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A R T I F I C I A L  I N T E L L I G E N C E

A cerebellar-based solution to the nondeterministic 
time delay problem in robotic control
Ignacio Abadía1*†, Francisco Naveros1,2†, Eduardo Ros1, Richard R. Carrillo1‡, Niceto R. Luque1*‡

The presence of computation and transmission-variable time delays within a robotic control loop is a major cause 
of instability, hindering safe human-robot interaction (HRI) under these circumstances. Classical control theory has 
been adapted to counteract the presence of such variable delays; however, the solutions provided to date cannot 
cope with HRI robotics inherent features. The highly nonlinear dynamics of HRI cobots (robots intended for human 
interaction in collaborative tasks), together with the growing use of flexible joints and elastic materials providing 
passive compliance, prevent traditional control solutions from being applied. Conversely, human motor control 
natively deals with low power actuators, nonlinear dynamics, and variable transmission time delays. The cerebellum, 
pivotal to human motor control, is able to predict motor commands by correlating current and past sensorimotor 
signals, and to ultimately compensate for the existing sensorimotor human delay (tens of milliseconds). This work 
aims at bridging those inherent features of cerebellar motor control and current robotic challenges—namely, com-
pliant control in the presence of variable sensorimotor delays. We implement a cerebellar-like spiking neural 
network (SNN) controller that is adaptive, compliant, and robust to variable sensorimotor delays by replicating the 
cerebellar mechanisms that embrace the presence of biological delays and allow motor learning and adaptation.

INTRODUCTION
The engineering pursuit of the most efficient solutions to emerging 
challenges has pushed forward the development of technology and 
the consequent contribution to human progress. Among the latest 
challenges, human-robot interaction (HRI) has blossomed into a 
worldwide research discipline contributing to diverse endeavors such 
as lightening human labor (1), providing medical assistance (2), and 
assisting humans in space exploration (3). Physical HRI must be safe 
for both actors, thus requiring compliant and adaptive controllers 
to operate collaborative robots (cobots). However, HRI can be 
compromised by contextual variables such as unstructured scenarios, 
unknown dynamics (4), or sensorimotor time delays (5). We have 
recently shown that spiking neural networks (SNNs) can be used for 
effective robot control, providing both accuracy and compliance (6), 
key elements in safe HRI. Yet, the nondeterministic time delay con-
trol problem was sidestepped, constituting the focus of this study.

Unintentional time delays in robot control have two main sources: 
computation and transmission delays. Computation latency rep-
resents the time spent in data processing to generate a motor control 
command (7). Transmission latency depends on the communication 
technology and physical links used between controller and robot. 
For instance, in telerobotic architectures, delays appear in the com-
munication link between the human operator and the robot (8); 
cloud robotics, a growing field, relies robot control on remote cloud 
computing resources that lead to computation and transmission 
latencies within the control loop (9); wireless communications carry 
additional time delays compared with wired connections (10). The 
aforementioned variety of scenarios illustrates the importance of 

accounting for time delays when designing closed-loop robot 
controllers.

From a classic control perspective, time delays are a major cause 
of instability in control loops. Traditional controllers dealing with 
pure delays may cause a phase margin decrease of the robotic system 
and a higher sensitivity as its static gain increases (5). To stabilize 
time-delayed systems, both adapted classic controllers and specifi-
cally designed controllers have been proposed (11). Under the first 
category, different proposals try to mitigate the effects of time delays 
by adapting traditional proportional-integral-derivative (PID) con-
trollers: (i) PID stabilization of linear time-invariant (LTI) systems 
using the Hermite-Biehler theorem (12), (ii) parameter space method 
to tune the PID coefficients for an LTI system with time delays (13), 
and (iii) using the Nyquist criterion to compute a set of PID con-
trollers to stabilize a given n-order LTI system with time delay (14). 
Unfortunately, these families of methods cannot be easily applied to 
HRI cobots whose dynamics are strongly nonlinear due to soft or 
elastic components (4). Regarding the second category, it includes 
the dead-time compensators (DTCs) (15), a family of controllers 
specifically designed for systems with time delays: (i) Smith predictor–
based controllers (16, 17), only applicable when delays are constant 
(11), and (ii) the finite spectrum assignment approach (18, 19). 
However, DTC solutions’ strong dependence on the accuracy of the 
system model (11) makes them nonreliable for HRI control, be-
cause the growing use of flexible joints and elastic materials (20, 21) 
makes the mathematical modeling of cobots nonlinear dynamics 
intractable (22).

These solutions prove the effort devoted to compensating for time 
delays in control systems. Here, we enlarge the family of solutions 
by taking inspiration from millions of years of biological evolution, 
through which nature has arrived at an adaptive solution to perform 
motor control under variable delays—i.e., predictive control to deal 
with the sensorimotor pathway delays inherent to the central 
nervous system (CNS), in charge of human body motor control 
(23, 24). In the cerebellar sensorimotor pathway, there exists a vari-
able delay accounting for the time spent since a motor command 
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is generated and propagated to the muscles (efferent delay e) until 
its effect is sensed back at the cerebellum (afferent delay a). These 
sensorimotor delays range from about 100 to 150 ms, with inter- 
and intraindividual variations (25). To compensate for them, the 
cerebellum acquires internal representations of the sensorimotor 
transformations needed to generate the motor commands required 
to achieve a desired movement (26) and generates predictive motor 
commands through a spike-timing–dependent plasticity (STDP) 
mechanism that correlates present and past sensorimotor signals, 
thus allowing motor learning even in the presence of sensorimotor 
delays (27).

To replicate human motor control and benefit from the afore-
mentioned CNS-inherent features, SNNs constitute the most bio-
logically plausible approach because they model the transfer and 
processing of information as it occurs in their biological counterparts, 
by means of the precise timing of spikes (28) that efficiently embed 
accurate timing. Thus, our cerebellar-like SNN controller adopts the 
biological delays and mimics the cerebellar STDP mechanism.

In the following sections, we evaluate the performance of our 
SNN controller under time delays of different nature: steady and 
nondeterministic delays in both laboratory-controlled and realistic 
scenarios (i.e., Wi-Fi and cloud-robotics connections). We demon-
strate that, besides compliant cobot control, the biological plausibility 
of our controller provides robustness against variable time delays in 
the transmission of sensorial information and motor commands, thus 
applying an inherent feature of the CNS to a robotic control challenge.

