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Abstract— In an environment that is temporal as well as spatial in nature, the nervous system
of agents needs to deal with various forms of delay, internal or external. Neural (or internal)
delay can cause serious problems because by the time the central nervous system receives
an input from the periphery, the environmental state is already updated. To be in touch with
reality in the present rather than in the past, such a delay has to be compensated. Our ob-
servation is that facilitatory dynamics found in synapses can effectively deal with delay by
activating in an extrapolatory mode. The idea was tested in a modi ed 2D pole-balancing
problem which included sensory delays. Within this domain, we tested the behavior of recur-
rent neural networks with facilitatory neural dynamics trained via neuroevolution. Analysis
of the performance and the evolved network parameters showed that, under various forms
of delay, networks utilizing facilitatory dynamics are at a signi cant competitive advantage
compared to networks with other dynamics.

Keywords— Neural delay, delay compensation, extrapolation, pole balancing, evolutionary
neural networks

1. Introduction

Delay is an unavoidable problem for a living organism, which has physical limits in the speed of signal
transmission within its system. Such a delay can cause serious problems as shown in Fig. 1. During the time a
signal travels from a peripheral sensor (such as the photoreceptor) to the central nervous system (e.g. the visual
cortex), a moving object in the environment can cover a signi cant distance which can lead to critical errors in the
motor output based on that input. For example, the neural latency from visual stimulus onset to the motor output
can be no less than 100 ms up to several hundred milliseconds [1, 2, 3]: An object moving at 40 mph can cover
about 9 m in 500 ms (Fig. 1b).

However, the problem can be overcome if the central nervous system can take into account the neural trans-
mission delay (∆t) and generate action based on the estimated current state S(t + ∆t) rather than that at its
periphery at time t (S(t), Fig. 1c). Such a compensatory mechanism can be built into a system at birth, but such
a  x ed solution is not feasible because the organism grows in size during development, resulting in increased de-
lay. For example, consider that the axons are stretched to become longer during growth. How can the developing
nervous system cope with such a problem? This is the main question investigated in this paper.

Psychophysical experiments such as  ash-lag effect showed that extrapolation can take place in the nervous
system. In visual  ash-lag effect, the position of a moving object is perceived to be ahead of a brie y  ashed object
when they are physically co-localized at the time of the  ash [4, 5, 6, 7, 8]. One interesting hypothesis arising from
 ash-lag effect is that of motion extrapolation: Extrapolation of state information over time can compensate for
delay, and  ash-lag effect may be caused by such a mechanism [5, 9, 10, 11].

According to the motion extrapolation model, a moving object’s location is extrapolated so that the perceived
location of the object at a given instant is the same as the object’s actual location in the environment at that precise
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Figure 1. Interaction between agent and environment under internal delay.

moment, despite the delay. However, the abrupt flashing stimulus has no previous history to extrapolate from,
thus it is perceived in its fixed location. Thus, flash-lag effect occurs due to such a discrepancy in extrapolation.
Furthermore, such an extrapolatory mechanism seems to be ubiquitous in the nervous system. For example, flash-
lag effect has been found in motor performance [12], auditory tasks [13], and in several visual modalities such as
color, pattern entropy, and luminance [14]. The perceptual effect demonstrated in these experiments indicates that
the human nervous system performs extrapolation to align its internal perceptual state with the environmental state
in precise synchrony.

However, the motion extrapolation model has some limitations. For example, humans do not perceive dis-
placement between a flashed object and a moving object when the moving object stops or reverses its direction of
motion at the time of the flash [7]. Another hypothesis, postdiction, suggests that information received in the future
is incorporated into the estimation of a past perceptual event [15, 16]. Postdiction helps explain anomalies near
motion reversal or motion termination where extrapolation model cannot provide an accurate account. Despite
these limitations, motion extrapolation model has desirable properties [17, 9, 18, 19], and we showed in [20] that
the limitation can be overcome.

The question that arises at this point is, how can such an extrapolatory mechanism be implemented in the
nervous system? It is possible that recurrently connected networks of neurons in the brain can provide such a func-
tion, since recurrence makes available the history of previous activations [21, 22]. However, such historical data
alone may not be sufficient to effectively compensate for neural delay since the evolving dynamics of the network
may not be fast enough. Our hypothesis is that for fast extrapolation, the mechanism has to be implemented at a
single-neuron level.

