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Abstract: Learning is essential. It allows animals to 
change circumstances, deal with new situations and 
adapt to environments. Here, we argue that learning, 
at behavioral and neural levels, involves efficiency, 
reflected in metabolic cost reductions. Behaviourally, 
although multiple solutions to a novel problem may be 
available, all solutions are not learnt – it is too costly. 
Furthermore, once a strategy has been selected, it is 
reinforced producing an efficiency that leads to a maxi-
misation of performance and metabolic cost reductions. 
Learning can be represented in the brain through many 
mechanisms; however, if learning is truly efficient, 
then, all such mechanisms should also be accompanied 
by a reduction in measurable metabolic costs. By think-
ing about learning in terms of efficiency, not simply as a 
descriptive term but rather in terms of metabolic costs, it 
allows learning to be examined more carefully and pro-
vides predictions that can be easily tested (and indeed 
refuted).

Keywords: costs; efficiency; energy; hippocampus; learn-
ing; metabolism.

Introduction
‘Nature is thrifty in all its actions’

-Pierre Louis Maupertuis (1698–1759)

Across many disciplines, the idea that bodies try and 
reduce the effort made to achieve a goal has been well 
studied. In the 1600s, the famous French mathematician 
Pierre de Format postulated that light travels between 
two points along the shortest path leading to the princi-
ple of least time. In physics, of all the paths that a thrown 
ball can take, it seems to use the one that minimises the 
total energy required; this idea is known as the principle 
of least action. Similar ideas have been proposed in the 
behavioural sciences. For example, an interesting effect 
is observed in the area of linguistics whereby the most 

common word in a book or that is spoken will occur twice 
as much as the second most common word, and three 
times more frequent than the third word, etc. In what has 
become known as Zipf’s, law the frequency of a word is 
inversely proportional to its rank (Zipf, 1949). Zipf sug-
gested that word distribution is due to an attempt to 
communicate efficiently using the least amount of effort, 
that is, communicators do not want to work harder 
than is necessary for understanding to occur. Decision-
making processes may follow the same rule. Allport 
(1954/1979) proposed that people do not have the time 
to form a separate opinion about all things suggesting 
that ‘Life is just too short to have differentiated concepts 
about everything. A few pathways are enough for us 
to walk in.’ (p. 173). As such, people evaluate informa-
tion or form decisions that are thought to rely on simple 
strategies that are time efficient (Fiske and Taylor, 1984). 
Such decision-making process can lead to categorisa-
tion, generalisation, stereotypes and heuristics (Tversky 
and Kahneman, 1973; Macrae et  al., 1994). The ques-
tion arises whether a similar principle can be applied to 
the behaviour of learning and by extension the neural 
underpinnings of learning. This article proposes the idea 
of ‘learnt efficiency’.

Defining learnt efficiency, efficiency 
and cost
Despite being a major research topic across multiple dis-
ciples (e.g. psychology, neuroscience, computer science 
and behavioural ecology), learning is difficult to define 
with many authors either avoiding the topic or provid-
ing definitions specific to the discipline (De Houwer 
et  al., 2013; Barron et  al., 2015). Notwithstanding the 
various difficulties, learning can be defined as a dynamic 
process leading to a change in behaviour and its underly-
ing biology, brought about through interaction with the 
environment. The contention proposed here is that ‘if 
there are multiple ways to solve a problem, animals will 
not learn all possibilities but will select one that requires 
the least effort for the animal’. At the start of the learn-
ing process, multiple solutions may be available and 
tested, as often observed by high variability in individual 
responses during an early learning phase (e.g. see Meade 
et al., 2005). However, it is not cost effective to learn and 
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maintain all such solutions. Thus, as training progresses, 
an optimum strategy for that individual is selected and/
or ineffective strategies are eliminated (Benson-Amram 
and Holekamp, 2012; Thornton and Samson, 2012; Chow 
et al., 2016), thereby, reducing the variability in response. 
The selected strategy is then repeated and reinforced, 
allowing behaviours to be performed quicker and easier, 
which, in turn, allows for an increased likelihood that 
such strategies are repeatedly chosen. This, it is argued 
here, leads to an optimisation in performance and the 
minimisation of effort or cost. Any changes to this strat-
egy, particularly during the late phase of learning, will 
lead to additional effort and cost.

The term ‘efficiency’ is purposefully used; the term 
does not necessarily relate to the best choice, the most 
direct route, or even the best performance. For example, 
Meade et  al. (2005) trained pigeons to find their way 
home. The initial flights of each bird are highly variable, 
but they become increasingly stereotyped by the end of 
training. Such flights are very individualised and often 
might not be the most direct or best route. Efficiency has 
been used as an explanatory term across many domains; 
however, most research, including our own (e.g. Farina 
et  al., 2015), use the term merely as a description of an 
effect that has shown some sort of change of activity 
in one group compared to another that brings about a 
better performance. Time spent performing the behav-
iour and the number of errors are usually reduced, and 
this is assumed to translate into a reduced effort and, 
therefore, efficiency. On one level, this is fine, but as 
outlined by Poldrack (2015), it reveals nothing about the 
scientific mechanism underlying the effect or, indeed, 
provides testable predictions; direct measurements of 
efficiency or effort are seldom taken. Traditionally, effi-
ciency is described by what we can get out of a system 
given a particular input, maximising performance or 
output while minimising the effort or input. However, 
there is not just a single way to describe efficiency. For 
example, in an efficient system, we might be expected to 
see an increase in output or performance while the level 
of input or effort remains constant. Alternatively, we 
might see the level of performance remaining the same or 
even increasing while the level of input simultaneously 
decreases (red arrows in Figure 1A). An inefficient system 
is one in which the output remains the same or decreases 
while the level of input increases. Further, we might see 
a decrease in output with a constant level of input (blue 
arrows, Figure 1A). An increase in output with increased 
effort or a decreased performance with a decreased input 
(black arrows, Figure 1A) is a system that shows neither 
efficiency nor inefficiency.