RESULTS
We placed our cerebellar-like SNN at the core of a robotic feedback 
control loop (Fig. 1). The SNN served as the torque controller able 
to operate all six degrees of freedom (DOFs) of the robot arm acting 
on a trial-and-error basis. An STDP mechanism at the SNN mediated 
the trial-and-error torque control process, facilitating acquisition of 
the robot arm dynamics when following a set of goal trajectories. 
During this learning process, the SNN torque controller received the 
input sensorial information and generated the subsequent output 
motor commands at a 500-Hz rate; see (6) for an in-depth review of 
the learning process. The input sensorial information consisted of 
the actual robot state supplied by the robot sensors (position, Qa, 
and velocity, Qȧ, per each of the six joints, j1 to j6), the desired tra-
jectory to be performed by the robot arm (position, Qd, and velocity, 
Q̇d, per joint), and a teaching/error signal (ɛ) per joint obtained 
comparing the actual robot state with the desired trajectory. These 
analog input signals were later mapped into neuron activations 
(spikes) that the SNN torque controller computed to subsequently 
generate the corresponding neural responses. These spike-based 
neural responses were then mapped into analog motor commands 
(torque, , per joint) and sent to the robot (see Materials and Meth-
ods). After SNN learning stabilization and thereby achievement of 
the desired trajectory, we induced different transmission delays (T) 
in the sensorimotor pathway to test whether our SNN inherits the 
cerebellar natural ability to deal with nondeterministic time delays 
(25, 29). We induced sensorial delays in the robot-to-controller 
(R2C) direction and motor delays in the controller-to-robot (C2R) 
direction, together with the intrinsic computation delays (C) inher-
ent to the SNN computation.

Our SNN controller reproduced the main properties of the 
cerebellar circuit and consisted of 62,040 neurons distributed in 

five neural layers (Fig. 1C). A population of 240 mossy fibers (MFs) 
conveyed the sensorimotor inputs onto 600 deep cerebellar nuclei 
(DCN) and 60,000 granule cells (GCs). GCs expanded the coding 
space of MFs (30), and this GC activity was later projected onto 600 
Purkinje cells (PCs) via parallel fibers (PFs). The synaptic learning 
mechanism (STDP) at PCs (see Materials and Methods) integrated 
the afferent signals from PFs (i.e., the axons of GCs), with the teaching/
error signal from climbing fibers (CFs), i.e., axons of inferior olive 
cells. PCs finally inhibited DCN cells, which also integrated inputs 
from MFs and CFs to generate the cerebellar motor command con-
trolling arm movement. Please see (6, 31) for an in-depth review of 
the roles of the different cerebellar neural layers.

Cerebellar torque control provides learning convergence 
in the presence of time delays
Transmission delays were first artificially induced between the two 
ends of the robotic feedback control loop in R2C and C2R directions 
(Fig. 1A). To do so, a point-to-point Ethernet communication con-
nected both ends (robot and controller), each end accommodating 
a buffer to hold the sensorimotor messages before being sent to the 
other end. On the robot side, the buffer held the sensorial informa-
tion for a time R2C before being sent to the controller, whereas at 
the controller side the buffer held the motor commands for a time 
C2R before being sent to the robot. A total transmission delay of 
T = R2C + C2R was induced (R2C = C2R = T/2). A 12-cm-radius 
circular trajectory performed in two different xyz planes along with 
a sequence of a circular plus a Lissajous trajectory performed in the 
xy plane was used to verify that the cerebellar control solution was 
not task-dependent (see Materials and Methods for trajectory 
description). Consecutive trials of the trajectories were executed 
(i.e., a trial started at the end point of the previous one), each trial 
having a duration of 2 s (see fig. S1 for SNN learning convergence). 
Each induced delay T was maintained for 100 trials and then in-
creased to the next value, that is, at least 200 s of experiment dura-
tion per T value. The performance metric given by the position 
mean absolute error (MAE) illustrated the learning convergence of 
the SNN torque controller (see Materials and Methods) across a 
wide range of induced delays T (Fig. 2A). Note that the SNN torque 
controller, regardless of the induced delay T, improved the per-
formance accuracy (MAE) of the factory-default position controller 
given under no-delay circumstances.

The factory-default position controller could not be tested in a 
time delay framework; hence we tuned a proportional-derivative (PD) 
controller for each of the motor tasks using the Ziegler-Nichols 
method (32). The resultant PD torque controller performed similarly 
to the factory-default position controller under no-delay circumstances 
(PD MAE = 0.076 rad/s versus factory-default MAE = 0.077 rad/s 
for the horizontal circle trajectory, PD MAE = 0.054 rad/s versus 
factory-default MAE = 0.055 rad/s for the inclined circle trajectory, 
and MAE = 0.068 rad/s for both the PD and factory-default controller 
for the circle-Lissajous sequence), thus serving as a performance 
reference (Fig. 2A). In conducting a more in-depth assessment of 
our SNN, we also developed a conceptually closer rate-based artifi-
cial neural network (ANN) controller that was devoid of spatio-
temporal resolution. We used the rate-based cerebellar solution from 
(33, 34) conveniently adapted for Baxter’s six DOFs in a feedback 
loop. This ANN model equipped the main form of SNN synaptic 
plasticity but lacked its temporal correlation capability; i.e., PC 
long-term depression (LTD) was heterosynaptically driven by CF, 
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whereas PC long-term po-
tentiation (LTP) was related 
to PF activity (see Materials 
and Methods). As expected, 
the ANN performed simi-
larly to the SNN cerebellar 
solution and better than the 
default-factory position con-
troller under no-delay cir-
cumstances: ANN MAE = 
0.021 ± 0.002 rad/s versus 
SNN MAE = 0.018 ± 0.004 
rad/s for the horizontal circle trajectory, ANN MAE = 0.017 ± 0.002 rad/s 
versus SNN MAE = 0.017 ± 0.004 rad/s for the inclined circle trajec-
tory, and ANN MAE = 0.019 ± 0.001 rad/s versus SNN MAE = 
0.021 ± 0.004 rad/s for the circle-Lissajous sequence (Fig. 2A).

As the induced delay T increased from 0 to 50 ms, the PD and 
ANN controllers performance degraded substantially (Fig. 2A) due 
to the instability caused by the large variations/oscillations of the 