In this paper, we developed a recurrent neural network model with facilitatory neural dynamics (Facilitating
Activity Network, or FAN), where the rate of change in the activity level is used to calculate an extrapolated ac-
tivity level (Fig. 2a). The network was tested in a modified nonlinear two-degree-of-freedom (2D) pole-balancing
problem (Fig. 3) where various forms of input delay were introduced. To test the utility of the facilitatory dy-

Compensating for Neural Transmission Delay Using Extrapolatory Neural Activation Heejin Lim and Yoonsuck Choe

148



t1 t2 t3

A
c
ti
v
a

ti
o
n

v
a

lu
e

Time

a
2

a
3

A(t)

X(t)

t−2 tt−1

∆a(t)

∆a(t−1)

t-2 t-1 t

A
c
ti
v
a

ti
o
n

v
a

lu
e

Time

A(t)

X(t)

�a(t)

(a) Facilitating activity (b) Decaying activity

Figure 2. Facilitating or decaying neural activity.

namics, we compared the network against recurrent neural networks without any single neuron dynamics (i.e. the
Control) and another with a decaying neural dynamics (Decaying Activity Network, or DAN; see Fig. 2b). The
network parameters (connection weight and facilitation/decay rate) were found using the Enforced Subpopulation
algorithm (ESP), a neuroevolution algorithm by Gomez and Miikkulainen [23, 24, 25]. This method allowed us to
analyze the results in two ways: (1) task performance and (2) degree of utilization of particular network features
such as facilitation/decay rate. In all cases, FAN’s performance was the best, and it turned out that high- tness
neurons in FAN utilized the facilitation rate parameter in its chromosome more than the low- tness neurons.

Our overall results suggest that neurons with facilitatory activity can effectively compensate for neural delays,
thus allowing the central nervous system to be in touch with the environment in the present, not in the past. In
the following,  rst, the facilitating and decaying neural dynamics will be derived (Sec. 2). Next, the modi ed 2D
pole-balancing problem will be outlined (Sec. 3) and the results from the modi ed cart-pole balancing problem
will be presented and analyzed (Sec. 4). Finally, discussion and conclusion will be presented (Sec. 5-6).

2. Facilitating and Decaying Neural Dynamics

There are several different ways in which temporal information can be processed in a neural network. For ex-
ample, decay and delay have been used as learnable parameters in biologically motivated arti cial neural networks
for temporal pattern processing [26, 27, 28]. Several computational models also include neural delay and decay as
an integral part of their design [29, 30, 31, 32]. However, in these works, the focus was more on utilizing delay for
a particular functional purpose such as sound localization [32], rather than recognizing neural transmission delay
as a problem to be solved in itself. We introduce delay in the arrival of sensory input to hidden neurons so that each
internal neuron generates its activation value based on the outdated input data (i.e., put the network in the same
condition as the nervous system, which has neural delay).

Recent neurophysiological experiments have uncovered neural mechanisms that can potentially contribute to
delay compensation. Researchers have shown that different dynamics exist at the synapse, as found in depress-
ing or facilitating synapses [33, 34, 35]. In these synapses, the activation level (the membrane potential) of the
postsynaptic neuron is not only based on the immediate input at a particular instant but is also dependent on the
rate of change in the activation level in the near past. These synapses have been studied to  nd the relationship
between synaptic dynamics and temporal information processing [36, 37, 38, 39]. However, to our knowledge,
these mechanisms have not yet been investigated in relation to delay compensation.

Such a mode of activation found in these experiments is quite different from conventional arti cial neural
networks (ANNs) where the activation level of the neurons are solely determined by the instantaneous input and
the connection weight values. For example, in conventional ANNs, activation value Xi(t) of a neuron i at time t
is de ned as follows:

Xi(t) = g


 ∑

j∈Ni

wijXj(t)


 , (1)

where g(·) is a nonlinear activation function (such as the sigmoid function), Ni the set of neurons sending activation
to neuron i (the connectivity graph should be free of cycles), and wij the connection weight from neuron j to neuron
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i. As we can see from the equation, the past activation values of Xi are not available, thus the activation value
cannot be updated based on the rate of change in Xi. An exception to this is recurrent neural networks where past
activation in the network can also have an effect on the present activity [21, 22]. However, in our experimental
results, it turns out that such recurrent dynamics alone is not suf cient to effectively counter the effects of delay
(see Sec. 4.2 for details).

There are at least two ways in which we can introduce temporal dynamics at a single-neuron level. The
activity Xi(t) can be either decayed or facilitated based on its past activation. Let us denote this modi ed activity
as Ai(t) to distinguish it from Xi(t). With this, we can now de ne the decaying and facilitating dynamics in a
continuous-valued neuron (i.e. a  ring-rate neuron).