Expanding this idea further to reflect learning, 
Figure  1B–G shows a number of different scenarios 
whereby performance and cost, often associated with 
effort (see Christie and Schrater, 2015), could putatively 
change with learning across training. Figure 1B shows 
a situation in which the performance increases (black 
arrow) and the cost simultaneously decreases (red arrow). 
An alternative scenario depicted in Figure 1E shows that 
while performance increases, the cost remains the same. 
Note here that although cost levels remain constant 
throughout training, individual cost levels may differ [this 
is represented by the red line in Figure 1D that may be high 
(dashed), medium (solid), or low (dashed)]. Another situ-
ation represented in Figure 1F shows the cost decreasing 
but the performance remains the same. Again, the per-
formance level may differ between individuals and rep-
resented by the location of the black line [high (dashed), 
medium (solid) or low (dashed)]. These three figures rep-
resent a system that is increasing in efficiency and are 
represented by an increase in the difference between the 
performance and cost lines (increasing black hashed area 
or decreasing red hashed area). Figure 1C, E, and G show 
the opposite – an increasing inefficient system (increasing 
hashed red area or decreasing hashed black region).

So far, cost has been mentioned, but one of the 
major difficulties is how to define and measure cost. 
For example, time may have a real cost for animals in a 
natural context; spending extra time trying to solve some-
thing may result in the increased risk in predation and 
death (Chow et al., 2016). Cost, therefore, can refer to a 
number of variables but should be somewhat related to 
energy (Poldrack, 2015). However, energetic cost is also 
a very general term and may refer to mechanical energy, 
neural effort, cognitive effort, muscle activity and meta-
bolic cost (Huang et al., 2012). Metabolic cost is consid-
ered the best measure of energy consumption and can be 
done by measuring heat loss, referred to as direct calorim-
etry, or through oxygen consumption or carbon dioxide 
production (Leonard, 2010). While other measurements 
such as increased blood pressure and heart rate may 
also be used, these measures are indirect and often do 
not correlate well with the more direct means (Westbrook 
and Braver, 2015). Using this concept of efficiency, rather 
than as purely descriptive term, and taking cost as to 
represent metabolic costs (that can be measured) allows 
learning to be examined more carefully, perhaps provide 
a better explanation and allow better predictions to be 
made. Table 1 provides an overview of some predictions 
that might be made using these concepts, with sample 
research evidence. The following sections will discuss 
these ideas in further detail.
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Figure 1: Changing dynamics of efficiency that is dependent on the interaction between performance (output) and effort (input).
(A) A plot demonstrating how efficiency (red) or inefficiency (blue) can emerge depending on the changing dynamics between the inputs and 
outputs to a particular system. (B–G) A variety of putative situations whereby efficiency can emerge with learning. The simplest situation is 
where the performance increases as the costs decrease (B); alternatively, either performance may increase despite a constant level of costs (D), 
or costs may decrease with a constant level of performance (F). Both situations show an increase in efficiency (represented by increasing solid 
straight black lines), but this depends on the level of cost and performance. A greater efficiency (greater black hashed area) is demonstrated 
with high performance (upper dashed black line) compared to a medium performance (solid black line). Greater efficiency is also observed with 
low cost levels (lower red dashed line) compared to medium levels (solid red line). Note in this model the point of interaction, Θ, where the 
performance and cost lines cross is not fixed and may scale upwards or downwards and is very different across different individuals. Plots C, E, 
G represent the opposite effect, whereby there is an increase in inefficiency (represented by increasing solid straight red lines) with time.
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Table 1: General and specific predictions related to efficiency during learning.

General predictions   Specific predictions   Evidence?

As performance on a 
task maximises, there 
is a minimisation of 
metabolic costs

  As one becomes proficient at a task, less energy, 
in the form of oxygen/glucose consumption, 
heat loss or ATP, CO2 production is required to 
complete it

  Studies such as those of Huang et al. (2012) and 
Lay et al. (2002) have shown decreases in metabolic 
power with motor learning. See also the ‘Expressing 
behavioral efficiency during learning’ and ‘Expressing 
neural efficiency during learning’ sections

Different stages of 
learning have different 
metabolic costs

  Early-stage learning would incur higher 
metabolic costs compared to late-stage learning 
(see, e.g. Figure 1B)

  Studies such as that McNay et al. (2000) have found 
large metabolic changes during early learning, but 
these were attenuated late in training

  Additional learning, particularly during late-
stage learning, would incur extra metabolic costs

 

Efficiency should be 
observed at different 
levels of the organism

  Organisms operate as a whole. Animals use 
behavioural mechanisms that are efficient and 
should show reduced metabolic costs. Such 
learning mechanisms are reflected at systems, 
neural and molecular levels, which should also 
show reduced metabolic costs

  See the sections on ‘Expressing behavioral efficiency 
during learning’ and ‘Expressing neural efficiency 
during learning’ for details and predictions regarding 
behavioural and neural efficiency, respectively 
Studies like that of Picard et al. (2013) hint at multiple 
level efficiency

Efficiency should be 
reflected across learning 
irrespective of task type 
or time span

  Animals are capable of various types of learning 
(spatial, verbal, motor, etc.) and can learn 
across multiple trials or with a single trial, with 
instruction or without. For efficiency to hold true, 
it should be reflected across all

  Reduced metabolic costs have been shown across 
different types of learning, but there may be 
differences depending on trial type, task familiarity 
and whether changes are distributed or reorganised in 
the brain (see Kelly and Garavan, 2005)

Efficiency may depend on 
an individual’s basal cost 
and performance level at 
the time of learning

  IQ, age, sex, physiology, health status, etc., may 
all affect efficiency to different degrees

  Individuals that are more intelligent have a greater 
efficiency in brain use after training compared to 
those with less intelligence (Neubauer et al., 2004; 
Neubauer and Fink, 2009)

    Older adults that show good memory performance 
often have extra neural activation compared to 
younger adults (Morcom et al., 2007)

