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Key problem: what’s the difference between late and omi�ed?
Solution: many ramps for each interval; some peel off for late.
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Two causal updating rules, requiring knowledge 
only of internal variables, not the actual time T
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γ = w - β  (weight - bias)
C: fixed threshold
T: observed duration

 Try to generalize two learned durations, 1/A and 1/B. Say whether a new, in-
termediate duration is closer to the short or long interval. Classic result is 
that indifference typically occurs at the geometric mean of the two standard 
durations (Church & Deluty, 1977, Stubbs 1968, 1976 ). 
 Achieve this with hyperbolic decay after ramp hits threshold at time t: com-
pute A t, then 1/(A t), as well as B t. If 1/(A t) > B t, then t is closer to A; else t 
is closer to B. Feeding these two quantities into a 2AFC circuit again gives a 
softmax function for choice probability.

 Need to address the perfect balance required for ramping timer: use 
a second-derivative feedback controller for the self-excitatory strength 
of the ramp.
 What about incredibly long intervals? Is it plausible to have firing 
rates in populations be the basis for timing such long durations? Well, 
no, but then again, ANYTHING can ramp up --- ion concentrations, pro-
tein concentrations, all sorts of stuff that has intrinisically much longer 
time constants. So the same math might be able to account for scalar 
invariance across many orders of magnitude.
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 Interval timing – estimating the wait until some event, con-
ditioned on the occurrence of some other event – seems es-
sential to survival. (Where does the lion think the zebra will be 
in 750 msec?)  Clocks are similarly essential to the operation 
of computers, and digital-counter models of timing constitute 
the most influential timing model in psychology, scalar expec-
tancy theory (SET) (Gibbon, 1977). 
 Here we propose an RC-filter (neural network) model of 
timing that is equivalent to a drift-diffusion process. It is an 
analogue, clock-less descendant of SET, and a simplification of 
the earlier ramping models of Durstewitz (2003); Reutim-
man, Fusi & Senn (2004) and Shea-Brown, Rinzel, Rakitin & 
Malapani (2006) . This model consists primarily of a set of 
leaky integrators linked by noisy connections. Proper use of 
positive feedback in these units leads to linearly ramping ac-
tivity at controllable rates. This ramping is consistent with 
anticipatory signals in single-unit recording (e.g., Shadlen & 
Newsome, 2001) and EEG/fMRI data (e.g., Macar & Vidal, 
2003).  It sacrifices biophysical detail in its RC-filter model of 
neural population activity in order to achieve the broadest 
possible account of behavioral findings.
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exciting units with 
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Drift-diffusion-based interval timing with normally distributed 
thresholds produces scalar invariance (Gibbon, 1977)

dx = (w-β) dt +  c dW

Computing derivatives by Euler’s method, using 
the indirect pathway through the basal ganglia
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Temporal discounting of de-
layed rewards can be achieved 
by a diffusion-based choice 
process (Ratcliff, 1978), 
with thresholds determined 
by delay. The constant in the 
denominator arises naturally 
from the bounded firing rates 
in the delay timer circuit.
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If derivatives could be computed instanta-
neously, then 1/D estimates could be used 
to set thresholds to discount reward by 
1/D (with the problem of infinite values at 
D=0). However, limited response rates 
might still suggest 1/(1+D) discounting 
after behavioral fi�ing. Our problem is differ-
ent: can derivatives be computed quickly 
enough to influence choice without under-
matching? Noise and limitations on the re-
sources used to average it out are the limit-
ing factors in fast derivative computation. 

Scalar invariance derives from optimal solution to 
a resource allocation problem: noise is diffusive 
and causes the coefficient of variation to increase 
with duration for pure DDM. In this case, optimal 
noise reduction means reducing noise in the ramp, 
but not so much in the threshold.
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Hyperbolic discounting (Mazur, 1987):
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Neural population 
activity model: 
low-pass filter 
with bounded ac-
tivation function. 

Balancing leak against self-
excitation leads to a drift diffu-
sion model: 