The activity of a neuron with facilitating synapses can be de ned as follows (for the convenience of notation,
we will drop the index i):

A(t) = X(t) + r(X(t)−A(t− 1)), (2)

where A(t) is the facilitated activation level at time t, X(t) the instantaneous activation solely based on the instan-
taneous input at time t, and r the facilitation rate (0 ≤ r ≤ 1). The basic idea is that the instantaneous activation
X(t) should be augmented with the rate of change X(t)−A(t− 1) modulated by facilitation rate r. For later use,
we will call this rate of change ∆a(t):

∆a(t) = X(t)−A(t− 1). (3)

Eq. 2 is similar to extrapolation using forward Euler’s method where the continuous derivative A′(·) is replaced
with its discrete approximation ∆a(·) [40] (p. 710). Fig. 2a shows how facilitatory activity is derived from the
present and past neural activity. Basically, the activation level A(t) at time t (where t coincides with the environ-
mental time) is estimated using the input X(t − ∆t) that arrived with a delay of ∆t. If the facilitatory rate r is
close to 0, A(t) reduces to X(t), thus it represents old information compared to the current environmental state.
If r is close to 1, maximum extrapolation is achieved. Note that the facilitating equation is different from running
average which tends to smooth out the activation level.

A neuron’s activity with decaying synapses can be calculated as follows:

A(t) = rA(t− 1) + (1− r)X(t), (4)

where A(t) is the decayed activation level at time t, X(t) the instantaneous activation solely based on the current
input at time t, and r the decay rate (0 ≤ r ≤ 1). Thus, if r is close to 0, the equation will reduce to X(t),
becoming identical to Eq. 1 as in conventional neural networks. However, if r approaches 1, the activation at time
t will be close to A(t−1). This is similar to running average, thus it will have a smoothing effect. It is important to
note that the decay rate r, as de ned above, represents how much the decay dynamics is utilized, and not how fast
previous activity decays over time. Fig. 2b shows an example of decaying activation value when r = 0.5. Note that
the equation is essentially the same as Eq. 2, since A(t) = rA(t−1)+(1−r)X(t) = X(t)+r′(X(t)−A(t−1)),
where r′ = −r. So, both equations can be written as:

A(t) = X(t) + r∆a(t), (5)

where −1 ≤ r ≤ 1, and thus the dynamic activation values in the facilitatory or the decaying neurons falls within
the range of X(t)−∆a(t) ≤ A(t) ≤ X(t) + ∆a(t).

The basic idea behind the facilitating and decaying activity dynamics described above is very simple, but it
turns out that such a small change can signi cantly improve the ability of the neural network in compensating for
delay.

3. Experiments

3.1 2D Pole-Balancing Problem with Input Delay

The main domain we tested our idea of extrapolatory neural dynamics was the pole-balancing problem. The
pole-balancing problem has been established as a standard benchmark for adaptive control systems because it is a
nonlinear problem that is easy to visualize and analyze [41]. In the standard task, a cart is allowed to move along
a straight line while trying to keep balanced the pole attached to it. The goal of a controller here is to produce a
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Figure 3. 2D pole-balancing problem.

sequence of force to be applied to the cart to make the pole balanced and to maintain the cart position within a 2D
(x and y axes) plane for an interval.

A more dif cult task than this is the 2D version, where the cart is allowed to move on a 2D plane (Fig. 3).
The state of the cart-environment system at a given instant can be fully described by the cart’s location (cx, cy),
their derivatives over time (ċx, ċy), the con guration of the pole relative to the z and the x axes θz and θx, and
their derivatives over time θ̇z and θ̇x. The standard problem without delay can be solved by feedforward neural
networks when such a full state information is available. However, if the derivatives (velocity) are not available
(i.e. only cx, cy, θz, and θx are given), a recurrent neural network is needed: The recurrent dynamics of the network
can serve as a form of memory from which the velocity information can be recovered.

For our simulations, we made the 2D pole-balancing problem even harder by introducing delay in the four
state inputs cx, cy, θz, and θx (without the velocity information) in different combinations and with different dura-
tions. The purpose of doing this was to simulate conditions where neural conduction delay existed within a system
that is interacting with the environment in real time.

There are two main branches of reinforcement learning methods that effectively solve the pole-balancing
problem: methods that (1) search the space of value functions that assess the utility of behaviors (e.g. temporal
difference approach [42, 43, 44, 45]) and those that (2) directly search the space of behaviors (e.g. neuroevolution
approach [46, 47, 23, 48]). Without explicitly assessing their utility, neuroevolution method directly map obser-
vations to actions and gradually adapts individuals’ (neurons) genotypes. One effective reinforcement learning
method using neuroevolution is the Enforced Subpopulation algorithm (ESP [23, 49]), which showed successful
performance in non-Markovian control problems [25, 24]. In ESP, the connection weights in a recurrent neural
network are determined through evolutionary learning, and instead of full networks, single neurons are evolved
so that best neurons from separate subpopulations can be put together to form a complete network. To test our
hypothesis (i.e., for fast extrapolation, extrapolation has to be implemented at a single-neuron level), we used ESP
as the basis of our simulations. With ESP, the neurons in each subpopulation could evolve independently, and
rapidly specialize into good network sub-functions. With this setup, we can effectively observe how a single neu-
ron, located in a particular position in the network, develops extrapolatory capability. It turns out that two output
neurons which generate force to be applied to cart (i.e. fx and fy in Fig. 4) greatly evolve facilitation rate while
the other neurons do not (cf. Sec. 4.4).