    Although these studies refer to ‘efficiency/
inefficiency’, metabolic markers were not examined

Efficiency levels are 
not fixed and may be 
modifiable

  Metabolic costs/performance may be modified 
by physical exercise, diet, mental activity, sleep, 
etc

  Erickson et al. (2011) found that exercise and 
hippocampal volumes were correlated with strong 
performance in memory tasks of older adults

    Duzel et al. (2016) suggest that running-induced 
hippocampal neurogenesis is associated with 
increased synaptic plasticity and improved spatial 
memory in animals

    Metabolic markers were not examined in these studies

Expressing behavioural efficiency 
during learning

Despite the difficulties associated with defining and 
measuring cost, there is evidence to suggest that repeti-
tion of a behaviour, including learning, does minimise 
energetic costs. Take locomotion as an example: humans 
walk with a step width that corresponds to the minimum 
metabolic cost (Arellano and Kram, 2011); likewise, 
swinging arms while walking seems to reduce metabolic 
cost compared to walking without arms swinging (Ortega 
et  al., 2008). Repeated practice also reduces metabolic 
costs. Lay et al. (2002), for example, showed a decline in 

metabolic energy cost with practice on a rowing task. As 
summarised by Sparrow and Newell (1994) if mechani-
cal power output is held constant, then, individuals who 
are well-practised on a task will have a reduced heart 
rate and metabolic energy expenditure. Similarly, in an 
arm-reaching task, Huang et al. (2012) demonstrated that 
net metabolic power, measured directly through expired 
gas analysis, decreased with motor learning. Interest-
ingly, such metabolic costs continued to decrease late 
in learning even when movements were fine tuned and 
had stabilised. Indeed, the authors observed greater cost 
reductions when muscle activity had reached asymptotic 
levels. This effect has also been observed by others (e.g. 
Galna and Sparrow, 2006).
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Detailed examination of animal learning also reveals 
many examples of efficiency, at least at a behavioural 
level. If, as suggested, animals do not learn all possible 
solutions but select one to minimise effort, then, a number 
of behaviours should be observed including (1) the use of 
multiple strategies to solve a problem will be generally 
limited, (2) as animals want to avoid unnecessary effort, 
some associations during learning are easier made than 
others, (3) once learning has been achieved and particular 
associations are made, it will be difficult to make further 
changes, as this would require more effort, and (4) the 
chosen strategy or solution may not necessarily be the 
best one. Some of these features are well recognised in the 
learning literature. For example, blocking (Kamin, 1969) 
is a well-described phenomenon from the classical condi-
tioning literature. In the first phase of a typical blocking 
paradigm, an animal is exposed to the pairing of a tone 
and shock. In the second phase of the experiment, light 
and tone are paired with a shock. Upon testing, it has 
been shown that animals have learnt little about the light. 
Therefore, learning the association between the tone and 
shock blocks any subsequent learning about the light. 
This phenomenon suggests first that animals do not learn 
multiple strategies readily, although in this case, both 
the light and the tone are predictors of a shock, just the 
tone-shock association is learnt; second, once a strategy 
has been adopted or an association has been made, i.e. 
the tone predicts a shock, it is difficult to change it and 
even update that particular association. Further examples 
of this can be illustrated by another behavioural effect 
termed latent learning (Reiss and Wagner, 1972). If a tone 
is initially not paired with a shock, but is then subse-
quently paired with one, then, this association is slower 
to learn than if an animal had been initially exposed to the 
tone and shock pairing. Therefore, once something has 
been learnt, in this case the tone does not predict a shock, 
it is more difficult to form a new association. It is predicted 
that any new associations are not only more difficult to 
form but would also be accompanied by an increase in 
metabolic costs. Such experiments have not been done to 
date.

Another relevant concept in behavioural psychol-
ogy is overshadowing (Pavlov, 1927; Mackintosh, 1974). 
When two or more stimuli are presented together, all will 
not produce an equal level of response. One stimulus, 
depending on its salience, novelty, ecological relevancy, 
or other factors, may provide a stronger or more reliable 
response compared to the other stimuli. This more salient 
stimulus is said to overshadow the others. Therefore, 
although all stimuli may provide equal predictability, not 
all stimuli are learnt; stimuli are selectively associated 

– some stimuli are more easily learnt than others. Animals 
in the natural environment use this very effectively. For 
example, nonvenomous scarlet kingsnakes (Lampropeltis 
elapsoides) look very similar to the poisonous coral snake 
(Micrurus fulvius): in terms of colour, both have alternat-
ing red, yellow and black rings; however, the sequence of 
coloured rings differs between the animals. Despite this, 
the kingsnakes are avoided by predatory birds as much 
as coral snakes (Kikuchi and Pfennig, 2013) suggesting 
that the predators have not learnt all stimuli equally but 
have selected one (in this case colour) and have learnt 
to avoid it. The predators have learnt efficiently, and the 
mimicry observed in some potential prey exploits this 
fully. A recent study conducted by Kazemi et  al. (2014) 
examined this overshadowing effect more formally in a 
laboratory setting. The authors trained blue tits to find 
worms hidden under a paper. One particular paper that 
had a combination of a particular colour, shape and 
pattern did not contain a reward and so had to be avoided. 
Birds were then tested with prey that contained just one 
of these stimuli and the combined stimulus. In theory, 
birds could have learnt each of the stimuli and avoided 
all test conditions, or they could have avoided just the 
combined stimulus. The authors found that the birds 
avoided the combined stimulus and the ones that had 
the particular colour. Therefore, colour overshadowed 
the other attributes of pattern and shape. Importantly, 
all attributes were not learnt (see also Farina et al., 2015). 
While colour may be more relevant to birds, this may not 
be the most important/salient attribute to other animals. 
Learning efficiency is specific to each species as well as 
the individual. To emphasise this, biologically and eco-
logically relevant stimuli are easier to associate and learn, 
whereas other stimuli may incur more costs. For example, 
pigeons receiving food that is paired with light tend to 
respond more than when food is paired to a tone. In con-
trast, rats respond better when food is paired to a tone. In 
addition, taste and poison are associated easily than taste 
and shock (Krane and Wagner, 1975). Physical similarity in 
stimuli can also lead to quicker associations; for example, 
different colours paired together or different line orienta-
tions when paired are easier to learn than colour-line ori-
entation associations (see Rescorla and Gillan, 1980 for 
similar examples). Such overshadowing examples would 
be predicted to involve a reduction in metabolic costs for 
the animal.