output torque response; i.e., torque variability increased from 0.019 
to 0.036 Nm/ms (PD controller) and from 0.016 to 0.026 Nm/ms 
(ANN controller) per joint for the horizontal trajectory, from 0.026 
to 0.051 Nm/ms (PD) and from 0.017 to 0.027 Nm/ms (ANN) per 
joint for the inclined circle trajectory, and from 0.025 to 0.037 Nm/ms 
(PD) and from 0.026 to 0.028 Nm/ms (ANN) per joint for the 
circle-Lissajous sequence (Fig. 2, B to D). PD control instability 
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Fig. 1. Cerebellar control loop. 
(A) Experimental setup in which 
communication time delays were 
artificially induced within the 
cerebellar control loop. The com-
puter allocating the cerebellar 
controller and the robot commu-
nicated through a point-to-point 
Ethernet connection, whereas time 
delays were induced at each end 
of the control loop (C2R and R2C). 
A second computer was added 
for monitoring purposes, con-
nected to the controller through 
a point-to-point Ethernet con-
nection. (B) Schematic of the 
cerebellar feedback control loop. 
(C) Depiction of the cells, neural 
layers, connections, and plasticity 
site of our cerebellar SNN torque 
controller. The inputs to the 
cerebellar network arrive through 
the MFs (sensorial signals) and 
CFs (teaching/error signal). MFs 
project the sensorial information 
onto GCs. GCs project, through 
the PFs, onto PCs, which also re-
ceive excitatory inputs from the 
CFs. Last, DCN neurons drive the 
cerebellar output torque com-
mands receiving excitatory inputs 
from MFs and CFs and inhibitory 
inputs from PCs, which shape the 
cerebellar output. The cerebellar 
model also implements an STDP 
mechanism at PF-PC connections.
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occurred from early stages: delays T over 10 ms for the inclined 
circle trajectory and the circle-Lissajous sequence and over 20 ms 
for the horizontal circle trajectory. The lower capacity to cope with 

delays for the circle-Lissajous sequence 
and the inclined circle trajectory indi-
cated how increasing arm-movement 
complexity demanded higher PD static 
gains, followed by an incremental sen-
sitivity (5), i.e., the relationship between 
the input and output robot system indi-
cating how easily the input initiates a 
change in the output when the robot is 
in a steady-state condition. A fine bal-
ance between obtaining high perform
ance by increasing PD gains while 
maintaining sensitivity low is required. 
An in crescendo sensitivity may ulti-
mately induce instability (oscillatory 
PD responses) and compromise com-
pliance with lower delay T values. Sim-
ilarly to the PD, the ANN controller 
was driven to instability with delays T 
above 10 ms for the horizontal circle 
trajectory and above 20 ms for the in-
clined circle and circle-Lissajous sequence. 
We stopped the experiments at T = 
50 ms because safety/compliance could 
not be guaranteed to the robot itself nor 
to the personnel due to increasing 
torque oscillations.

Conversely, the cerebellar predictive 
behavior of the SNN torque controller 
provided a stable compliant output re-
gardless of time delays. As the delay T 
increased from 0 to 80 ms, the MAE of 
the SNN torque controller barely devi-
ated from the ideal horizontal and 
inclined circle trajectories and the circle-
Lissajous sequence: average MAE = 
0.024  ±  0.011, 0.022  ±  0.008, and 
0.027 ± 0.007 rad/s, respectively (Fig. 2A). 
For the PD and ANN controllers, three to 
four times larger MAE deviations were 
obtained: average MAE = 0.099 ± 0.027 
(PD controller) and 0.053 ± 0.026 rad/s 
(ANN controller) for the horizontal circle 
trajectory, 0.092 ± 0.036 (PD) and 0.061 ± 
0.030 rad/s (ANN) for the inclined 
circle trajectory, and 0.097 ± 0.032 (PD) 
and 0.047 ± 0.021 rad/s (ANN) for the 
circle-Lissajous sequence. The compli-
ance stability of the SNN controller was 
reflected in the evolution of the out-
put torque commands as transmission 
delays were induced (Fig. 2, B to D); i.e., 
the SNN torque output remained at 
0.012 Nm/ms per joint for the two cir-
cle trajectories and 0.018 Nm/ms for 
the circle-Lissajous sequence regardless 

of the delay increment. The induced T was limited to 80 ms accord-
ing to the predictive time margin of the deployed learning mecha-
nism (see Materials and Methods).
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Fig. 2. PD and rate-based cerebellar ANN versus cerebellar SNN control response to steady time delays. The 
induced transmission delays (T) comprised symmetrical R2C and C2R steady time delays (T = R2C + C2R; R2C = C2R). 
(A) As T increased from 0 to 80 ms, mean and SD of the position MAE for 100 trials per T value performed by the 
Ziegler-Nichols tuned PD, the ANN, and the SNN torque controller solutions. After tuning the PD parameters, it 
performed similarly to the default factory position controller. ANN and SNN were both equipped with similar PF-PC 
synaptic mechanisms, although ANN lacked the learning temporal capability. Two circular trajectories in different 
planes and a sequence of a horizontal circle plus a Lissajous trajectory were used as benchmarks for revealing the 
robot arm dynamics (91, 93). SNN controller MAE plateaued for values under T = 80 ms, whereas both PD and ANN 
MAE should not operate above T = 20 ms (for safety reasons, T was kept below 50 ms for the PD and ANN controllers 
because the MAE was increasing markedly). (B to D) Evolution of the output torque commands for the horizontal 
circle, inclined circle, and circle-Lissajous sequence, respectively, for T values from 0 to 50 ms (left and right column, 
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The SNN torque controller outperformed the PD and ANN con-
trollers in the Cartesian space execution of the trajectories (Fig. 3). 
Comparative ANN versus SNN results indicated that the time-related 
capability of the SNN form of synaptic plasticity accounted for coping 
with the delay.

Adjusting STDP at PF-PC allows increasing the cerebellar 
tolerance to time delays
The presence of the biological sensorimotor delay causes a given 
sensorimotor state at time t to be received at the CNS at time t + a 
(afferent delay) and the subsequent motor command to be applied 
at time t + a + e (efferent delay). The tolerance of the biological 
learning mechanism to this sensorimotor delay hinges on its ability 
to use previous synaptic activity to generate predictive motor 
commands within a predictive time margin of a + e. Again, we 
induced transmission delays in R2C and C2R directions while per-
forming the horizontal circle trajectory. We first adjusted the STDP 
learning mechanism to cope with the biological sensorimotor delay 
and the predictive temporal margin configured accordingly. We 
found that the predictive behavior of the SNN controller guaran-
teed a stable performance as long as time delays were kept within 
the established predictive time margin. Then, we evaluated the 
STDP learning mechanism against larger predictive temporal 
margins to test whether and to what extent the time delay tolerance 
of our SNN controller could be modified beyond the biological 
temporal imposition.

The PF-PC STDP mechanism allowed for motor learning by 
correlating the sensorimotor information recoded at granular layer 
into spike patterns with the teaching/error signal provided by CFs 
to the PC (31, 35). A PF-PC synaptic weight change (W) occurred 
after an appropriate temporal sequence of PF-CF de/activations, in-
volving two opposed processes of long-lasting modifications in syn-
aptic strength: LTP and LTD. LTP produced a fixed synaptic weight 
increment every time a spike arrived to a PC through the PF. Con-
versely, LTD synaptic weight decrement was triggered by the spikes 
arriving through the CF to the corresponding PC and depended on 
the previous activity of the afferent PF. The implementation of this 
temporal correlation between the teaching/error signal (CF activity) 
and the previous sensorimotor information (PF activity) followed a 
convolution kernel with an “eligibility trace” (31, 36), similar to a 
convolved coincidence detection able to compensate for transmis-
sion delays (37). This implementation required a kernel eligibility 
trace peak (LTD), which established the PF spike arrival time before 
a CF spike arrival for which the synaptic weight decrement was 
maximal. By changing LTD, the predictive time margin could be 
accordingly modified (Fig. 4, A and B). Consequently, LTD estab-
lished the amount of time delay (T + C, transmission plus compu-
tation delays) that the SNN controller could tolerate. We found that 
establishing a LTD value involved a fine trade-off between time delay 
tolerance and the performance accuracy obtained. As the predictive 
time margin increased, so did the time delay tolerance (Fig. 4B), but 
the performance error also increased (Fig. 4C).

