
petroleum3,4 — not bad, considering that we 
have had just a few years of real research invest-
ment in this field.
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Thermochemical 
solutions
P.  K .  W o n g 

Thermochemical routes to making biofuels  
are perhaps best exemplified by the  

production of fuels from lignocellulose bio-
mass — sources of which include agricultural 
and forestry residues (such as wheat stalks  
and wood), municipal waste (paper and  
wood) and specially grown crops (such as  
Miscanthus grasses and poplar trees). But 
although ligno cellulose is abundant5 and 
cheap, its conversion to biofuels is expensive.

The logical way to make biofuels from ligno-
cellulose is to adapt the approach used in the 
gas-to-liquid (GTL) or coal-to-liquid (CTL) 
processes for converting natural gas or coal 
into synthetic diesel6. The biomass-to-liquid 
(BTL) process involves gasifying lignocellu-
lose — converting it into syngas, a mixture of 
carbon monoxide and hydrogen — by heating 
it in the presence of oxygen or water, typically 
at about 800 °C. The syngas is polymerized in 
a reaction called the Fischer–Tropsch synthe-
sis (FTS) to make linear hydrocarbons known 
as alkanes. These are then ‘cracked’ to make 
the shorter alkanes (containing 12–20 carbon 
atoms) characteristic of diesel.

Synthetic diesel produced by BTL is more 
expensive than fossil diesel or diesel made by 
GTL and CTL, for several reasons. First, unlike 
the gasification of coal or the conversion of 
natural gas into syngas, gasification of ligno-
cellulose generates tar, which requires costly 
removal to prevent the fouling of equipment 
and poisoning of FTS catalysts. Second, the 
ratio of hydrogen to carbon monoxide in bio-
syngas is about 1:1, but the FTS requires this to 
be about 2:1. To increase the ratio, an extra step 
is needed in which carbon monoxide is reacted 
with water to form hydrogen and carbon diox-
ide. This reduces the amount of carbon incor-
porated into the product from the biomass, 
thereby increasing the overall amount (and 
cost) of biomass required. Finally, BTL cannot 
achieve the same economy of scale as GTL and 
CTL because of the challenging logistics and 
high costs of collecting and transporting ligno-
cellulose biomass.

Syngas can also be converted into metha-
nol and then into gasoline7 (a mixture of C5 
to C10 alkanes). The technology for this route 
is proven — a commercial-scale methanol-to-
gasoline plant operated successfully for about 
10 years in New Zealand, using natural gas 
as the source of syngas. But a biomass-based 
methanol-to-gasoline process would require 
syngas to be made from biomass, and would 
therefore face the same problems as BTL.

Several catalytic chemical processes that do 
not involve syngas have also been investigated. 
A common goal is to increase the energy den-
sity of the fuel by eliminating oxygen from the 
biomass — the less oxygen there is in a fuel, 
the more energy is released on combustion8. 
Besides deoxygenation, many other reactions 
can be used to convert compounds obtained 
from biomass into fuels of suitable volatility 
and energy density for use in different engines. 
For example, small molecules can be joined 
together to make larger ones in oligomeriza-
tion and condensation reactions, and cracking 
in the presence of hydrogen (hydrocracking) 
is useful for breaking larger compounds into 
smaller ones. Importantly, any hydrogen used 
should be derived from renewable sources to 
minimize carbon emissions.

It is currently difficult to predict which 
approach — biochemical, thermochemical or 
a hybrid of the two — will ultimately be most 
cost effective for making lignocellulosic bio-
fuels. But if the history of bioethanol is any 
guide, it will take years of experience in pro-
ducing such biofuels before they become as 
cheap as fossil fuels. ■
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Smart connections
Nanoscale devices have now been made that mimic biological connections in the 
brain by responding to the relative timing of signals. This achievement might lead 
to the construction of artificial neural networks for computing applications.

D m i t r i  B .  S t r u K o v

The development of artificial neural  
networks that could rival their bio-
logical counterparts is arguably the 

last frontier in computing. A long-standing  
drawback is the lack of efficient hardware  
technology. Two papers — one by Kuzum et al.1 
in Nano Letters and the other by Ohno and 
colleagues2 in Nature Materials — report the 
synthesis of inorganic artificial synapses that 
bring viable technology for artificial neural  
networks a step closer. 