When an animal is rewarded in the presence of a par-
ticular stimulus, it is likely to respond in the presence of 
a similar but recognisably different stimulus. This effect 
is termed stimulus generalisation (Ghirlanda and Enquist, 
2003). Animals essentially ‘bet’ on the results being the 
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same as before. This ability to generalise has been shown 
across a range of stimuli (including light wavelength, 
Hanson, 1959; tone frequency, Brennan and Riccio, 1972; 
object orientation, Bloomfield, 1967; object location, 
Cheng et al., 1997) and across different species (pigeons, 
Cheng et al., 1997; honeybees, Cheng, 2002; rats, Brennan 
and Riccio, 1972; fish, Fay, 1970 and humans, Nicholson 
and Gray, 1971). The effect is so widespread that it has 
been suggested to constitute a universal law for psychol-
ogy (see Shepard, 1987). It is argued here that rather than 
being a law, itself; stimulus generalisation is a product of 
learnt efficiency. What is learnt in one situation can be 
transferred to another; therefore, the need to learn about 
every possible situation that may arise is avoided. Time, 
effort and metabolic costs should be reduced. While the 
ability to generalise may be a useful way for dealing with 
novelty, it may come at a long-term price, for example, it 
is only by testing different responses and being flexible 
that animals can adapt to a new situation (Ghirlanda and 
Enquist, 2003). Further difficulties arise in the case of 
fear generalisation, which may have debilitating conse-
quences (see Dymond et al., 2015).

For learning efficiency, to hold all such behaviours 
described above should be associated with a minimisa-
tion of cost in terms of energy. Measuring the amount of 
oxygen consumed to reach asymptotic performance may 
be applied across these various conditions. For example, 
if animals do not maintain multiple solutions as it is not 
very cost effective, then, this should be observed and 
measurable. Where animals must use and maintain mul-
tiple solutions, we should see evidence of increased costs 
compared to those that do not require to do so. Likewise, 
we would predict that training with a salient, ecologi-
cally-, biologically-, or other relevant cues would not only 
aid strategy selection and quicken learning but would be 
associated with lower metabolic costs compared to those 
trained with non-salient stimuli. If relearning or adding 
extra information requires more effort, this should also 
come with a cost that is measurable. Similarly, an animal 
that generalises should show reduced costs compared 
to an animal that displays greater flexibility. Very few 
studies have examined oxygen or glucose changes that 
accompany such behavioural phenomena.

Expressing neural efficiency during 
learning
While selection of a strategy and fine tuning of behav-
iour may underlie metabolic reduction, decreasing costs 

should also be reflected at the neural level (Huang et al., 
2012). The brain is one of the most energy-expensive organs 
in the body, ranked third behind skeletal muscle and the 
liver. The energy cost of the vertebrate brain is between 
2% and 10% of the total body metabolic cost (Mink et al., 
1981), with the human brain costing even more in energy 
terms coming in at 20%; this is despite being only 2% 
of the body mass (Clarke and Sokoloff, 1999). Although 
the energy requirements of a neuron vary across differ-
ent parts of a neuron and the type of neuron (Sengupta 
et al., 2010; Hallermann et al., 2012), it is estimated that 
action potentials cost between 21% and 47%, synaptic 
processes 34–59% and resting potential 13–20% of the 
total energy requirements (Attwell and Laughlin, 2001; 
Poldrack, 2015). Neural activity is particularly expensive 
with Hasenstaub et al. (2010) suggesting that energy mini-
misation may be a unifying principle underlying general 
neural dynamics. Furthermore, Herculano-Houzel (2011) 
suggests that the energy budget per neuron, in contrast to 
other cells, has been stretched in evolution to remain con-
stant and that it may be close to its limit. As such, neural 
processes, including those involving learning, must live 
within this budget, be able to adjust accordingly so that 
excessive synaptic activity is avoided and, as is argued 
here, energy costs are minimised. Energy minimisation is 
suggested, here, to be also a principle underlying neural 
learning dynamics.