Electrophysiological recordings (36, 38) 
showed an LTD contribution more 
acute for those PF spikes that occurred 
50 to 150 ms before the CF activity, i.e., 
LTD between 50 and 150 ms. We chose 
LTD = 150 ms to increase the time delay 
tolerance while maintaining the SNN 
biological plausibility. We found that a 
kernel eligibility trace peak of 150 ms 
provided robustness against transmis-
sion delays up to 80 ms, thus requiring 
70 ms for computation delays comprising 
analog information processing, neural 
activity computation, analog-to-spike and 
spike-to-analog conversion, and torque 
command application by the robot actua-
tors. Please see Materials and Methods 
and annex S1 for a more in-depth descrip-
tion of the temporal kernel operation.

Benchmarking the nondeterministic  
time delays
The learning convergence of our SNN 
output against steady time delays was 
tested so far; convergence under non-
deterministic time delays was still to be 
analyzed. Here, we characterized the 
response of our SNN to nondeterministic 
delays in a laboratory-controlled scenario. 
The delay range (from 0 to 80 ms) was 
covered with a set of gamma distribu-
tions from which nondeterministic 
time delays T were randomly sampled 
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(T = R2C + C2R; R2C = C2R = T/2), providing the following mean 
delays: 15 ± 5 ms, 25 ± 5 ms, 35 ± 5 ms, 45 ± 5 ms, 55 ± 5 ms, 65 ± 5 ms, 
and 78 ± 4 ms [see Fig. 5 (A and B) for the probability density func-
tion (PDF) and cumulative distribution function (CDF) of the 
induced delays]. Nondeterministic delays were induced using the 
setup described in Fig. 1A. For each delay distribution, 100 trials of 
the horizontal circle trajectory were performed, maintaining MAE 
values below the precision provided by the factory-default controller 

(Fig. 5C). Note that gamma distributions can adequately model net-
work delays (39, 40).

Aiming at characterizing a more realistic scenario, we also tested 
asymmetrical (i.e., R2C ≠ C2R), nondeterministic delays. Two sce-
narios were tested: (i) R2C = 8 ± 3 ms and C2R = 40 ± 3 ms (Fig. 5D) 
and (ii) R2C = 39 ± 2 ms and C2R = 9 ± 4 ms (Fig. 5E). We found 
that the SNN was able to cope with both symmetric and asymmetric 
nondeterministic delays.
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Fig. 4. Modifying the cerebellar predictive time margin by adjusting the STDP kernel. (A) Set of CF-PF convolution kernels with different eligibility trace peaks (LTD) 
(31) and how the CF spike arrival is correlated to previous PF spike for each convolution kernel. (B) Performance accuracy as position MAE obtained by the SNN controller 
for each of the convolution kernels (LTD peak varying from 90 to 250 ms) and PD controller reference. For each LTD value and induced delay (T), the displayed data depict 
the mean and SD of the MAE for 100 trials. The transmission delay tolerance increased with LTD peak at the cost of decreasing performance accuracy. The horizontal circle 
trajectory benchmark was used. The SNN technological approach overcame the LTD = [50 to 150 ms] biological constraint. (C) Modeling the degradation of the performance 
accuracy as time delay tolerance increases along with the kernel LTD. The transmission delays were set to zero, thus oversizing LTD. A linear regression analysis was con-
ducted on the MAE data of 100 horizontal circle trajectory trials per each of the different convolution kernels. MAE degradation seemed to linearly evolve as the LTD peak 
increased (y = 0.000106x + 0.0036). Instability may arise under two possible scenarios: (i) eligibility trace peaks shorter than transmission delays and (ii) oversized eligibility 
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Nondeterministic Wi-Fi and cloud-robotics time delays; 
cerebellar control use cases
We established a robot-controller Wi-Fi connection using a 
Raspberry Pi 3B+ (RPi) as gateway (Fig. 6, A and B) to circumvent 
Baxter’s lack of wireless support (see the Supplementary Materials). 
The nondeterministic delays inherent to a Wi-Fi connection (41) 
affected asymmetrically to both R2C and C2R directions while our 
SNN controller performed the horizontal circular trajectory. The 
established dialog between the robot and the controller had a band-
width consumption of 15 Mbps that was further increased to worsen 
both sensory and motor delays (see the Supplementary Materials). 
The initial 15-Mbps bandwidth consumption was gradually increased 
up to 3.6 times, simulating control of up to three robots over the 
same wireless network. We found that the SNN torque controller 
performance accuracy was kept at the same level regardless of the 
asymmetrical and nondeterministic time delays (Fig. 6C); i.e., from 
bandwidth consumption of 15 to 54 Mbps, we obtained an average 
MAE of 0.025 ± 0.007 rad/s, comparable with the 0.024 ± 0.011 rad/s 
obtained at the artificial delays scenario with T from of 0 to 80 ms. 
The PD and ANN controllers could not be tested under these cir-
cumstances because 50% of the motor delay values were above 20 ms 

for all bandwidth consumptions (Fig. 6D), which, added to the 
associated sensorial delay, would set the PD and ANN controller in 
the instability zone (Fig. 2A), risking robot and personnel safety.

Last, we used our SNN torque controller in a cloud-robotics 
framework by establishing a long-distance controller-robot con-
nection over the Internet. The controller was located in Madrid, 
whereas the robot was located 360 km south (i.e., 224 miles) in 
Granada (Spain). This remote connection involved 10 Internet hops 
(Fig. 7A). Two scenarios were tested: (i) the robot connected to the 
Internet through an Ethernet connection via a gateway computer 
(Fig. 7B) and (ii) the robot connected to the Internet via Wi-Fi 
(Fig. 7C). In the first scenario, the sensorimotor time delay accounted 
for cloud-robotics inherent latency (42, 43). The CDF of the senso-
rimotor time delays (Fig. 7D) confirmed the 50th, 90th, and 99th 
percentiles of the exchanged messages below 9, 10, and 12 ms, 
respectively, for both sensorial (R2C direction) and motor (C2R 
direction) information—a total transmission delay below the 80-ms 
limit provided by the predictive time margin (Fig. 4B). The roundtrip 
time (RTT) of the remote connection barely varied throughout 
the day (i.e., average RTT of 20.0 ± 1.3 ms, from 8:00 to 24:00). In the 
second scenario, the connection was additionally hampered by the 
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Wi-Fi nondeterministic time delays. The CDF confirmed the 50th, 
90th, and 99th percentiles below 12, 14, and 20 ms for the sensorial 
messages and below 29, 32, and 36 ms for the motor messages 
(Fig. 7E)—values below the 80-ms limit (Fig. 4B). The accuracy ob-
tained in both cases (first and second scenario MAE = 0.020 ± 0.004 
and 0.024 ± 0.007 rad/s) was kept at the same levels as in previous 
setups. Thus, our SNN torque controller was shown to be capable of 
operating in a cloud-robotics framework.