3.2 Experimental setup

For realistic physical modeling with friction, pole balancing behaviors were modeled with fourth-order
Runge-Kutta integration. (See [49] for the full equations of motion). We used a recurrent neural network with  ve
neurons to control the pole cart (Fig. 4). The neurons were fully recurrently connected, and all neurons received
input from four sources: cx, cy , θz , and θx, as introduced earlier in Sec. 3.1 (Fig 3). Two output neurons generated
the force in the x and in the y direction. The optimal values for the con gurable parameters in each neuron were
found through neuroevolution using the Enforced Subpopulation algorithm (ESP). Each neuron was assigned a
chromosome containing the connection weights and optionally the different rate parameters (facilitation rate rf

Neural Information Processing – Letters and Reviews  Vol. 10, Nos. 4-6, April-June 2006

  151



or decay rate rd). The neurons were drawn from  ve populations, each consisting of forty neurons, to randomly
construct a controller network. In each generation, 400 randomly combined networks were evaluated, and the
number of generations was limited to 70. After the  tness evaluation, the neurons showing high  tness were mated
using crossover, and then mutated (mutation rate = 0.7, i.e., 70% of neurons in subpopulation were mutated) to
produce new offspring. The physical parameters for the cart-pole system were as follows: pole length 0.1 m, pole
mass 0.02 kg, tracking area 3 m × 3 m, and applied force limited to the range [−10, 10] N. Due to the dif culty
of the delay problem, a short pole length was used. Fitness was determined by the number of time steps a network
could keep a pole within a speci ed angle from the up-right position (15o) while keeping the cart within a square
boundary. The task was considered solved if a network could do the above for 10,000 time steps (100 seconds)
within 70 generations.

We compared the performance of three different network types (250 experiments each): (1) Facilitating Ac-
tivity Network (FAN), where facilitation rate rf was included as an evolvable parameter as well as the standard
connection weights; (2) Control, which was the baseline ESP implementation where only the weights were evolv-
able; and (3) Decaying Activity Network (DAN), where decay rate rd was evolvable in the same manner as in FAN.
To compare fairly the performance of the three networks, we set parameters other than those in the chromosome
to be equal (e.g. number of neurons, mutation rate, etc.; see above). All weight values and the facilitation/decay
rate parameter values were uniformly randomly initialized between 0.0 and 1.0. Initially, the cart is located in the
center of the 2D boundary (cx = cy = 0.0) and the pole is initialized with a tilt of 0.01 radians (θz = θx = 0.01).
We tested the three networks (FAN, Control, and DAN), as well as the baseline case without delay, under different
internal delay conditions. The results from each experiment are reported in the following section.

fx fy

Cy z xCx

Figure 4. Recurrent neural network for pole balancing.

4. Results

4.1 Neural activation and general behavior

First, we compared the neural activity in the three networks to generally characterize the effects of adding
facilitation/decay in the neural dynamics in the network. In these experiments, all four inputs were given with
a 1-step (10 ms) delay beginning from 50 and lasting at 150 evaluation steps within each individual trial. (The
results were similar for other delay conditions.) Fig. 5 shows the neural activities of an output neuron (top left
unit in Fig. 4) from three different networks. The activities of the other output neuron (top right in Fig. 4) showed
similar patterns as in Fig. 5 (data are not shown here). The results from all three networks are from successful
trials. However, the activity traces are markedly different. DAN produced an on-going, noisy, and high-amplitude
oscillation in its neural activity (Fig. 5a). Compared to DAN, the Control showed less noise but the oscillation
had a relatively high amplitude (Fig. 5b). FAN, on the other hand, initially showed a large  uctuation (not shown),
but quickly settled to a very stable low-amplitude oscillation, and maintained the stability (Fig. 5c). These results
suggest that even though extrapolation is generally known to be unstable, if used in a short term, and sparingly, it
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Figure 5. Activation level of output neurons.
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Figure 6. Cart trajectories under input delay condition.

can help faster convergence to a stable state in tasks with delay.
The next step is to compare the overall behavior of the cart under the three different controller networks. The

delay condition was the same as above. We traced the cart trajectories to gain insight into how the differing neural
dynamics translate into the behavior of the cart (Fig. 6). Note that the relative scale of the x- and the y-axis is
same in the three plots (a) to (c) while they are different in the three plots (d) to (f ) for a better view of the cart
behavior (that is, (a) to (c) show the same data as (d) to (e), at a different scale). The cart trajectory in DAN was
erratic and involved large motions, re ecting the noisy high-amplitude oscillation seen in its activation (Fig. 6a,
d). The Control on the other hand had a wiggly trajectory (Fig. 6b, e). However, FAN had a trajectory with a very
small footprint that was also very smooth (Fig. 6c, f ), suggesting that the facilitating dynamics in single neurons
contributed to a more accurate control of the cart. Other successful trials showed similar relative difference in
behavior (data not shown).