According to our definition, learning is also associ-
ated with changes in underlying biological, including 
neural, mechanisms (see also West-Eberhard, 2003). The 
brain has developed multiple mechanisms that have been 
associated with learning. The most prominent is the idea 
that learning, across a range of domains (associative, 
spatial, motor, etc.) adjusts the synaptic strength of con-
nections, which, in turn, can lead to longer-lasting struc-
tural changes. Hebb (1949) suggested that ‘the persistence 
or repetition of a reverberatory activity (or ‘trace’) tends to 
induce lasting cellular changes that add to its stability…. 
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 change takes place in one 
or both cells such that A’s efficiency, as one of the cells 
firing B, is increased’. One phenomenon that fulfils this 
idea is long-term potentiation (LTP). First discovered by 
Bliss and Lomo in 1973, LTP has long been considered as a 
putative mechanism that underlies learning and memory 
(Takeuchi et  al., 2013). LTP is the stable and enduring 
enhancement of synaptic strength following high-fre-
quency neural stimulation (HFS). Blocking LTP in specific 
regions leads to impaired learning. For example, block-
ing hippocampal glutamate NMDA receptors impair LTP 
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and produce learning deficits in hippocampal-dependent 
tasks (such as spatial learning) (Morris et al., 1986). Con-
versely, enhancement of the function of the NMDA receptor 
leads to enhanced synaptic potentiation and a concur-
rent improvement on memory tests (Tang et  al., 1999). 
However, direct evidence showing synaptic enhancement, 
in the form of LTP, being actually induced by learning has 
only been demonstrated recently (see Whitlock et  al., 
2006). The key feature of LTP is that it enhances the effi-
ciency of the neural connections. Neurons post-HFS have 
an increased response to the same stimulation compared 
the response pre-HFS; neurons now show an increased 
output for the same level of input (see Figure 1A). Other 
forms of synaptic enhancement may bring about similar 
efficiency in the system such as paired-pulse facilitation 
(Commins et al., 1998; Craig and Commins, 2005; Fernán-
dez-Fernández et al., 2015), metaplasticity (Li et al., 2014), 
or other mechanisms underlying fast learning (Yger et al., 
2015). Other forms of synaptic plasticity such as long-term 
depression (LTD) or paired-pulse depression have been 
also associated with learning and memory (Brigman et al., 
2010). However, these phenomena result in a decreased 
neural response compared to baseline using the same 
stimulation. These processes suggest that there is less 
output for a similar level of input. Although this form of 
plasticity may seem inefficient (and come at a cost), it 
also seems to play a crucial role in learning, particularly, 
in the ability to readjust the range in which synapses can 
operate. LTD, for example, has been shown to inactivate 
memories (Nabavi et al., 2014), weaken previously poten-
tiated synapses allowing for greater flexibility (Nicholls 
et  al., 2008) and suppress interference from competing 
information (Connor and Wang, 2015). Such mechanisms 
may play an important role during the early phase of 
learning when specific strategies are selected and refined. 
Therefore, irrespective of the type of plasticity, it is argued 
here that all forms of synaptic plasticity associated with 
learning should also be accompanied by a measurable 
change in metabolic cost, echoing Hebb’s sentiment. Very 
few studies have examined oxygen/glucose changes that 
are associated with LTP or other plastic effects.

Many reports have shown that the adult brain under-
goes constant remodelling, and this is necessary for learn-
ing and memory (Grillo et al., 2015). For example, motor 
learning correlates with the increased number and sta-
bilisation of postsynaptic spines on excitatory neurons 
(Yang et al., 2009). Furthermore, a recent study by Chen 
et al. (2015) shows that motor learning is associated with 
structural rearrangement of presynaptic boutons in dif-
ferent classes of inhibitory interneurons. In this study, 
there is a counterbalancing of excitation with increased 

pruning and inhibition, pointing to a drive toward synap-
tic homeostasis with learning (Turrigiano, 2008). As well 
as restructuring at the neural level, learning is also asso-
ciated with re-organisation at the systems level. Maguire 
et al. (2000) have shown that taxi drivers that are required 
to learn thousands of streets in London have a larger hip-
pocampus compared to non-taxi drivers. Furthermore, the 
longer the time spent as a taxi driver the larger the hip-
pocampus becomes (Maguire et al., 2000). Such changes 
in organisation are seen with other learning tasks includ-
ing motor learning (Pascual-Leone et  al., 1995, 2005) as 
well as in other species (e.g. see Krebs et al., 1989). Some 
reports have suggested that such reorganisation is associ-
ated with neural efficiency. For example, Dehaene et al. 
(2015) suggest that learning to read (literacy) affects 
neural organisation, and this is done by both ‘creating 
and automating an efficient interface’ between language 
and vision (p. 241). This may be achieved by the physical 
thickening of connections of regions such as the sple-
nium and corpus callosum (Carreiras et  al., 2009) and 
other regions including the visual word form area (VWFA) 
(Thiebaut de Schotten et al., 2014). Although such studies 
use the term efficient as a descriptive term and suggest 
a mechanism by which it may be achieved, they do not 
show directly whether such re-organisational changes (at 
cellular or system levels) are also accompanied by meta-
bolic changes. It is predicted here that they should.

One method to examine metabolic changes that may 
accompany learning is via analysis of imaging studies. 
Typically, brain imaging using fMRI and PET, measuring 
blood oxygen and glucose, respectively, has examined 
how blood flow increases to different areas of the brain 
during a task. However, imaging is not that straight-
forward. Many researchers have shown task-related 
decreases in regional blood flow (e.g. Amedi et al., 2005). 
While others have shown a reorganisation or redistribu-
tion of functional networks after learning (see Kelly and 
Garavan, 2005, for details). Furthermore, neural activity 
can elicit changes in both metabolic and vascular dynam-
ics, whereby initial oxygen is consumed and later replen-
ished via cerebral blood flow (Li et  al., 2011). Regional 
blood flow seems to increase more than oxygen consump-
tion suggesting that the supply of oxygen exceeds its 
demand (Fox et al., 1988). More importantly, it has been 
shown that metabolic demands associated with a particu-
lar task seem to be very low (Kurzban, 2010), with Raichle 
and Mintun (2006) suggesting that glucose consumption 
related to a task could be as low as 1% and rarely exceed-
ing 10% of resting blood flow. Others have reported a 
mere 8–12% increase in adenosine triphosphate (ATP) 
production during visual stimulation (Lin et  al., 2010). 
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Such figures have prompted the suggestion that although 
the brain is indeed overall costly, most of the cost is asso-
ciated with intrinsic resting state activities (Raichle and 
Mintun 2006) rather than external demands. However, 
using more direct in vivo microdialysis McNay et al. (2000) 
found a 32% decrease in hippocampal glucose concen-
trations as animals learnt a complex maze task (spon-
taneous alternation test). With a less demanding task, 
the authors still found an 11% decrease in glucose con-
centration. Furthermore, systemic injections of glucose 
reversed this decreased concentration and increased 
performance on the more complex task. The decreases in 
glucose concentrations were interpreted as being related 
to the demands of the task and the increased take-up of 
glucose into neurons or glia. In a more recent study, Fran-
cois et  al. (2014) used in vivo amperometric techniques 
to monitor oxygen concentrations in the nucleus accum-
bens as animals learnt a task requiring the discrimina-
tion between a rewarded and a nonrewarded cue. Oxygen 
signals in the nucleus accumbens increased during acqui-
sition, specifically to the rewarded cue and also the first 
days of extinction. In this study and also in McNay et al. 
(2000), it is interesting to note that any metabolic changes 
observed were attenuated as training progressed. This 
perhaps gives credence to the suggestion that different 
learning stages have different metabolic costs whereby 
initial engagement with a task may be costly in meta-
bolic terms but that this decreases as learning progresses, 
hinting at efficiency in the system. More direct evidence 
comes from Picard et al. (2013) who trained monkeys in a 
motor task. The authors monitored single unit recordings 
and 2-deoxyglucose (2DG) simultaneously in the primary 
motor area. The authors found no change in neural firing 
but a decrease in metabolic (2DG) activity with extended 
training. The authors speculate that such efficiency, less 
metabolism required for a given amount of neural activity, 
may be due to a number of factors including changes in 
synaptic plasticity, restructuring of synapses, or increased 
synchronisation of synaptic activity.