DISCUSSION
A well-timed response to stimuli is imperative for body interaction 
with changing environments, thus causing human motor control to 
compensate for the substantial time delay between the sensing of a 
stimulus and its response. In the CNS, these sensorimotor delays 
are caused by constraints in the neurophysiological substrate, which 
can be very efficient in computation due to massive parallel neural 
computing but inefficient to communicate signals through long 
axons and slow chemical synapses. Physiologically, the transduction 

and transport of sensory inputs and motor commands involves 
sensing delay, nerve conduction delay, synaptic delay, neuromuscular 
junction delay, electromechanical delay, and force generation delay 
(44). Consequently, the CNS needs to cope with the uncertainty stim-
ulated by these delays to provide accurate motor control. Besides 
these biologically inherent time delays, the CNS can self-adapt to 
additional external time delays (45–47). The CNS sensorimotor time 
delay compensation relies on state and sensory prediction—i.e., an 
estimation of the actions outcome before sensory feedback is avail-
able (48). The cerebellum plays a pivotal role in this prediction 
mechanism (29, 49–51) due to its ability to acquire internal models of 
the human body and external tools through motor learning (52–55).

Consequently, cerebellum-inspired solutions have been proposed 
to different control problems: gaze stabilization (56–58), adaptive 
control of linear (59, 60) and nonlinear (6, 61, 62) systems, acquisition 
of forward/inverse (27, 63) dynamic models, or computation of in-
verse kinematics (64). Sensorimotor time delays were also considered 
by some rate-based cerebellum-inspired approaches recently sug-
gested. (i) A rate-based cerebellar-like functional model embedded 
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Fig. 6. Cerebellar response to nondeterministic Wi-Fi delays. (A) Experimental setup in which the computer allocating the cerebellar controller and the robot commu-
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D
ow

nloaded from
 https://w

w
w

.science.org at T
he H

ong K
ong U

niversity of Science and T
echnology (G

uangzhou) on M
ay 26, 2026



Abadía et al., Sci. Robot. 6, eabf2756 (2021)     8 September 2021

S C I E N C E  R O B O T I C S  |  R E S E A R C H  A R T I C L E

9 of 15

with a Smith predictor was able to deal with the control loop inherent 
sensorimotor time delays, measured below 8 ms (63). (ii) A cerebellum-
inspired adaptive filter model was used to control saccadic eye 
movements with a delayed error signal temporally aligned at the 
PF-CF connection (65). In this rate-based solution, the temporal 
coding at granular layer was modeled as an echo-state network, thus 
simplifying the complex spatiotemporal processing of the cerebellar 
information to make the controller suitable for robotic application. 
(iii) An adaptive filter based on the cerebellum and embedded with 
a reactive controller implemented an eligibility trace that compen-
sated for the 50-ms delay in the error feedback and the response lags 
intrinsic to the plant dynamics using different learning rules: (a) 
forward model-based eligibility trace gradient descent (FM-ET) 
and (b) Widrow-Hoff (WH) algorithm with a delta-eligibility trace 
tuned to the error feedback delay (WH + 50 ms) and tuned to ex-
ceed that delay by 20 ms (WH + 70 ms) (37). (iv) Control of fast 
limb movements (i.e., movements lasting less than the total duration 
of the sensorimotor pathway processing and transmission delays) 
was provided by a controller involving two fuzzy neural networks 
representing the cerebellar cortex and DCN (66). These solu-
tions, although not of direct application to the present setup be-
cause they are constrained to more simple scenarios (simulation 
studies, numerical experiments, LTI systems, fixed delays, simple 
dynamics, and dynamic model dependent), prove the efforts devoted 
to address the sensorimotor delay challenge from rate-based 

approaches. However, these cerebellum-inspired solutions removed 
the intrinsic temporal aspect naturally present in the spike coding 
found in biological networks. Compensating the temporal delay 
was more of a problem for motor control than a cerebellar virtue. 
Understanding the temporal compensation of the sensorimotor 
pathway delay within the cerebellum requires a different perspective 
starting from a more realistic replication of the biologically inherent 
temporal cerebellar features.

Cellular-level cerebellar controllers offer an insight into cerebellar 
function at the neuron level. Yet, the computational cost of these 
models (67) has traditionally prevented them from real robotic 
applications. Our SNN cerebellar model, which falls into this cellular-
level category, was already tested in a real robotic application (6). 
We suggested and replicated the cerebellar acquisition of internal 
models as a solution to the nonlinear dynamic modeling of elastic 
cobots, providing real-time, adaptive, and compliant torque control 
of a six-DOF robot arm. The cellular-level nature of our cerebellar 
SNN controller enables the replication of the STDP mechanisms at 
the neuron level. Consistently with the Marr-Albus-Ito cerebellar 
theory (68), we found that the LTD eligibility trace temporal margin 
at PF-PC cell synapses was key in estimating and shaping the 
cerebellar temporal output. LTD eligibility trace allowed for a temporal 
record of PF synapses past activity (i.e., the temporal sensorimotor 
patterns) so that the feedback error/teaching signal from CF arriving 
after that PF activity could make changes in the PF-PC synapses 
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strength (69). A continued exposure to sensorimotor patterns allowed 
PF-PC synapses to acquire a temporal representation of the relation 
between the error/teaching signal and previous sensorimotor infor-
mation (70). The precise time correlation between sensorimotor 
information at PF and the elicited error/teaching signal at CF of our 
SNN controller provided robustness to sensorimotor time delays.