4.2 Performance under different input delay conditions

To test the ability of the three networks in delay compensation, we conducted experiments under different
delay conditions: (1) without delay, (2) with a uniform amount of delay for all input sources (cx, cy, θz , and θx) for
a  x ed, limited period of time during each run, (3) delay in θz , and (4) delay in θx throughout the entire duration
of each run. Fig. 7 summarizes the results under these different experimental conditions.

In experiment 1, the base case, we tested the standard task without any delay. Under this condition, FAN
had an average success rate of 0.76 (average of success rates from 5 sets, each set consisting of 50 trials), the best
performance compared to the two other controllers (t-test, p < 0.001, n = 5 sets). The Control did fairly well
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Figure 7. Success rate under different delay conditions.

(success rate 0.62), while DAN showed the lowest success rate (0.17). It is interesting to note that even without
delay, FAN showed the best performance. These results establish a benchmark against which the more dif cult
tasks below can be assessed.

In experiment 2, all sensor inputs were delivered with one step delay (10 ms) in the middle of the evaluation,
beginning from 50 iterations and lasting until 150. Note that this is a dif cult task because all the inputs are
delayed. If the delays were introduced from the beginning or if they lasted longer than 100 iterations, performance
in all controllers signi cantly degraded. For this delay condition, again FAN did the best (t-test, p < 0.005, n = 5).
An important observation at this point is that FAN was more robust than the two other controllers. In case of FAN,
the success rate decreased by 32% from that in experiment 1, the base case. However, the Control degraded by
48%, and DAN by 82%. These results indicate that the facilitatory dynamics in FAN is effective in compensating
for delay.

In experiment 3 and 4, one step delay in either θz or θx was introduced throughout each trial (Fig. 7, 3rd
and 4th experiments from the left). Note that in these experiments, the delay in these two inputs persisted over the
entire trial, unlike in experiment 2. Since all inputs except for one of θz or θx were received on time, the controllers
were able to maintain some balance (for FAN and the Control). However, DAN totally failed in both experiments
(thus the results are not reported in Fig 7). As for the successful controllers, FAN signi cantly outperformed the
Control under both conditions (t-test, p < 0.002, n = 5). An interesting trend in these results is that the delay in θz

had a more severe effect on the performance than the other input data did. This was somewhat expected, because
θz is the angle from the vertical axis, and that angle was used to determine whether the pole fell or not (pole is
considered down if θz > 15o).

Another interesting question is how fast these networks learn to balance the pole. For this we compared
the number of generations each of the three controllers took to successfully balance the pole for the  rst time.
For each controller, 250 evolutionary trials (5 sets of 50 trials each) were run where each trial was limited to 70
generations beyond which the controller was treated as failed. The results are summarized in Fig. 8 for experiments
1 to 4. FAN required the least number of generations before successfully balancing the pole in all cases (t-test,
p < 0.0002, n = 5) except for experiment 3 (delay in θz) where no difference was found between FAN and the
Control (p = 0.84). As before, DAN could not learn in the time limit of 70 generations for experiments 3 and 4,
thus the results are not reported here.

In summary, facilitatory activation in single neurons signi cantly improved the ability of cart controllers
to compensate for transmission delay within the system. Also, such a facilitatory dynamics allowed for faster
learning. The failing performance of DAN is in itself an interesting phenomenon. Decay can be seen as a form
of memory, where traces of activity from the past linger on in the present activity, thus we may expect it to be
bene cial. However, it turns out that such a form of memory (it can also be seen as a form of smoothing) does
not contribute to delay compensation, and actually make things even worse. The results also show that additional
computation (as in decaying dynamics) does not always help improve performance. Our experimental results
suggest that extrapolation, anticipation, and prediction, which are characteristics of facilitatory dynamics, may be
serving an important role in delay compensation.
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Figure 9. Effect of increased delay and blank-out duration.

4.3 Increased delay and blank-out duration

As a biological organism grows, its size increases and thus the neural processing delay increases as well. How
can the nervous system cope with the increase in neural delay? Although certain tasks such as synchronization
over a delay line can be achieved via Hebbian learning [50], little is known about how information content can be
delivered over a delay line in a timely manner.

To test whether FAN can maintain performance under increasing delay, we increased the delay from 10 ms
(1 step) to 30 ms (3 steps) across evolutionary trials. In this experiment, θz was delivered with delay, beginning
from 50 steps and lasting until 150 steps within each trial. The performance results were compared to those of the
Control and of DAN. The results are reported in Fig. 9a. As can be seen here, FAN showed a slower degradation
in performance compared to other controllers as delay increased.