Another mechanism linked to the learning process is 
neurogenesis. Adult neurogenesis occurs throughout the 
lifespan but is mainly confined to two regions of the brain: 
the subventricular zone of the lateral ventricles and the 
subgranular zone of the dentate gyrus (Zhao et al., 2008). 
The dentate gyrus is an area of particular importance 
as it is part of the hippocampus, a structure critically 
involved in learning and memory (Morris et  al., 1986). 
There is much evidence demonstrating that factors that 
enhance or impair hippocampal neurogenesis can affect 
cognition and learning. Mutant mice (e.g. mbd1−/−) with 
decreased dentate neurogenesis show impaired learning 

and memory using the water maze task and impaired LTP 
(Zhao et al., 2003). Similarly, using protocols such as exer-
cise or enriched environment that increase cell prolifera-
tion also improves learning and memory (Kempermann 
et  al., 1997; van Praag et  al., 1999). However, whether 
neurogenesis is directly involved in learning is controver-
sial, particularly given that new neurons are confined to a 
small region of the hippocampus and the limitation with 
some of the ablation techniques used (Zhao et al., 2008). 
There are a limited number of studies that have examined 
correlations between hippocampal neurogenesis and 
metabolic markers. One study, conducted in non-human 
primates, has shown a positive correlation between hip-
pocampal neurogenesis and blood glucose levels, sug-
gesting that increased neurogenesis is associated with 
increased metabolism (Perera et al., 2011). Given this and 
the idea that each additional neuron has its own energy 
budget that would incur extra costs (Herculano-Houzel, 
2011), neurogenesis may not be the primary or most suit-
able mechanism underlying learning; rather, changing 
the synaptic weightings and/or structural rearrangement 
of existing neurons may be a more cost-effective method. 
This may explain why neurogenesis is not observed more 
widely throughout the brain.

Finally, although there are many computational 
models of learning and memory, most of these focus on 
information capacity and not on energy efficiency (Sacra-
mento et  al., 2015). Many models would suggest that an 
effective method for reducing the high cost of neural activ-
ity is through sparse distributed networks (Hu et al., 2012). 
This can be achieved by keeping the number of active 
synapses low, whereby only a few neurons are active at 
a time. For example, Attwell and Laughlin (2001) suggest 
that only 15% or less of a group of neurons (with action 
potentials of 4 Hz) need to be active to encode a particu-
lar condition. Interestingly, many specific cells that have 
been discovered throughout the brain only represent a 
small percentage of the total neurons of the particular 
region. For example, in area CA1 of the hippocampus, the 
majority of cells are silent with approximately 20–30% of 
cells being cells that represent a specific location (place 
cells, see Nakazawa et al., 2004); similarly approximately 
25% of neurons in area F5 of the monkey are considered 
‘mirror neurons’ (Rizzolatti et  al., 2014), and there are 
20% of the cells in areas TE of the inferotemporal cortex 
that are considered ‘face cells’ (Gauthier and Logothetis, 
2000). Perhaps, such sparse representations for certain 
specific cells may form the neural equivalent of the Pareto 
principle and follow a power law distribution, whereby 
80% of the work is performed by 20% of neurons (see 
Reed, 2001). An alternative method to achieve sparseness 
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and minimise costs during learning is to remove synapses 
through pruning (Mimura et  al., 2003) or maximising 
silent synapses (see also Sacramento et al., 2015). Despite 
such models, direct analysis of metabolic costs associated 
with sparse neural networks is limited and difficult to 
achieve. In sum, although the brain has developed multi-
ple ways for learning including synaptic plasticity, neuro-
genesis, neural remodelling and system reorganisation, it 
is argued here that in order for the idea of learnt efficiency 
to hold, all of these ways should be accompanied by a 
reduction in metabolic costs.

Understanding how neural efficiency, in whatever 
form it takes, and behavioural efficiency are directly 
linked is difficult, especially given that many tasks are, 
themselves, complicated and require multiple regions, 
which may, after learning, become reorganised. How can 
metabolic costs be measured across such dynamic net-
works? One possibility for human research is through con-
nectivity studies (see Kelly and Garavan, 2005); another is 
by conducting studies along the lines of Picard et al. (2013) 
that have targeted a particular behaviour and area, directly 
linking neural activity, learning and metabolic costs. One 
structure that might provide a good starting point for 
this type of analysis is the hippocampus. This structure 
has been anatomically very well characterised; much is 
known regarding the various cell types, cell distribution, 
pattern of connectivity and neurochemistry make-up (Szi-
lágyi et al., 2011). As well as its established role in learning 
and memory (Scoville and Milner, 1957; Morris et al., 1986; 
Harvey et al., 2008; Diviney et al., 2013), the hippocam-
pus is known to undergo various forms of synaptic plas-
ticity (Bliss and Lomo, 1973; Commins et al., 1998), show 
neurogenesis (Kempermann et al., 1997), and is also very 
susceptible to stress (Lupien and Lepage, 2001), age, and 
many disorders including Alzheimer’s disease (Braak and 
Del Tredici, 2015). Furthermore, neurons in the hippocam-
pus are thought to have the highest energy requirements 
compared to neurons elsewhere (Stranahan and Mattson, 
2008). Examination of the hippocampus may very well 
reveal the structure as a possible ‘mediator of efficiency’.