The fourth industrial revolution, Industry 4.0, is leading indus-
trial processes to be connected using Internet technologies (71). In 
robotics, this revolution is reflected in the growing field of cloud 
robotics, which conjugates the benefits of big data, cloud computing, 
and collective robot learning (42). Nonetheless, cloud robotics faces 
the technical challenge of dealing with communication latencies 
(42, 43) between the cloud and edge nodes. Motor control can be 
highly sensitive to time delays as they drive the system toward instability 
and unmanageability (5), ultimately forcing some sort of strategy to 
address cloud communications latency. Efforts have been devoted 
to tackle cloud-robotics time delays by minimizing the latency of the 
existing architecture (72), modifying the communications paradigm 
(73) and protocols (74), or implementing alternative communica-
tion technologies (75). However, the application of these approaches 
is tied to specific communication architectures, technologies, or 
protocols. Conversely, an SNN controller able to provide robustness 
against time delays would solve the cloud-robotics latency challenge 
regardless of how the controller-robot connection is established. 
Not only can cloud robotics benefit from our cerebellar SNN torque 
controller, but also other robot control schemes that carry inherent 
time delays (such as teleoperation or wireless robot control) rele-
vant to robotic applications, such as remote control, factory auto-
mation, or HRI. HRI could especially benefit from the application 
of our SNN torque controller, because it meets the demand for 
adaptive, compliant robot behavior (6) even in the presence of 
sensorimotor delays.

In this work, we presented a neuroscience approach to a real-world 
robotic application, providing both laboratory-controlled setups 
with synthetic communication delays and real-world setups that fall 
under higher technology readiness levels (76) with potential use in 
cloud robotics and remote control with long latencies.

PF-PC STDP modeling considerations
Concerning the implemented STDP rule for PF-PC LTD, some 
considerations need to be noted. This STDP is pivotal in sorting out 
the PC output credit assignment problem (77), i.e., modeling how a 
change in the weight of PC synapses would affect the behavior of 
the final cerebellar output; however, it still remains open what occurs 
to PF-PC adaptation either to a specific delay or to a range of delays 
at the cerebellar intermediate zone, responsible for controlling the 
distal extremity muscles. The PF-PC STDP in other cerebellar 
regions (vermis versus flocculus) adapts differently to the specific 
delay at which CF error signals shall arrive with respect to MF sen-
sorimotor signals during motor learning (78). The vermis receives 
proprioceptive information from the dorsal columns of the spinal 
cord and coordinates body posture and locomotion, whereas the 
flocculonodular lobe receives information from the vestibular 
nuclei and visual cortex and helps learning basic motor skills found 
within the vestibulo-ocular system (VOS).

LTD is induced in the flocculus when PFs activate 120 ms before 
the CFs, assuming a PF-PC LTD monokernel presumably tuned to 
a unique pathway delay (78). This plasticity at PF-to-PC synapses 
differs from plasticity found at PF-to-PC synapses in the vermis, in 

which LTD is induced by a range of PF-CF pairing interval (50 to 
150 ms), assuming PF-PC LTD multikernels presumably tuned to a 
set of pathway delays (78). It is speculated that the wide range of 
delays between PF-CF activation inducing LTD may reflect the 
wide range of pathway delays in the error signals carried by the dif-
ferent CF inputs to the vermis, i.e., from spinal afferent signals with 
latencies between 10 and 30 ms (79) to cognitive signals with, a priori, 
longer latencies (80–82). Conversely, the flocculus responses to the 
PF-CF temporal interval are consistent at 120 ms, in agreement with 
the specificity of the pathway delays in the CF error signals found in 
the VOS (78).

In looking for analogies between our robotic pathway delay and 
what occurs within either the vermis or flocculus pathway delays, 
we assumed PF-PC LTD monokernel configuration as in the latter. 
The robotic sensorimotor pathway was equally configured for each 
Baxter joint (motor and sensor), as it occurs in the VOS. Biology 
seems to have evolved a PF-PC LTD multikernel solution to meet 
the different sensory pathway delays converging in the vermis; 
however, industrial field buses/Ethernet in robotics avoid these prob-
lems by design. A PF-PC LTD multikernel approach would impose 
the configuration of a different robotic sensorimotor pathway per 
Baxter motor accordingly, e.g., sensory motor pathways configured 
with increasing levels of delay according to the corresponding Baxter 
joint distance to the central processing unit (CPU), mimicking limbs 
distance to the cerebellum. However, Baxter motor and encoder data 
transmission are not meant to operate with these properties. These 
differences between the propagation of sensorimotor information in 
the human peripheral nervous system and in its robotic counterpart 
(i.e., signals generated at robot joint sensors all propagated through 
the same pathway) drove us toward the monokernel solution.

For a widely distributed robotic platform with several millisecond 
delay differences between the interconnected elements, i.e., segmented 
in different sensorimotor pathways, together with real-time capacity 
being granted despite the multikernel approach higher computational 
cost (see fig. S2), a multikernel solution adapted to a multipaired 
cerebellar architecture (83) could be a good approach to avoid the 
trade-off between accuracy and delay tolerance encountered in the 
monokernel solution.

MATERIALS AND METHODS
Objective and study design
The objective of our study was to validate the robustness against 
time delays of a cerebellar-based SNN torque controller, thus applying 
CNS inherent features to robotic control. The SNN controller ran 
on an Intel Core i7-5820K CPU at 3.30 GHz with 12 cores, 32 GB of 
RAM, and a GPU GeForce RTX 2080/PCIe/SSE2. The controlled 
front-end body was a Baxter robot (84): a two-armed collaborative 
robot equipped with both position and torque control capability. 
Our SNN torque controller together with Baxter’s internal series 
elastic actuators ensures both active and passive compliance (6).

The cerebellar neural network
The cerebellar neural network consisted of 62,040 leaky integrate 
and fire (LIF) neurons and ~36.4 million synapses (36 million 
endowed with plasticity) mimicking the cerebellar structure. The 
network size was a trade-off between Baxter’s working space coverage 
and RT working capability. The neurons were distributed across 
five different layers (see Fig. 1, B and C), and every layer was divided 
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into six microcomplexes (85) to control each of the six DOFs. The 
neural layer distribution was the following: MFs (240 neurons), 
GCs (60,000 neurons), CFs (600 neurons), PCs (600 neurons), 
and DCNs (600 neurons). The input sensorimotor information 
(actual and desired robot analog state translated into spiking pat-
terns) was induced through the MF layer and transmitted through 
excitatory afferents toward the GC layer. The sensorimotor infor-
mation was then recoded into somatosensory neural activity at 
the GC layer and then propagated toward the PC layer via the PF 
excitatory connections, i.e., GC axons. The PC layer also received, 
via excitatory connections from the CF layer, the teaching/error signal, 
i.e., the mismatch between the actual and desired robot state trans-
lated into neural spikes. Last, the DCN layer received inhibitory 
synapses from the PC and excitatory synapses from the CF and MF 
layers. The DCN neural activity was translated into an analog motor 
command that was sent to the robot, thus closing the loop. Note 
that each of the six microcomplexes comprising the CF-PC-DCN 
subcircuit was divided into two halves (agonist/antagonist), each half 
controlling the clock/anticlockwise movement of the robot joint 
actuator. This structure mimicked the physiological antagonistic 
muscle pairs located in opposite sides of each arm joint (86); i.e., 
one half of the microcomplex contracts the agonist muscle, and the 
other half contracts the antagonist muscle.