The mammalian brain outperforms com-
puters in many computational tasks — for 
example, it can recognize a complex image 
faster and with better fidelity, and yet con-
sumes a tiny fraction of the energy used by 
computers to do this. In an attempt to make 
computers that match the efficiency of biologi-
cal information processing, artificial neural 
networks were conceived, the first implemen-
tations3 of which appeared even before the 
first digital microprocessor. But although the 
performance of microprocessors has improved 

exponentially during the past four decades, the 
progress of artificial neural networks has been 
much less remarkable.

At its most abstract, a neural network can 
be represented by a diagram (Fig. 1a) in which 
nodes corresponding to neurons are connected 
by lines corresponding to synapses (the junc-
tions between neurons). In parallel, each 
node processes input information from the 
preceding nodes and then passes it to the next 
layer of nodes. For example, a node might add 
together input signals, each of which is scaled 
by a weight associated with the corresponding 
synapse; the output of the node would then 
depend on whether the sum of the weighted 
inputs is higher than the threshold value of 
the node. For any given structure of an artifi-
cial neural network, the overall functionality 
is defined by the synaptic weights, which are 
adjusted during learning processes.

To match the complexity of the human 
brain, artificial neural networks would need 
to contain roughly 1011 nodes, with every 
node connected on average to 10,000 others 
— which equates to about 1015 synapses. This 

2 5  A u g u s T  2 0 1 1  |  V O L  4 7 6  |  N A T u R E  |  4 0 3

NEWS & VIEWS RESEaRch

IFlanagan@mpl.root-domain.org
Text Box

IFlanagan@mpl.root-domain.org
Text Box



neural networks must be able to update syn-
aptic weights in parallel; otherwise, learning 
processes would be too slow. The main mecha-
nism for efficient learning in biological neural 
networks was postulated8 by Donald Hebb 
in 1949, and was eventually demonstrated 
experimentally9 in 1998. A crucial aspect of 
this mechanism is that changes in synaptic 
weight depend on the relative timing of pulses 
from presynaptic and postsynaptic neurons 
— the weight strengthens if two neurons are 
activated simultaneously, but weakens when 
they are activated separately.

The most exciting aspect of Kuzum and 
colleagues’ work1 is the experimental dem-
onstration that their artificial synapses can 
undergo Hebbian learning. In line with theo-
retical proposals10,11, the authors set up a syn-
apse between two artificial neurons and used 
a specific sequence of voltage pulses to enforce 
learning. When active, the presynaptic neuron 
generated a sequence of high-amplitude, short-
duration electric pulses followed by lower-
amplitude but longer-duration pulses, whereas 
the postsynaptic neuron generated a single 

negative pulse. The authors observed that, if 
the negative pulse overlapped in time with 
the higher-amplitude presynaptic pulses, the 
total bias across the synapse was large enough 
to enforce gradual growth of the amorphous 
(highly resistive) phase of the synapse. But if 
the postsynaptic neuron’s negative pulse over-
lapped with low-amplitude presynaptic pulses, 
the total applied bias across the synapse was 
smaller and caused gradual crystallization of 
the synapse — lowering the resistivity and 
increasing the synaptic weight. The authors 
set up the system so that, if the pulses didn’t 
overlap, no changes in conductance occurred. 

Studies of biological synapses have revealed 
two distinct temporal modes for synaptic plas-
ticity (the process in which synaptic weights 
are modulated). In short-term plasticity, 
changes to weights last for less than a few sec-
onds, whereas long-term potentiation causes 
increases in weights that can persist for many 
hours12. In other words, synaptic weights decay 
quickly after single events in which presynap-
tic and postsynaptic pulses overlap; weights 
become permanent only after the repeated 
reinforcement of overlapping pulses. 

Ohno et al.2 report nanoscale artificial syn-
apses that exhibit both short-term and long-
term plasticity. The underlying mechanism 
is, again, resistive switching: the application 
of a voltage across the device results in the 
formation of silver filaments that bridge a 
nanometre-scale gap between two electrodes, 
lowering the resistivity of the synapse and 
increasing the synaptic weight. The authors 
observed that short-term plasticity occurs in 
response to intermittent voltage pulses, and 
propose that, under these conditions, incom-
plete silver bridges form — bridges the thick-
ness of one atom that rapidly dissolve in the 
absence of a voltage. But when they applied 
rapidly repeated voltage pulses, they observed 
long-term plasticity. They attribute this to the 
formation of complete (thicker) bridges, which 
are more stable than the incomplete ones and 
persist for a longer time. 