A possible mechanism for learning 
and learnt efficiency
Figure 2 attempts to summarise how learning may occur 
and incorporate some of the ideas that have been dis-
cussed so far. At the start of the learning process, (a) 
there may be many solutions to a particular problem, and 
animals over the initial few trials may use a variety of 

different strategies, as represented by the multiple arrows. 
The costs associated with having and trying different solu-
tions are high; all solutions cannot be maintained over the 
long term. With time, multiple trials and repetition (repre-
sented by circular arrows), a particular strategy is selected 
(b). The behavioural selection may be quickened and 
aided by a variety of factors relevant to the environment 
including the saliency, relevancy, stability of cues, as well 
as the circumstances of the animal, and other factors. At 
this point, (c) ineffective strategies are eliminated, and 
the selected strategy is repeated and reinforced, as rep-
resented by the darkened single line. Strategy selection 
and reinforcement, as well as strategy elimination may 
result from a form of operant conditioning (see also Chow 
et al., 2016). For example, if a particular strategy is associ-
ated with reward or success, then the selected behaviour 
may be repeated and reinforced, while unrewarded strat-
egies are eliminated, a form of behavioural competition. 
Synaptic plasticity (LTP and LTD, see above) and neural 
competition may also be critical at this stage. Competi-
tion between neurons is necessary during development 
for refining neural circuits (Changeux and Danchin, 1976) 
and shaping behaviour. This is observed particularly in 
the early development of the primary visual pathway; 
axons become segregated into eye-specific regions in the 
visual cortex as a result of activity-dependent synaptic 
competition between axons representing the two eyes 
(Cabelli et al., 1995). Higher-order cognition is also subject 
to competition during development. There is evidence 
for competition between reading and face recognition 
in the ventral visual cortex with regions devoted to face 
responses becoming gradually displaced with increas-
ing literacy (Dehaene et  al., 2010; Cantlon et  al., 2011). 
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Figure 2: Proposed simple model of learning and efficiency.
(A) Initial learning is often associated with testing of different solu-
tions (multiple arrows) which has a high cost. All solutions can not 
be maintained. (B) A particular strategy is chosen (dark circular line) 
aided by a variety of factors. (C) The selected strategy is reinforced 
and repeated (darker circular lines); metabolic costs are lowered. 
(D) Selected strategy continues to be reinforced leading to a maximi-
sation of performance and a lowering of metabolic costs.
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In the adult, brain competition, too, has recently been 
proposed to underlie the plasticity associated with learn-
ing and memory. For example, although 70% of neurons 
in the lateral amygdala receive sensory input, only about 
25% of them exhibit plasticity related to fear condition-
ing (Rumpel et al., 2005; Han et al., 2007; see also Rashid 
et al., 2016). This suggests that certain neurons are prefer-
entially selected over others, using the minimum number 
to maximise performance. Furthermore, Han et al. (2007) 
have provided evidence that CREB is the key molecular 
component that underlies this competition and the selec-
tion of certain neurons to participate in the memory trace. 
Synaptic plasticity and re-organisation of synapses and 
regions, as mentioned previously, may also play important 
roles in both the selection and reinforcement of a strategy, 
as well as the elimination of other ineffective ones, all of 
which leads to a maximisation of performance levels and 
importantly the reduction in metabolic costs (d).

The downside of efficiency
Learning is generally seen as being beneficial. It allows an 
animal to modify its behaviour so that it can better adapt 
to its environment. However, learning may come at a price 
(see Dukas, 1999; Burns et al., 2011 for a detailed discus-
sion). Although efficiency has the benefit of reducing met-
abolic costs, it, too, may have a downside. For example, 
we have recently shown (Farina et  al., 2015) that when 
animals are trained on a spatial task in the presence of 
two cues (of unequal salience in terms of brightness) and 
are presented upon re-test with just the brighter one, they 
can find the goal easily. However, if presented with the 
dimmer cue, animals are impaired. This selectivity, while 
efficient at least in behavioural terms – having to learn one 
cue rather than two, reduces the animals’ ability to be flex-
ible should the situation change. Training squirrels on a 
problem-solving task, Chow et  al. (2016) also found that 
there is a trade-off between behavioural selectivity and 
flexibility. Those animals that displayed high levels of flex-
ibility also engaged more regularly in ineffective behav-
iours. Another issue is that efficiency in learning may also 
lead to inaccuracies and misattribution errors. In a recent 
study, Hunt and Chittka (2015) found that bumblebees 
can create ‘false memories’. Bees were initially trained to 
find a reward with a yellow flower stimulus followed by 
training to find a reward with a black and white-patterned 
stimulus. When bees were tested on the following day, they 
opted to go for the most recent stimulus, i.e. the black and 
white one. However, if tested 3  days afterward, the bees 
went for a stimulus-containing yellow and white stripes, 

a novel stimulus, which was a hybrid of two previous 
ones. Interestingly, this effect only emerged after multiple 
testing trials. This finding suggests that bees found it diffi-
cult to keep track of multiple memories and were unable to 
store an accurate memory of each flower visited, thereby, 
leading to a mixed-up false memory. Bees did not learn all 
the features of the flower but extracted the general fea-
tures. Recall that all of these general features may have 
been then applied to other flowers inappropriately (Hunt 
and Chittka, 2015). Humans, too, create ‘false memories’, 
with eyewitness testimony being a classic example of this 
(Loftus and Palmer, 1974). We have argued that this inabil-
ity to learn about every situation encountered may lead to 
a generalisation effect, an arguably efficient behavioural 
strategy, but a strategy that could also prove debilitat-
ing. Fear generalisation, for example, occurs when a fear 
response to certain stimuli spreads to other related stimuli. 
Such responses may result in fear, avoidance and anxiety 
in many individuals, often leading to hospitalisation 
(Dymond et  al., 2015). As a consequence of inaccuracies 
in learning and recall, poor decisions are often made; see 
Kahneman (2011) for a more detailed discussion.

