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Abstract. Inspired by the neurons’ diﬀerences in membrane time-scales,
the multiple timescale recurrent neural network model (MTRNN) adopts
the hierarchical architecture with increasing time-scales from bottom to
top layers. Based on this idea, the recent adaptive and continuous time
recurrent neural networks (ACTRNN) and the gated adaptive continuous time recurrent neural network (GACTRNN) develop the novel learning mechanism on the time-scales. In this paper, we test the performance
of GACTRNN using the dataset obtained from a real-world humanoid
robot’s object manipulation experiment. By using trainable timescale
parameters with the gating mechanism, it can be observed that the GACTRNN can better learn the temporal characteristics of the sequences.
Besides, to eliminate the eﬀects of parameters’ overgrowing with a large
data-set, we improve the GACTRNN model and propose the MATRNN
model. In this model, the sigmoid function is used instead of exponential
function. We compare the performances of the CTRNN, GACTRNN and
MATRNN models, and ﬁnd that the GACTRNN and MATRNN models
perform better than the CTRNN model with the large-scale dataset. By
visualizing the timescales adapting in the training process, we also qualitatively show that the MATRNN model performs better than the GACTRNN model in terms of stability with the dataset.
Keywords: Recurrent neural network · Adaptive timescale
Membrane time constants · Developmental robotics
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Introduction

Neurons process information with adaptively converting complex entities (e.g.
information comes from motor actions to semantic meanings) into smaller elements in the sequential sequences. Such elements, when learnt in the neural
populations, can be further reused to form new complex entities or to understand the sensory information when needed. The idea underlying this process
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was proposed by Arbib called “schema theory” [1], and based on the above capability, a brain system can divide any complex information entity into primitives
and reuse them is broadly deﬁned as functional hierarchy [2,5,6,11]. The functional hierarchy in the large-scale brain networks allows the human brain to
cope with sequential processes with diﬀerent levels of granularity of sensorimotor sequences. However, how this mechanism could be implemented in artiﬁcial
neural system is not clear. Furthermore, another related challenge is that how
can the brain system determine the levels of granularity of such primitives in
the sequences, in order to make the encoding in the most eﬃcient way.
The Recurrent Neural Network (RNN) models may be useful to model the
recurrent and feedback connections which contribute a lot of the connections in
the hierarchical brain [20]. The Long Short-Term Memory (LSTM) [12] and the
Gated Recurrent Unit (GRU) [3] are two of the most common RNN variants
with gating mechanisms in the state-of-the-art machine learning community.
Both of them use particular architectural constraints called gating mechanisms
which can alleviate the vanishing gradient problem of original RNNs and help
the recurrent networks to learn both the short-term dependencies and long-term
dependencies of the data. Nevertheless, with the lack of modeling the critical
mechanisms of the neural dynamics in the biological brain, the above RNN
variants are not suﬃcient to build biologically inspired neural systems. To mimic
the mechanism of functional hierarchy in neural system at the level of neural
dynamics, multiple timescale recurrent neural network (MTRNN) [19] model
was proposed. Adopting the concept of time-scale, it can capture the information
of sequential data on diﬀerent timescales by manually-set time-scales. Besides,
inspired by the idea that time constants in the brain are subjects to change
during development [8], Heinrich et al. proposed the adaptive and continuous
time recurrent neural networks (ACTRNN) [10], and its improved version, the
gated and adaptive continuous time recurrent neural networks (GACTRNN) [9].
In the original paper of GACTRNN, the proposed model has shown its potential to learn the temporal characteristics on multiple timescales from sequential
data, but the paper did not involve an experiment with larger data sets that
show distinct and highly complex multi-timescale dependencies such as sensorimotor sequences from robot behavioral data. On the other hand, interaction
of a humanoid robot with a physical embodiment is important if we would like
to use the neural network to model certain cognitive functions [15,18]. In this
paper, we will ﬁll such a gap using a set of multi-modal data containing sensorimotor sequences of a robotic manipulation experiment as training data. We
use CTRNN model as the baseline, compare the performance of the CTRNN
model, the GACTRNN model and the MATRNN model. The adaptive process
of the timescales is also visualized to investigate what the models learn from the
sequential data with complex temporal characteristics. By this way, we prove
that the MATRNN model performs better than the GACTRNN model in terms
of timescale adaptation in more challenging cases.
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Models
Continuous Time Recurrent Neural Network Model

Continuous time recurrent neural network (CTRNN) is the main component
of the MTRNN model. It is derived from the leaky integrate-and-ﬁre model
and thus from a simpliﬁcation of the Hodgkin-Huxley model. Afterwards, the
network architecture was initially developed by Hopﬁeld and Tank [13] as a nonlinear graded-response neural network. Later Doya and Yoshizawa [4] developed
an adaptive neural oscillator based on previous work. The transformation and
activation functions for the CTRNN units are as below:


1
1
(Wx + Vyt−1 + b)
(1)
zt−1 +
zt = 1 −
τt
τt
yt = f (zt )

(2)

where x is the input, zt−1 is the previous internal state, W and V are the
weights, b is the bias and f (·) is the activation function. The timescale parameter
τt expresses the leakage within a certain time, which is biologically plausible.
When the value of τt is large, the activation will change slowly. Conversely the
activation will change quickly when the value of τt is small [19].
2.2

Gated Adaptive Continuous Time Recurrent Neural Network
Model

Compared with the CTRNN model, in the gated adaptive continuous time recurrent neural network (GACTRNN), the timescales are no longer hyperparameters
that are determined by means of empiricism. Instead they are trainable parameter determined by the learning mechanism. The adaptive and gating timescales
mechanisms of the GACTRNN model are implemented by the computation of
the timescale parameter as follows:
τ t = 1 + exp (Hx + Gyt−1 + a + τ 0 )

(3)

where x and y are deﬁned the same as the CTRNN, τ t is the timescale parameter
at time t, H and G are the weights which simulates the gating on the neuron’s
leakage characteristic, a is the bias, τ 0 is a vector that can be deﬁned as initial
values of the timescales.
2.3

Multiple Adaptive Timescale Recurrent Neural Network Model

It can be noticed that the value range of the timescale parameter in the GACTRNN model is [1, +∞]. The inﬁnity timescale is not we expect in most cases.
Therefore, in this paper, we propose a novel model called the multiple adaptive timescale recurrent neuron network (MATRNN), to eliminate this problem
by changing the activation function so that the timescale parameter can hierarchically adapt and will not obtain any unexpected values during the training
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process. The computation for the timescale parameter of the MATRNN model
is as follows:
(4)
τ t = 1 + τ 0 ⊗ sigmoid (Hx + Gyt−1 + a)
Where ⊗ indicates the element-wise multiplication and the other parameters are
similar to the GACTRNN model.

3

Experiment

3.1

Experiment Dataset

The dataset we use is from the object manipulation experiment on the iCub
robot [14], recorded by Zhong et al. [21]. The iCub robot is a child sized
humanoid robot, built as an open humanoid platform for cognitive and neuroscience research [17]. This training data includes two parts of information:
semantic commands and sensorimotor information. The semantic command part
is composed of two discrete words: 9 actions and 9 objects are used to form 81
possible combinations, which are represented by discrete values, as shown in
Table 1. The sensorimotor information part of training data, which includes
object location (neck and eyes) and torso joints of the iCub robot, is the recording of a complete movement sequence of the corresponding semantic command.
Table 1. Look-up table of verbs and nouns for the data sets: the instructor showed
the robot with diﬀerent combinations of the 9 actions and 9 objects
Actions

Slide left Slide right Torch Reach Push Pull Point Grasp Lift

Verb values

0.0

0.1

0.2

0.3

0.4

Objects

Tractor

Hammer

Ball

Bus

Modi Car Cup

Cubes Spiky

0.1

0.2

0.3

0.4

0.7

Noun values 0.0

3.2

0.5
0.5

0.6
0.6

0.7

0.8
0.8

Case 1: Basic Mode

The purpose of this case is to enable the models to learn speciﬁc semantic commands and corresponding action sequences through training process. The input
data and ground truth of our experiment are both training data.
To get a fair comparison, the same architecture with the same parameters are
used for the three models. We selected the hyperparameters that perform well in
the model after a brief hyperparameter search experiment. In our experiments,
we deﬁned networks with one hidden layer, which consists of (43, 30, 20, 10) neurons (4 modules) where recurrent connections are only connected to neighboring
modules (adjacent connectivity [9]). All hidden neurons were densely (fully) connected to the input and activated with a tanh function. Besides, our experiment
has the initial timescales of (1, 35, 70, 125), and a learning rate of 0.001 using
Adam optimization algorithm for training over 5, 000 epochs. During training,
the loss was calculated by the Mean Squared Error (MSE).
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Fig. 1. Training curves of the three models. The three training curves are from three
experiments with the same hyperparameters. In order to better show the details, we
only select the data of the ﬁrst 500 epochs for illustration.
Table 2. Performance of the three models
Experiment1 Experiment2 Experiment3 Average
CTRNN