Finally, an interesting question is if facilitatory activity can counteract delay in the external environment.
Suppose a moving object goes behind another object (i.e. occluding event). Until that moving object comes out
again, the input may be unavailable. In fact, humans are known to be good at dealing with such a “blank out” of
input in the external environment. Mehta and Schaal conducted “virtual pole” experiments where human subjects
were asked to balance the pole on the computer screen where the input was blanked out for up to 600 ms at a
time [51]. They proposed that internal forward model exists in the central nervous system which can extrapolate
the current input into the future state based on the past input (see Sec. 5 for more discussion). It is conceivable that
facilitatory dynamics can help in this kind of situation as well. To test if this is the case, we conducted another
experiment where input was blanked out for a short period of time, analogous to an occlusion event as sketched
above.

We assumed that the neurons would maintain steady-state  ring during the blank-out so that the neurons will
remain signaling their last-seen state. Thus the input data last seen immediately before the blank-out were fed
into the neurons during the blank-out period (blank-out period was introduced once the network reached 500 steps

Neural Information Processing – Letters and Reviews  Vol. 10, Nos. 4-6, April-June 2006

  155



 0

 0.2

 0.4

 0.6

 0.8

 1

 0  20  40

D
ec

ay
 ra

te

Sorted neuron index

 0

 0.2

 0.4

 0.6

 0.8

 1

 0  20  40

D
ec

ay
 ra

te

Sorted neuron index

(a) DAN: Initial state (b) DAN: Final state

 0

 0.2

 0.4

 0.6

 0.8

 1

 0  20  40

Fa
ci

lit
at

io
n 

ra
te

Sorted neuron index

 0

 0.2

 0.4

 0.6

 0.8

 1

 0  20  40

Fa
ci

lit
at

io
n 

ra
te

Sorted neuron index

(c) FAN: Initial state (d) FAN: Final state

Figure 10. Evolved decay rate and facilitation rate.

of balancing.) As shown in Fig. 9b, FAN showed again higher performance than other controllers. Compared to
the Control network, FAN showed slow decrease of performance by 50 steps and this trend is very similar to the
sustainable blank-out period observed in humans [51]. In summary, experiments with increasing internal delay and
blank-out duration have shown that FAN can effectively deal with increasing delay during growth, and also that
the same mechanism can be utilized in dealing with external delay just as well.

4.4 Contribution of facilitation/decay rate

The performance results reported in the previous sections suggest that the facilitation rate rf coded in the
gene of the FAN controller serves a useful purpose. To verify if indeed the rate parameters are being utilized,
we can look at the evolution of these parameters over generations. Fig. 10 shows an example from a single run
that shows evolution of the rate parameters in FAN and DAN. The x-axis represents the index of the neurons in
a subpopulation sorted by their  tness values, and the y-axis the decay or facilitation rate. Initially, the rates are
uniformly randomly distributed between 0 and 1 (Fig. 10a and c). However, the rates in the  nal generation look
markedly different in FAN vs. DAN. In case of FAN, the top-performing individuals (those on the left) have a
high facilitation rate, near 1 (Fig. 10d). This means that extrapolation is pushed to the max (Eq. 2), suggesting
that neuroevolution tried to utilize the facilitating dynamics as much as possible. However, for DAN, the top-
performers have very low decay rate (near 0, Fig. 10b), suggesting that previous activity is not being utilized at all
(Eq. 1). In other words, decay dynamics does not contribute at all in task performance, and neuroevolution tried to
minimize its effect by decreasing the decay rate to 0. (Low decay rate means low utilization of historical activation
values: see Sec. 2.)

Fig. 11 shows the change in the rate parameter distributions from the initial generation (initial state: the group
of bars on the left in Fig. 11a and b) to the  nal generation ( nal state: the group of bars on the right in Fig. 11a and
b). Fig. 11a shows the distribution of evolved decay rate rd from successful DAN (3.5 successful trials out of 50
trials on average: 144 neurons = 3.5 × 40). We can observe that in the initial state, the rd are uniformly randomly
distributed across the subpopulation, but after evolution, the successful networks show an increased number of
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Figure 11. Distribution of evolved decay rate and facilitation rate from DAN and FAN.

neurons that have low rd. In FAN, on the contrary, the successful networks (18 out of 50 trials on average: 720
neurons = 18 × 40) show an increased number of neurons that have high rf in the  nal state (cf. Fig. 10c, d).