The cerebellar input-output response was adjusted at the PF-PC 
connection, where the synaptic weight distribution was adapted 
through an STDP mechanism correlating both the sensorimotor 
information and the teaching/error signal. Thus, synaptic plasticity 
allowed error reduction through iterative trial-and-error motor task 
executions. The topology of the neural network is summarized in 
Table 1, and the overall depiction of the cerebellar neural network is 
shown in Fig. 1C.

LIF neurons (87) (see annex S2) were used to build the cerebellar 
neural network due to their minimal computational cost, thus 
enabling our real-time computation requirement. See (6) for an in-
depth review on the cerebellar neural layers, their connectivity, and 
neuron models.

The STDP mechanism
The STDP mechanism deployed at the PF-PC synapses conjugated 
two opposed processes of synaptic change: LTD and LTP. These 
two processes, compensating and complementing each other, allowed 
the regulation of the cerebellar output commands by temporally 
correlating the teaching/error signal (CF activity) and the previous 

sensorimotor information (PF activity). See annex S1 for a more 
in-depth description of the temporal kernel operation.

The LTD process convolved the CF and PF activity as follows

	​ LTD Δ​w​ ​PF​ j​​−​PC​ i​​​​(t ) = β ⋅ ​ ∫ 
−∞

​ 
​t​ CFspike​​

​​k(t − ​t​ CFspike​​ ) ⋅ ​δ​ PFspike​​(t ) ⋅ dt​	

	​​ k(x ) = ​
{

​​​​ 
− (x + ​d​ k​​) ─ ​τ​ LTD​​ − ​d​ k​​ ​ ⋅ ​e​​ ​ 

x+​d​ k​​ _ ​τ​ LTD​​−​d​ k​​​+1​​  if x  <  − ​d​ k​​​   
0

​ 
if x  ≥  − ​d​ k​​

​​​	

where wPFj − PCi is the synaptic weight change between the jth PF 
and the ith PC,  = −0.0008 nS is the synaptic weight decrement, PF 
is the Dirac delta function of an afferent spike from a PF, k(x) 
defines the integrative kernel, dk = 120 ms allowed the adjustment 
of the kernel width, and LTD is the kernel eligibility trace peak. The 
kernel maximum value [k(x) = 1] is obtained when x = −LTD, that 
is, the synaptic weight decrement is maximum for those PF spikes 
that were received LTD ms before the CF spike arrival. For our 
SNN torque controller, we established LTD = 150 ms.

The LTP process produced a fixed synaptic weight increment 
every time a spike arrived to a PC through the PF as defined by

	​ LTP Δ​w​ ​PF​ j​​−​PC​ i​​​​(t ) = α ⋅ ​δ​ PFspike​​(t ) ⋅ dt​	

where wPFj − PCi is the synaptic weight change between the jth PF 
and the ith PC,  = 0.002 nS is the synaptic efficacy increment, and 
PF is the Dirac delta function of an afferent spike from a PF.

These two processes regulated the PF-PC synaptic weight and, 
therefore, shaped the SNN torque controller output commands. A 
PF-PC synaptic weight decrement would be translated into a reduc-
tion of the DCN inhibition caused by the PC, therefore increasing 
the DCN output activity. Conversely, a PF-PC synaptic weight in-
crease, due to a low error signal and therefore a scarce CF-PC activ-
ity, would decrease the DCN output activity. A well-synchronized 
sequence of increased/decreased DCN activity tuned the cerebellar 
output motor commands, reducing the overall performance error.

Translation from analog sensorial states to neural activity
The SNN sensorial input information, originated in analog form at 
Baxter’s sensors (Qa and ​​​Q​​ 

.
 ​​ a​​​) and the trajectory generator (Qd and 

​​​Q​​ 
.
 ​​ d​​​), had to be translated into neural activity (MF activity) that the 

Table 1. Cerebellar neural network topology. Dash entries indicate not applicable. 

Neurons Synapses

Presynaptic Postsynaptic Number Type Initial weight (nS) Weight range (nS)

240 MFs 60 × 103 GCs 240 × 103 AMPA 0.18 –

240 MFs 600 DCN 144 × 103 AMPA 0.1 –

60 × 103 GCs 600 PCs 36 × 106 AMPA 2.0 [0, 5]

600 PCs 600 DCN 600 GABA 1.0 –

600 CFs 600 PCs 600 AMPA 0.0 –

600 CFs 600 DCN 600 AMPA 0.5 –

600 CFs 600 DCN 600 NMDA 0.25 –
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SNN could process. The 240 MFs were divided into six micro-
complexes (one per DOF) of 40 neurons each. Each microcomplex 
was again divided into four subgroups of 10 neurons each, devoted 
to coding Qa, ​​​Q​​ 

.
 ​​ a​​​, Qd, and ​​​Q​​ 

.
 ​​ d​​​, respectively. Each of the 10 neurons of 

the subgroup acted as a sensory receptor for a specific interval within 
the analog signal joint range; i.e., a neuron fired a spike [MFspike(t)] 
when the analog value (Q) was within its receptor interval (Rn), 
described as follows

	​​ δ​ MFspike​​(t ) ↔  Q(t ) ∈ ​ R​ n​​​	

	​​ R​ n​​ = ​c​ n​​ ± ​w​ n​​​	

	​​​ c​ n​​  = ​ r​ min​​ + ​(​​ ​ ​r​ max​​ − ​r​ min​​ ─ S − 1 ​​ )​​ ⋅ n​​	

	​​​ w​ n​​  = ​  1 ─ 2 ​ ⋅ ​(​​ ​ ​r​ max​​ − ​r​ min​​ ─ S − 1 ​​ )​​​​	

where MFspike(t) defines the Dirac delta function of an afferent spike 
from an MF, n = [0, 9] stands for the neuron index within the sub-
group, cn and wn define the center and width of the interval, [rmin, 
rmax] denotes the joint range in radians of the analog signal, and 
S = 10 stands for the total number of the subgroup neurons. Because 
the receptor intervals within the subgroup were nonoverlapping, 
only four MFs per microcomplex were active at each time step. 
Thus, the current sensorial state was univocally coded into neural 
activity. Please see fig. S3 for a representation of the analog input 
signals coding at the MF layer using the timing of spikes.

