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Estimating time with neural networks
The proper response to an ever-changing environment depends on the ability to quantify elapsed time, memorize 
short intervals and forecast when an upcoming experience may occur. A recent study describes the encoding 
principles of these three types of time using computational modelling.

Hugo Merchant and Oswaldo Pérez

Conduct occurs through time 
and the brain actively computes 
temporal information depending 

on behavioural contingencies. This is 
particularly true on the scale of hundreds 
of milliseconds, where we extract the 
temporal structure of stimuli, memorize 
a duration, anticipate events and move 
predictively at the appropriate time. These 
skills are critical for much of our behaviour 
and cognitive processing, including sports 
performance and the appreciation and 
execution of music and language1. Once a 
temporal context is learned, three different 
times can be flexibly computed: (1) sensing 
time, corresponding to the interval that has 
passed since a previous event; (2) memory of 
time, which is the duration kept in working 
memory for subsequent use; and (3) time 
prediction, which implies the anticipation 
of a sensory or motor experience. Writing 
in the Proceedings of the National Academy 
of Sciences, Zedong Bi and Changsong 
Zhou2 recently published a paper where they 
trained recurrent neural networks (RNNs) 
in different timing and non-timing tasks and 
revealed the neural population dynamics 
behind the computation of the three 
forms of time. These temporal processing 
principles can potentially be used to develop 
new machine learning algorithms that put 
emphasis on the timing dimension.

The authors use the projection of 
high-dimensional individual neural activity 
in the network into a low-dimensional 
state space to study neural computational 
principles of timing. Previous computational 
and neurophysiological studies have used 
this encoding-through-dynamics approach 
to uncover the basic organizing principles 
at the level of neural population activity 
that underlies behaviour, which seem to 
be extremely complex using individual 
neurons3,4. Thus, Bi and Zhou found 
that a stereotypical trajectory in the state 
evolution of population activity is triggered 
by a first stimulus, and the sensing of time 
depends on the position of the trajectory 
at the occurrence of the second event. This 
observation goes along with experimental 

and modelling data that support the 
notion that chronometring elapsed time 
is an intrinsic computational ability of 
every recurrent circuit, where input events 
change the neural population dynamics 
in a history-dependent manner5,6. At the 
single-cell level, sensing time depends on 
ramping activity whose peak increases with 
the time passed7.

Next, these authors found that RNNs 
maintain an interval in working memory 
as the position of the neural trajectories 

along a linear manifold. The single-cell 
scheme of encoding durations in memory 
is determined by computing the activity 
of cells at the memory manifold, where 
interval-tuned cells showed a monotonic 
increase or decrease of the firing rates as 
a function of the memorized duration 
magnitude. No empirical work has described 
the neurophysiological representation of 
memory of time during task performance, 
although a similar single-cell encoding 
strategy is followed in the frontal lobe to 
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Fig. 1 | Neural population encoding principles of time processing. a, Neural state dynamics for 
temporal processing. The network shows a stereotypical trajectory whose final position determines 
the sensed elapsed time, maintains in memory the time interval as the position of the trajectory in a 
memory manifold, and anticipates an upcoming event following a temporal scaling scheme converging 
in the prediction attractor for all durations. b–d, These neural computations are present during timing 
tasks (b), combined timing with non-timing tasks (c), and during non-temporal tasks that possess an 
important time anticipation element or high temporal complexity (d). Note that an emergent property 
of the network in the combined tasks (c) is that temporal (sensing and predicting) and non-temporal 
(space and categorical decision) information is coded in subspaces that are isomorphic and orthogonal 
to each other.
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keep the frequency of a fluttering tactile 
stimulus in working memory8.

Time prediction is encoded in neural 
networks as a change in the speed of 
isomorphic state trajectories, following a 
temporal scaling principle. Thus, neural 
trajectories are stretched for short intervals 
or compressed for long intervals but arrive 
to the same prediction attractor. Neural 
recordings in behaving non-human primates 
have shown that the profiles of single-cell 
activity and population neural trajectories 
are temporally scaled to match the produced 
intervals9. Therefore, the population state 
during predictive timing indicates the 
traversed proportion of an interval, defining 
a relative timing framework that contrasts 
with the absolute sensing of time. Crucially, 
the relative timing dynamics support the 
remarkable flexibility of behaviours, such as 
athletes speeding or slowing their execution 
of movements.

Notably, Bi and Zhou trained RNNs 
using back propagation through time in 
many timing and non-timing tasks and 
found the same neural encoding principles 
of the three times among paradigms. Two 
timing tasks were used. In the motor task, 
the network reproduced a previously 
presented interval after a delay by generating 
two consecutive responses, whereas in the 
perceptual task, the neural network was 
required to decide which of two consecutive 

intervals, separated by a delay, is longer. In 
both contexts, the networks used the neural 
population code for sensing time during 
the first interval, keeping time in memory 
during the delay, and then predicting the 
time to reproduce or compare intervals. 
Furthermore, networks depicted the 
same computations for the three times 
during space–time reproduction and 
timed categorical decision paradigms. An 
emergent property of the network in these 
combined tasks is that temporal (sensing 
and predicting) and non-temporal (space 
and categorical decision) information is 
coded in subspaces that are isomorphic  
and orthogonal to each other. Although  
such coding geometry facilitates the 
decoding generalizability across time 
and space, it goes against the notion that 
a common magnitude representation 
(time, space and number) occurs in the 
parieto-frontal circuit10.

As a final point, these authors also 
trained RNNs on a family of non-temporal 
tasks and discovered that computing time 
prediction is a critical neural element in 
every behavioural context where sensory 
or motor events can be anticipated11. 
Overall, this interesting study provides 
specific predictions on how the three times 
are processed by neural networks across 
different temporal and non-temporal 
contexts, which in turn can be tested 

in well-designed neurophysiological 
experiments. Moving forward, the neural 
computations behind temporal processing 
in its three forms should be key for new 
developments in artificial intelligence and 
machine learning (Fig. 1). ❐
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