In sum, decaying activity (a form of memory alone) does not contribute in delay compensation, but proper
amount of extrapolation based on the memory can signi cantly help overcome the delay. Thus, facilitatory neu-
ral dynamics can be an effective way of keeping an organism’s internal state aligned with the environment, in
the present. Finally, the adaptability of these dynamics can contribute in dealing with the growth of individual
organisms as well as coping with external delay as shown in Fig. 9.

5. Discussion

The main contribution of this paper was to propose a biologically plausible neural mechanism at a single-
neuron level for compensating for neural transmission delay. We developed a continuous-valued neuron model
utilizing extrapolatory dynamics which was able to perform robustly under internal sensory delay in the 2D pole-
balancing task. Because the extrapolation occurs at the cellular level, delay compensation is achieved faster than
when it is done at a network level. Our experiments showed that a recurrent neural network with facilitatory single
neuron dynamics took less time to learn to solve the delayed pole-balancing problem and showed higher perfor-
mance than the networks having only recurrent network dynamics. It is possible that the superior performance
of FAN is due to a momentum effect. Actually, extrapolation and momentum are closely related. According to
Finke et al. [52], the brain has an internal mechanism called representational momentum (analogues to physi-
cal momentum) and with it the organism performs mental extrapolation when it perceives moving objects. (See
[53, 54, 55, 17] for more about representational momentum.)

In this paper, we used continuous-valued neurons where the neural activity was represented as a single real
number. However, biological neurons communicate via spikes, so the biological plausibility of the simulation
results above may come under question. What could be a biologically plausible way to implement such a facili-
tatory dynamics introduced in Eq. 2? One potential instrument is the synaptic dynamics of facilitating synapses
found in biological neurons (as we brie y mentioned in Sec. 2). These synapses generate short-term plasticity
which shows activity-dependent decrease (depression) or increase (facilitation) in synaptic transmission occurring
within several hundred milliseconds from the onset of activity (for reviews see [56, 37, 35]). Especially, facilitating
synapses cause augmentation of postsynaptic response through increasing synaptic ef cac y with successive presy-
naptic spikes. Preliminary results for this idea can be found in [20]. As we mentioned earlier, the facilitation rate
may be an adaptable property of neurons, thus the rate may be adjusted to accommodate different delay durations.
That way, the organism with delay in its nervous system can be in touch with the environment in real time.

Another question at this point relates to the extrapolatory capacity of facilitating neural dynamics. Extrap-
olation is usually related to prediction of the future from information from the present. However, in the nervous
system, due to the neural transmission delay, extrapolation may have to be used to predict the present based
on past information. Prediction or anticipation of future events is an important characteristic needed in mobile,
autonomous agents [57, 58]. Also, as Llinás observed in [59] (p. 3), such projection into the future may be
a fundamental property of “mindness”. One prominent hypothesis regarding prediction is the internal forward
model [60, 61, 51, 12]: Forward models existing in various levels in the nervous system are supposed to produce
predictive behaviors which are based on sensory error correction. Internal forward models were suggested from an
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engineering point of view, where the sensory motor system is regarded as a well-structured control system that can
generate accurate dynamic behaviors. Even though theoretical mechanisms similar to Kalman  lter methods were
suggested [62, 51, 63], the precise neural basis for the forward models have not been fully investigated. General
discussion of the role of prediction in brain function can be found in [64] and [59]. However, they did not relate
this predictive ability to the idea of delay compensation. From our perspective, these predictive mechanisms are
predicting the present, not predicting the future. An interesting question is, is it possible that neural mechanisms
that initially came into use for delay compensation could have developed further to predict future events?

Recently, several brain imaging studies provided supporting evidence for the existence of internal forward
models in the nervous system [65, 66, 67, 68]. However, these results did not suggest what could be the neural
substrate. Thus, it may be worthwhile investigating how such abilities in autonomous agents may be related to
facilitatory dynamics at the cellular level. The input blank-out experiment conducted in Sec. 4.3 is a  rst step in
this direction, where delay compensation mechanisms evolved to deal with internal delay can be directed outward
to handle environmental delay and uncertainty.

Time delay has been recognized as one of the main problems in real-time control systems, robotics and tele-
operation systems. Various experimental and mathematical methods have been proposed to solve the problem of
delay because process delay may cause severe degradation of stability and performance in target systems. On the
other hand, neural transmission delay in the biological organisms also has been identi ed [69] and some researchers
have investigated natural delay compensation mechanisms and tried to translate those into mathematical models
(for reviews see [70, 60]).

In our research, we focused on the dynamics of single neurons only. In principle, extrapolation can be
done at a different level such as the local circuit level or large-scale network level. However, our view is that to
compensate for delays existing in various levels in the central nervous system and to achieve faster extrapolation,
the compensation mechanism needs to be implemented at the single-neuron level [71].