The fabrication technology used to make 
artificial synapses is still largely immature, 
resulting in variations in the properties of thin-
film resistive switching devices. The amount 
of variation would be unacceptable in compo-
nents of conventional integrated circuits. This 
situation is likely to change, however, given the 
large efforts currently being made by industry 
to develop digital computer memories based 
on crossbar junctions — advances in crossbar-
memory cells would aid the development of 
artificial neural networks, because similar 
materials and device structures are used in 
both technologies. The fact that neural net-
works are typically extremely fault tolerant7 
should also relax the requirement for low vari-
ation in the properties of artificial synapses. 
So, after decades of frustratingly slow progress, 
perhaps artificial neural networks are finally 
about to come of age. ■ 

requirement for high complexity, connectivity 
and massive parallel information processing is 
what makes it so challenging to make artificial 
neural networks that mimic the performance 
of biological systems. Indeed, software simula-
tions of neural networks on conventional com-
puters (‘von Neumann’ computers, for those 
in the know) are very slow. Neural networks 
based on purpose-built integrated circuits 
are more efficient in terms of speed, area and 
power consumption, but even these are largely 
inadequate using current technology. For 
instance, the crudest artificial synapse requires 
more than ten transistors, which is impractical 
for the implementation of large networks.

Artificial synapses that address some of 
these challenges were reported last year4. 
These nanometre-scale devices consisted of 
thin films of amorphous silicon enriched with 
clusters of silver atoms, sandwiched between 
two metal electrodes. When a voltage bias was 
applied across the electrodes in one direction, 
silver filaments formed and/or grew in the  
silicon, decreasing the electrical resistivity 
of the device and so increasing the synaptic 
weight (the conductivity). When the polar-
ity of the applied voltage bias was reversed, 
the silver filaments dispersed and/or shrank, 
increasing the resistivity and so reducing the 
synaptic weight. 

The idea of using a resistive switching 
mechanism to implement artificial synapses 
has been around for many years3,5,6, but the 
devices described above4 clearly demonstrated 
that functional artificial synapses could be 
made that have a nanometre-scale footprint. 
In a neural network, the synapses would act as 
‘crossbar’ junctions between overlapping elec-
trodes attached to artificial neurons (Fig. 1b), 
and so the footprint of the synapses is limited 
only by the overlapping area of two electrodes 
— the smaller the overlapping area, the smaller 
the synapses can be. Crude estimates7 have 
shown that synapses smaller than 10 nanome-
tres in length could be used to make artificial 
neural networks of sufficient complexity and 
connectivity to challenge the computational 
performance of the human brain. 

Kuzum et al.1 now show that nanoscale 
artificial synapses can be constructed using 
different materials and physical mechanisms 
from those used previously4. The authors made 
their devices using a chalcogenide glass that 
switches reversibly between an amorphous 
phase (of high resistivity) and a crystalline 
phase (of low resistivity) in response to elec-
tric pulses. By applying a voltage to a film 
of the glass, they could thus induce resistive 
switching in their devices. The volumes of the 
two phases in the film change gradually and 
depend on the magnitude and duration of 
the applied voltage pulse, so the authors were 
able to continuously tune the resistivity of the 
devices. 

Because of the large number of synapses, 
any practical implementation of artificial 

a
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Figure 1 | Making the connection. a, Artificial 
neural networks that mimic the behaviour of 
neurons in the brain have been proposed as possible  
computational systems. Such networks can be 
represented by diagrams depicting how the artificial 
neurons are connected. Arrows indicate that each 
neuron receives and transmits signals to all the 
other neurons to which it is connected. All the 
connections incorporate artificial synapses, but for 
simplicity only one is shown. b, In reality, devices 
that act as artificial synapses serve as junctions 
for electrodes projecting from artificial neurons, 
as shown here for part of a nanometre-scale 
‘hybrid crossbar’ circuit. The components shown 
correspond to the coloured components depicted in 
a. Kuzum et al.1 and Ohno et al.2 report devices that 
act as nanometre-scale artificial synapses. 
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The awakening of a 
cosmic monster
Most galaxies harbour giant black holes; some are ‘silent’ whereas others produce 
copious amounts of radiation. The awakening of a silent monster has just been 
witnessed as it breaks apart and swallows a nearby star. See Letters p.421 & p.425