Comparisons with other models
The ideas presented here have parallels with other theo-
ries, particularly those dealing with cognitive effort. 
Many cognitive processes such as attention, decision 
making and working memory are often thought to be 
costly (Kool et  al., 2010), as such humans try to avoid 
such mental expense and fatigue by seeking the least cog-
nitively expensive method (Solomon, 1948; Balle, 2002). 
Many ‘cost/benefit models’ (Krebs et  al., 2010) suggest 
that cognitive demand is generally avoided in favour 
of more rewarding approaches, and this switch is facili-
tated through the subjective feeling of mental fatigue. 
The difficulty with many of these models is that they do 
not speak to any underlying biological processes (Chris-
tie and Schrater, 2015). Other models that fall under the 
category of ‘limited resources models’ (see Gailliot et al., 
2007) suggest that mental effort is related to the available 
levels of blood glucose. When glucose levels are dimin-
ished, cognitive tasks are more difficult to perform, result-
ing in mental fatigue. More recently, Christie and Schrater 
(2015) provided a very nice detailed account of cognitive 
effort using an optimum control model that captures ele-
ments from both. The authors suggest that costly cogni-
tive processes are avoided due to the allocation of energy 
resources. Depending on the cost/benefit analysis, only 
limited recourses may be committed to the current task 
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in order to conserve energy, in the form of glycogen, and 
to be further allocated at some future date. The brain, 
therefore, makes a strategic decision; resources are only 
committed when the payoff is worthwhile. While in this 
article the focus has mainly been on cost changes during 
a dynamic learning process and neural expression, the 
underlying metabolic mechanisms as outlined by Christie 
and Schrater (2015) may be very applicable. Further exam-
ination along these lines is required.

Other very influential models that speak of effi-
ciency include the neural efficiency model of intelligence 
by Haier et  al. (1992). In this model, it is suggested that 
smarter individuals display lower, and as a result, more 
efficient neural activation when engaged in various cogni-
tive tasks. While there is generally good evidence for this 
idea, recent research has moderated the universality of the 
model; sex, task demand, task type and the brain region 
being taxed, may all play a role (Neubauer and Fink, 
2009). On the other hand, there have been recent propos-
als of aging inefficiency (Rypma and D’Esposito, 2000; 
Morcom et al., 2007; Nyberg et al., 2014). Memory decline 
and impaired task performance is observed in many older 
adults, particularly with regard to episodic memory and 
recall of details of a specific event. Functional imaging 
analysis has shown a different pattern of neural activity in 
older adults that have good memory compared to young 
adults (Davis et  al., 2008). Despite having similar reten-
tion scores and engaging a similar brain network during 
a particular task, older adults display extra neural acti-
vation of this network. Furthermore, older adults show 
fewer retrieval-related activity reductions compared to 
younger adults. Such age-related differences, as suggested 
by Morcom et al. (2007), are related to inefficiency – extra 
neural activation for a similar performance level. Both 
aging and intelligence efficiency models may be united 
under the general learning efficiency concept proposed 
here. As suggested in Figure 1B–G and Table  1, perfor-
mance and cost levels are not fixed and may vary from 
individual to individual across a lifespan.

The emphasis throughout this manuscript has been on 
efficiency, but are we and our brains simply lazy learners? 
We can, of course, think deeply, learn multiple strategies, 
learn extra information that can be incorporated into our 
existing knowledge, but the argument here is that these 
actions come with a greater metabolic cost and, as such, is 
not our immediate response. Such purposeful actions are 
similar to those included in many of the dual-processing 
models, particularly those that concern decision-making 
processes, where comparisons are made between a fast, 
intuitive and affect-dependent system, and another that is 
more analytical, slow and logical (Evans, 2007; Mukherjee, 

2010; Kahneman, 2011). Evidence from the animal lit-
erature has shown that many animals can acquire extra 
information and learn multiple strategies. For example, 
Kamil and Cheng (2001) proposed a multiple heading 
hypothesis that suggests that the more landmarks that 
are available, the more accurate Clark’s nutcrackers tend 
to be in finding a goal. They suggest that all landmarks 
available are encoded. Although the authors themselves 
questioned this in terms of redundancy, they counter 
argued that having accuracy is vital for the birds’ survival 
and also prevents change in landmark availability. But is 
this strategy typical? Indeed, a recent study by the same 
authors (Kelly et al., 2010) concede that perhaps all cues 
are not treated equally with some being relied on more 
than others, depending on the salience of the landmark. 
Furthermore, Kealy et  al. (2008) attempted to examine 
whether animals hold a hierarchy of strategies, an idea 
that suggests that once one strategy has been compro-
mised, another can take its place. The authors found no 
evidence for this and reported that animals were simply 
impaired once the learnt strategy was removed. These and 
other studies show that under certain circumstances, mul-
tiple strategies and extra information can be acquired, but 
this may not be the default position, and it is argued here 
that it would incur extra metabolic costs.

Conclusion
The article attempts to present the idea that learning tries 
to be efficient. From behavioural strategies such as selec-
tivity and use of certain strategies, the general ignoring of 
multiple stimuli in favour of one or two prominent ones, to 
the generalisation of information to different situations, 
all try to minimise effort for the animal. However, for these 
behaviours and others to be truly efficient, all must be 
accompanied by a reduction in metabolic costs that can be 
measured. Furthermore, while learning at the neural level 
may also be represented by a variety of mechanisms, such 
as cellular and system reorganisation, changes in synaptic 
strength, neurogenesis and the promotion of sparseness, 
as well as bringing about an increased accuracy or quicker 
performance, these mechanisms should also be accompa-
nied by reduced metabolic costs for learning to be truly 
efficient.
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