6. Conclusion

In this paper, we have shown that facilitatory (extrapolatory) dynamics found in facilitating synapses can be
used to compensate for delay at a single-neuron level. Experiments with a recurrent neural network controller in a
modi ed 2D pole-balancing problem with sensory delay showed that facilitatory activation greatly helps in coping
with delay. The same mechanism was also able to deal with uncertainty in the external environment, as shown in
the input blank-out experiment. In summary, it was shown that facilitatory (or extrapolatory) neural activation can
effectively deal with delays inside and outside the system, and it can very well be implemented at a single-neuron
level, thus allowing a developing nervous system to be in touch with the present.
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[36] T. Natschläger, W. Maass, and A. Zador, “Ef cient temporal processing with biologically realistic dynamic
synapses,” Network: Computation in Neural Systems, vol. 12, pp. 75–87, 2001.

[37] E. S. Fortune and G. J. Rose, “Short-term synaptic plasticity as a temporal  lter ,” Trends in Neurosciences,
vol. 24, pp. 381–385, 2001.

[38] G. Fuhrmann, I. Segev, H. Markram, and M. Tsodyks, “Coding of temporal information by activity-dependent
synapses,” Journal of Neurophysiology, vol. 87, pp. 140–148, 2002.

[39] G. Silberberg, C. Wu, and H. Markram, “Synaptic dynamics control the timing of neuronal excitation in the
activated neocortical microcircuit,” The Journal of Physiology, vol. 556, pp. 19–27, 2004.

[40] W. H. Press, B. P. Flannery, S. A. Teukolsky, and W. T. Vetterling, Numerical Recipes in FORTRAN: The Art
of Scienti c Computing, 2nd ed. Cambridge, UK: Cambridge University Press, 1992.

[41] C. W. Anderson, “Learning to control an inverted pendelum using neural networks,” IEEE Control Systems
Magazine, vol. 9, pp. 31–37, 1989.

[42] R. S. Sutton, “Learning to predict by the methods of temporal differences,” Machine Learning, vol. 3, pp.
9–44, 1988.

[43] S. Schaal, “Learning from demonstration,” in The Proceedings of the Advances in Neural Information Pro-
cessing Systems (NIPS 1997), M. C. Mozer, M. Jordan, and T. Petsche, Eds. Cambridge, MA: MIT Press,
1997, pp. 1040–1046.

[44] K. Doya, “Reinforcement learning in continuous time and space,” Neural Computation, vol. 12, pp. 219–245,
2000.

[45] J. Si and Y.-T. Wang, “On-line learning control by association and reinforcement,” IEEE Trans. Neural Net-
works, vol. 12, pp. 264–276, 2001.

[46] X. Yao, “Evolving artici al neural networks,” Proceedings of the IEEE, vol. 87, pp. 1423–1447, 1999.
[47] K. O. Stanley and R. Miikkulainen, “Ef cient reinforcement learning through evolving neural network

topologies,” in Proceedings Genetic and Evolutionary Computation Conference (GECCO). IEEE, 2002,
pp. 1757–1762.

[48] D. E. Moriarty, “Ef cient reinforcement learning through symbiotic evolution,” Machine Learning, vol. 22,
pp. 11–32, 1997.

[49] F. Gomez, “Robust non-linear control through neuroevolution,” Ph.D. dissertation, Department of Computer
Science, The University of Texas at Austin, Austin, TX, 2003, Technical Report AI03-303.

[50] C. W. Eurich, K. Pawelzik, U. Ernst, A. Thiel, J. D. Cowan, and J. G. Milton, “Delay adaptation in the
nervous system,” Neurocomputing, vol. 32-33, pp. 741–748, 2000.

[51] B. Mehta and S. Schaal, “Forward models in visuomotor control,” Journal of Neurophysiology, vol. 88, pp.
942–953, 2002.

[52] R. A. Finke and G. C. Gary, “Mental extrapolation and representational momentum for complex implied
motions,” Journal of Experimental Psychology: Learning, Memory, and Cognition, vol. 14, pp. 112–120,
1988.

[53] J. J. Freyd and R. A. Finke, “Representational momentum,” Journal of Experimental Psychology: Learning,
Memory, and Cognition, vol. 10, pp. 126–132, 1984.

[54] J. J. Freyd and J. Q. Johnson, “Probing the time course of representational momentum,” Journal of Experi-
mental Psychology: Learning, Memory, and Cognition, vol. 20, pp. 259–286, 1987.

Compensating for Neural Transmission Delay Using Extrapolatory Neural Activation Heejin Lim and Yoonsuck Choe

160



[55] M. P. Munger and T. R. Owens, “Representational momentum and the  ash-lag effect,” Visual Cognition,
vol. 11, pp. 81–103, 2004.

[56] J. Liaw and T. W. Berger, “Dynamic synapse: Harnessing the computing power of synaptic dynamics,”
Neurocomputing, vol. 26-27, pp. 199–206, 1999.
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