3.12E−04

3.49E−04

2.72E−0.4

3.11E−04

GACTRNN 1.78E−04

1.81E−04

1.60E−04

1.73E−04

MATRNN

1.93E−04

1.71E−04

1.80E−04

1.76E−04

To eliminate the eﬀect of randomness, three experiments were done with the
same parameters. The performance of these three models is shown in Table 2,
and the training curves of the models are illustrated in Fig. 1. In the above
experiments on the multi-modal data, the GACTRNN and MATRNN model
perform a bit better in terms of error, although each model generates a low error.
Next, the adaptive process of the timescale parameters is visualized to explore
more information during the training process, as shown in Fig. 2 and Fig. 3. We
can see that compared with the CTRNN model using pre-determined timescales,
the timescale parameters in GACTRNN and MATRNN are constantly changing
with the increasing of epoch and ﬁnally have a tendency to converge to a certain
distribution. So in this basic mode, the adaptation of the timescale parameters
in the GACTRNN and MATRNN models performs well, which has the potential
to simulate the adaptation process of the timescale in the neuron.
3.3

Case 2: Trajectory Generation Mode

In the basic mode, the mixed signal, which includes the output of the previous
step (yt−1 ) and the original input (xt ), is used for training of the model. While
in the trajectory generation mode, we explored the situation where the input
of each step only includes the output of the previous step (yt−1 ). This is a
mode of automatically generating trajectories, which is more challenging for the
models, in which a neural system may exhibit its instability due to small error.
For the generation model, we expect that after training, the models can generate
corresponding sensorimotor sequences based on the semantic commands and
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Fig. 2. Distribution diagram of the timescale parameters of a certain action sequence
in GACTRNN and MATRNN. The ﬁgure shows the timescale parameters distribution
of four epochs during a training process of a certain action sequence.

Fig. 3. Adaptive process of part of the timescale parameters of the three models.

information of object location and torso joints at the ﬁrst timestep and the
initial condition.
To realize the generation mode, the computation for activation y in the new
mode is as below:


1
1
(Vyt−1 + b)
(5)
zt−1 +
zt = 1 −
τt
τt
yt = f (zt )

(6)

F or GACT RN N : τ t = 1 + exp (Gyt−1 + a + τ 0 )

(7)

F or M AT RN N : τ t = 1 + τ 0 ⊗ sigmoid (Gyt−1 + a)

(8)

In addition, by visualizing the timescale parameters, we investigated the
adaptive process of timescales in these two models. The hyperparameters of the
model were set to be the same as in the Case 1. The results are shown in Table 3,
Fig. 4, and Fig. 5. From the perspective of the error curve shown in Table 3 and
Fig. 4, the performances in the training of two models look similar. However, the
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adaptive process of timescale parameters of these two models is quite diﬀerent.
From Fig. 5 we can see that in the later stage of the training process of this
challenging task, only the timescale parameters of a small area in GACTRNN
achieve abnormally large values, while the distribution of timescale parameters
in MATRNN is more normal and capable of simulating the adaptivity in neuron’s timescales. Therefore, in this challenging trajectory generation mode, as a
cognitive neural network model, the MATRNN model performs better than the
GACTRNN model in terms of timescales’ stability.
Table 3. Performance of the two models
Experiment1 Experiment2 Experiment3 Average
GACTRNN 3.25E−03

4.04E−03

4.05E−03

3.78E−03

MATRNN

3.52E−03

3.26E−03

3.75E−03

4.46E−03

Fig. 4. Training curves of the two models. The three training curves are from three
experiments with the same hyperparameters.

Fig. 5. Adaptive process of the timescale parameters in GACTRNN and MATRNN.
As shown in the red-boxes, timescale parameters of a small area in GACTRNN achieve
abnormally large values. (Color ﬁgure online)
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Conclusion and Future Work

In this study, using the large-scale sensorimotor dataset based on a humanoid
robot, we compared the performance of CTRNN, GACTRNN, and MATRNN,
and visualized adaptive process of the timescale parameters. Through the experiment, the following conclusions can be drawn:
1. The GACTRNN and MATRNN models perform a little better than the
CTRNN model in our basic mode experiment.
2. During the training process, the timescale parameters in GACTRNN and
MATRNN are constantly adapting and have a tendency to converge to a
certain distribution which can simulate the adaptivity in neuron’s timescales.
3. In the challenging trajectory generation mode, as a cognitive neural network
model, the MATRNN model performs better than the GACTRNN model in
terms of timescale adaptation.
Neurons’ timescales seem to be quite dynamic in prefrontal cortex while
neurons in other regions seem quite stable over a short period of time [7,16].
Using the MATRNN model or GACTRNN model, we have interest to apply
them in computational psychiatry where the neural dysfunctional mechanisms
related to abnormal timescales can be simulated. The artiﬁcial model can also
make the computational psychiatry embodiment be feasible.
Acknowledgments. This work is partially supported by PolyU Start-up Grant
(ZVUY-P0035417).
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