D a v i D e  l a z z a t i

On 28 March 2011, the Swift team of 
astronomers was put on alert: a new 
γ-ray source had appeared in the 

northern sky. This was not big news for Swift, 
a satellite designed to look for γ-ray bursts 
(GRBs), which are a class of transient sources 
caused by the violent death of fast-spinning 
massive stars. However, as reported by Bur-
rows et al.1 on page 421 of this issue, continued 
observations of the event revealed that some-
thing entirely new had been 
detected. Whereas GRBs have 
a short-lived bright phase fol-
lowed by a long, smooth decay, 
the source that astronomers 
were observing maintained 
a very high luminosity and a 
strong variability for more than 
a month. In addition, follow-up 
observations in the radio wave-
band, reported by Zauderer 
et al.2 on page 425, showed that 
the new source was expand-
ing with a velocity close to 
the highest speed allowed by 
nature: that of light. Finally, 
optical observations3 placed 
the transient at the centre of a 
distant galaxy, drawing a com-
pletely different picture from 
the initial GRB interpretation.

The new source, called 
Swift J164449.3 + 573451, is 
now believed to be the elec-
tromagnetic signature of the 
tidal disruption of a star by the 
massive black hole sitting at the 
centre of its host galaxy. In this 
case, the black hole has a mass 

of approximately 1 million Suns1,2, a value that 
is comparable to that of the Milky Way’s cen-
tral black hole4. However, this is relatively light 
compared with the black hole family’s most 
massive members, which can have a mass of 
more than 1 billion Suns.

The tidal disruption of stars by massive black 
holes had been predicted theoretically5–7, and 
its consequences have been sparsely observed 
in the past8–10. However, the onset of the event 
itself had never previously been observed. 
The new observations managed to surprise 

observers and theorists alike by revealing 
X-rays 10,000 times brighter than predicted 
and photons of much higher frequency than 
expected. The reason for these unexpected 
characteristics lies in the dynamics of the dis-
ruption process of the star and the accretion of 
stellar matter onto the black hole.

As a star wanders close to a massive black 
hole, the force exerted on its nearside is much 
greater than the force felt by its farside. As a 
consequence, the star is stretched, in a pro-
cess analogous to the sea tides on Earth. 
However, if the star gets too close, the inter-
action becomes so strong that the star itself is 
destroyed. Because the stellar material carries 
a lot of angular momentum, it cannot ‘rain 
down’ on the black hole but instead forms a 
disk structure that slowly accretes onto it. The 
slow accretion leads to the emission of copious 
amounts of electromagnetic radiation — the 
awakening of the black hole.

The observations presented by Burrows 
et al.1 and Zauderer et al.2 show that the theoret-
ical models5–7 missed the fact that a high-speed 
(relativistic) jet is produced in the accretion 
process. Relativistic jets are quite common in 

astrophysics11,12. They con-
sist of outflows of particles 
and/or electromagnetic field 
that are narrowly collimated 
around the rotational axis of  
a black hole (Fig. 1). In the case 
of Swift J164449.3 + 573451, 
astronomers were lucky 
enough to be observing the 
system along the jet axis. A 
relativistic jet pointing at us 
appears much brighter than 
one that lies orthogonal to 
the line of sight, owing to the 
relativistic collimation of its 
photons. In addition, as a 
consequence of the Doppler  
effect, a jet pointing at us 
shines at higher frequencies. 
For Swift J164449.3 + 573451, 
the jet is estimated2 to be  
moving at a velocity of 99.5% 
of the speed of light. There-
fore, the relatively low-lumi-
nosity optical transient that 
had been predicted5–7 turned 
out to be an extremely bright 
source of electromagnetic 
radiation at all wavelengths, all  
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Figure 1 | High-speed jet. A relativistic jet, such as the one shown in this artist’s 
impression, is an outpouring of particles and electromagnetic radiation formed when 
gas and stars fall into a spinning black hole. Burrows et al.1 and Zauderer et al.2 observed 
the birth of a relativistic jet at the heart of a galaxy hosting a supermassive black hole.
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