The teaching/error signal ɛ(t), obtained by comparing the desired 
(Qd and ​​​Q​​ 

.
 ​​ d​​​) and actual robot state (Qa and ​​​Q​​ 

.
 ​​ a​​​), was also translated 

from the analog to the spike domain (CF activity). The 600 CFs were 
divided into six microcomplexes (one per DOF) of 100 neurons 
each; the first/last 50 cells were devoted to the agonist/antagonist 
sensed error, i.e., positive/negative joint error. Electrophysiological 
recordings of the CFs show a chaotic and low firing rate, between 1 
and 10 Hz per neuron (88). The low firing rate could hamper cap-
turing the high-frequency information of the teaching/error signal; 
however, the chaotic firing allows the statistical sampling of the 
entire signal range over multiple trials (88, 89). We replicated this 
behavior using a Poisson model: Given the error signal ɛ(t) and a 
random number ɳ(t) ϵ [0, 1], the given CF fired a spike CFspike(t) ↔ 
(t) > (t), remaining silent otherwise (27, 38).

Translation from neural activity to torque commands
The DCN neural activity, i.e., output cerebellar activity, was trans-
lated into analog torque commands (j) before being sent to Baxter’s 
actuators. There were six DCN microcomplexes, one per DOF. The 
spike-to-analog translation of each microcomplex activity was per-
formed at every time step (2 ms) as follows

	​​ DCN​ j,i​​(t ) = ​  ∫ 
t−​t​ step​​

​ 
t
  ​​ ​δ​ ​DCN​ j,i​​​​(t ) ⋅ dt​	

	​​ DCN​ output,j​​(t ) = ​α​ j​​ ⋅ ​ ∑ 
i=1

​ 
N=50

​​ ​DCN​ j,i​​(t ) − ​  ∑ 
i=51

​ 
N=100

​​ ​DCN​ j,i​​(t)​	

where j = [1, 6] for each of the six DOFs; i = [1, 100] defines the 
DCN index within the microcomplex (the first/last 50 DCN cells 

were devoted to the agonist/antagonist joint movement); (t) is the 
Dirac delta function of a spike arrival; and j = (0.75, 1.1, 0.375, 
0.63, 0.078, 0.078) is a factor to weight the DCN output according to 
the relative position, orientation, and mass of each joint.

At the robot side, the DCN output torque values entered a mean 
filter, whose size varied at each time step depending on the number 
of predicted torque samples available (x) to generate a torque com-
mand. A torque command sample generated at time t with a predic-
tion of e ms shall be applied by the robot actuators at time t + e. 
When the time delay affecting that torque command sample was 
shorter than e, the torque command sample was received at the 
robot side before its application time. In that event, that torque 
command sample would operate as a future torque command sam-
ple at the mean filter. Past torque command samples were also used 
to normalize the mean filter to the current time step (t), as follows

​​​τ​ j​​(t ) = ​  1 ─ 2x + 1 ​ ⋅ ​(​​​ ∑ 
i=0

​ 
x
  ​​ ​DCN​ output,j​​(t + i ⋅ ​t​ step​​ ) + ​ ∑ 

i=1
​ 

x
  ​​ ​DCN​ output,j​​(t − i ⋅ ​t​ step​​ ) ​)​​​​	

where x ϵ [2, 10]. This filter mimicked the low-pass filter behavior 
of muscles before sending torque commands to Baxter’s actuators. 
When x was less than 2 (i.e., one or less than one available future 
torque command samples), we applied the previous time step torque 
command with 99.8% reduction. In the event of x being less than 2 
for successive time steps, the applied torque command was gradually 
reduced to 0 Nm to provide a safe stopping. x equals 10 meant best-
case scenario, i.e., 10 predicted, 10 past, and the current torque samples 
for a total 42-ms temporal window. This was in agreement with the 
upper motor neuron maximal discharge rates during slow isometric 
ramp contractions (90). Predicted, past, and current torque samples 
were placed within the mean filter based on their application time.

Desired trajectories definition
We designed three motor tasks to be performed by the SNN torque 
controller under the described time delay conditions. The motor 
tasks were fast movements in smooth trajectories consisting of 
sinusoidal-like position and velocity profiles per joint, involving the 
complex dynamics of a six-DOF robotic arm, including interaction 
forces between joints (91–93). These motor tasks depicted three dif-
ferent desired trajectories to be followed by Baxter’s left arm end 
effector: a horizontal (xy plane) circle trajectory, an inclined (xyz 
plane) circle trajectory, and a Lissajous trajectory ( = /2, a = 1, 
b = 2), i.e., eight-like Cartesian trajectory in the horizontal plane (xy 
plane) (34, 91). Please see annex S3 for the mathematical description 
of the trajectories.

Performance accuracy and learning  
convergence measurement
To evaluate the SNN torque controller performance, we compared 
the desired and actual trajectory, i.e., desired (Qd) compared with 
actual (Qa) joint position at each time step. The average difference 
of all joints provided the position MAE, serving as the performance 
accuracy metric

	​​ MAE​ joint​​  = ​ 
​t​ step​​

 ─ T  ​ ​ ∑ 
t=0s

​ 
T
  ​​(Q ​(t)​ desired​​ − Q ​(t)​ actual​​)​	

	​ MAE  = ​  1 ─ N ​ ​ ∑ 
j=1

​ 
N

 ​​ ​MAE​ j​​​	
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where N = 6 stands for the six DOFs. For each of the tested time 
delay conditions, we used 100 consecutive trials of the trajectories 
to obtain the mean and SD of the MAE for that given time delay 
condition.

To evaluate the learning convergence of the SNN and ANN torque 
controller output response, we studied the average joint torque 
variability (). Because the SNN and ANN torque controllers pro-
vided a nondeterministic output, we first obtained the 100 iterations 
average torque per joint as follows

	​​ τ​ j​​ = ​  1 ─ 100 ​ ​ ∑ 
i=1

​ 
100

​​ ​τ​ i​​(t)​	

where i = [1,100] stands for the iteration number, each iteration 
having a duration of 2 s, i.e., t = [0, 2]. Then, we found the average 
joint torque variability as described by

	​ Δ ​τ​ j​​ = ​ 
​t​ step​​

 ─ T  ​ ​  ∑ 
t=​t​ step​​

​ 
T
  ​​ ​ 

​τ​ j​​(t ) − ​τ​ j​​(t − ​t​ step​​)
  ─ ​t​ step​​ ​​	

	​ Δτ = ​ 1 ─ N ​ ​ ∑ 
j=1

​ 
N

 ​​Δ ​τ​ j​​​	

Because the PD inner computation was deterministic, we did not 
need the 100 iterations average torque; we used these last two equa-
tions applied to one iteration output torque to obtain the PD con-
troller output torque variability.

Modules implementation
A Robot Operating System (ROS) framework allowed the process-
ing and transmission of information between the control loop mod-
ules and the spike-to-analog and analog-to-spike translation. For 
reproducibility purposes, the source code for the PD, ANN, and 
SNN controllers as well as the experimental setup are available at 
https://doi.org/10.5281/zenodo.5171064.

SUPPLEMENTARY MATERIALS
www.science.org/doi/10.1126/scirobotics.abf2756
Annex S1 to S6
Figs. S1 to S3
Table S1
Movie S1
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