states (e.g. binary states):
µ
ij

µ µ
j i

µ µ
i j

1/2

two states,
memory pe
Petersenthe
et al. degradation
1998, O’Connor et alin
2005
the specific prescription
for
updating
µ For example,
µ µ
rather limited.
∆w = ξ ξ , say that at th

Stochastic Hebbian Learning with Binary Synapses
(Amit and Fusi 1992, 1994; Fusi 2002)

• A fraction c of synapses are in the potentiated state (with
strength Gup) and the remaining synapses are in the
depotentiated state (strength Gdown).
• Synaptic changes are Hebbian, e.g. rpre=high; LTP if
rpost=high and LTD if rpost=low
• LTP or LTD occurs stochastically, with transition
probability q+ or q-, respectively.

Cascade (heterogeneous) model of synaptically stored memories
Fusi, Drew and Abbott (Neuron 2005)
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1 m
S(t ) = ∑ q k e −qkt .
m k =1

m is large enough (simulations show that m ~ 4 − 5
ufficient), then the sum can be approximated by an
gral over an auxiliary variable x,
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S(t ) ! ∫ q(x )e −q(x )t dx ,
0

re q(x ) = q sx . In order to solve the integral, we
nge the variable from x to q = q sx . Given that x = log
og qs, and hence dx = 1/(q log qs), we can then
rite the signal as
S(t ) !
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Spike-timing dependent plasticity (STDP)
Bi and Poo

Dependence on dopamine (mediating reward signal)

Zhang, Lau and Bi 2009

Activity of a dopamine
neuron in classical
conditioning:
Reward prediction
error signal?

Schultz et al. 1997

Reward-gated Hebbian
Synaptic Plasticity
(c=fraction of synapses in
the potentiated `Up’ state)
Reynolds et al Nature 2001

(S Fusi, W Asaad, EK Miller and X-J Wang 2007)

Weather Forecasting

Yang and Shadlen, Nature 2007

Model of Weather Prediction Task

Action values

cA ≈ P(A|s), cB ≈P(B|s)

Sum of log posterior ratio

How does the brain learn to make abstract categorical
decisions about visual stimuli?

Monkeys grouped 360° of visual motion directions into two categories

30°

Category boundary

Stimuli were high contrast, 100% coherent random dot patterns

Top-down projection from decision circuit is crucial for category learning

“feedback”: top-down
projections from decision
network to intermediate
network
intermediate network
with mixed selectivity

Decision neurons!

C1!

C2!

Associative neurons (LIP)!

Sensory network
Sensory neurons (MT)!
Plastic!

Modulatory!

Engel et al. Nature Communication 2015

Reward prediction error!

Response!

Reinforcement Learning

Schultz et al 1997
Sutton & Barto 1998
Daw & Doya 2006
Glimcher 2011

Learning rate q
=1/τ
Value
function
Reward
events

A
τ

Behrens et al 2007

A reservoir of time constants
heterogeneously distributed across single neurons in DLPFC, ACC and LIP

Bernacchia, Seo, Lee and Wang Nature Neurosci 2011

Large-scale brain circuit system
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Felleman and van Essen 1991

Vickery, Chun and Lee Neuron 2011; Clark J Neurophysiol 2013
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Short-Term, Long-Term, and Working
Memory
STEFANO FUSI AND XIAO-JING WANG

11.1 General Definitions and Background
Memory is often defined as the faculty of bringing to
mind information encountered at an earlier time. In
neuroscience, memory has a broader meaning, and it
does not necessarily imply some form of conscious recollection: past events are remembered whenever they
can influence our behavior at the present time. Even
more broadly, they are remembered when they can
affect the behavior of individual neurons or, more
generally, of any dynamical variable such as a key molecule in a subcellular signaling pathway within the
nerve cell. Memories are encoded (the information is
acquired), stored (the information is retained), and

computers (Atkinson and Shiffrin, 1968). In their
model, selected components of sensory information
are transferred to a short-term store with limited capacity. Typically the memories are retained in short-term
memory for seconds although often the capacity is
expressed in terms of the number of items that can
be remembered. Only a further selection reaches a
long-term memory store. The process of transfer of
information from the short-term repository to the
long-term memory store may require rehearsal of the
information in the short-term store. This is a simple
model of memory consolidation in which memories
are first in a labile state and only later do they become
long-lasting.

From Neuron to Cognition via Computational
Neuroscience, MIT Press (2016)

