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ABSTRACT OF THE DISSERTATION 

 

CARL-SJR: A Socially Assistive Neurorobot for Autism Therapy and Research 

 

By 

 

Ting-Shuo Chou 

 

Doctor of Philosophy in Computer Science 

 

 University of California, Irvine, 2015 

 

Professor Jeffrey Krichmar, Chair 

 

 

 

Neurodevelopmental disorders, such as Attention-Deficit–Hyperactivity Disorder 

(ADHD) and Autism Spectrum Disorder (ASD), have core clinical symptoms of inattention, 

hyperactivity, and impulsivity (often hyper- and hypo- responsiveness. These symptoms are 

often accompanied by reduced motor coordination and impaired sensory processing. We 

introduce a Socially Assistive Robot (SAR) with the goal of automating therapy for children with 

neurodevelopmental disorders. The novel robot, which is called Cognitive Anteater Robotics 

Laboratory – Spiking Judgment Robot (CARL-SJR), is designed for therapy and diagnosis. 

CARL-SJR is autonomous and capable of tactile sensing and interaction. A spiking neural 

network model and neurally inspired algorithms control CARL-SJR’s behavior. By providing a 

large tactile sensing surface that encourages touching with hand movements, CARL-SJR 

especially addresses impairments in tactile sensitivity and social interaction observed in children 

with neurodevelopmental disorders. Using CARL-SJR, we conducted a pilot study where 

children with different neurodevelopmental disorders show different behavioral metrics and 

tactile movements. The results suggest CARL-SJR might serve as a diagnostic tool for 

developmental disorders. Second, we showed that the information carried by temporal coding is 
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higher than the traditional rate coding when decoding spike trains in response to tactile 

movements. Third, we implemented online learning capabilities on CARL-SJR, where the robot 

could associate a user’s preferred color pattern displayed on the robot with the user’s hand sweep 

across the robot’s body. The emerged behaviors and neural activities in the SNN are consistent 

with neurophysiological recordings. The underlying neural mechanism in the SNN also serves as 

an alternative explanation of how brains encode timing and associate (or learn) two temporally 

separated events. 
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CHAPTER 1 

INTRODUCTION 

1.1 Motivations 

Attention-Deficit-Hyperactivity Disorder (ADHD) and Autism Spectrum Disorder (ASD) 

are common neurodevelopmental disorders; ADHD is estimated to affect between 3 and 11% of 

children and adolescents and, according to the Center for Disease Control, ASD affects 1 in 68 

children (Daley, 2006). The core clinical symptoms of ADHD (e.g., inattention, hyperactivity, 

and impulsivity) are often accompanied by associated symptoms such as sleep problems, reduced 

motor coordination, and impaired balance. In addition, children with ADHD show a disturbance 

in sensory processing and integration of tactile stimuli (C. J. Cascio, 2010; Mangeot et al., 2001). 

To address hypo- or hyper-responsiveness to sensory inputs, Sensory Integration Therapy (SIT) 

has been applied to child-directed, one-on-one game play between the therapist and the child. 

The therapist guides the child through a series of activities (i.e., interactive games) that fit into 

the form of SIT in challenging and entertaining ways. SIT typically involves a combination of 

sensory stimulation and movement, or a sensory stimulus to which the child is asked to respond 

(Ayres & Tickle, 1980). It is intended to focus directly on the neurological processing of sensory 

information as a foundation for learning of higher-level motor or social skills (Ayres & Tickle, 

1980). Treatment goals center on improving sensory processing to either (a) develop better 

sensory modulation as related to attention and behavioral control, or (b) integrate sensory 

information to form better perceptual schemas, academic skills, or social interactions. Research 

studies have shown SIT benefits children with ASD and ADHD (Baranek, 2002; C. J. Cascio, 
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2010; Parush, Sohmer, Steinberg, & Kaitz, 2007; Pfeiffer, Koenig, Kinnealey, Sheppard, & 

Henderson, 2011). 

However SIT, like other therapies, is labor intensive. It requires caretakers, special 

clinics, surveys by parents, videotaping and analysis. To reduce human efforts, robotics 

researchers apply robots into therapeutic procedures. Robots used for rehabilitation and therapy 

(B. Scassellati, Admoni, & Mataric, 2012) falls under the class of robotics known as Socially 

Assistive Robots (SARs). SARs may aid in diagnosis and treatment of developmental disorders 

by providing consistent behavioral evaluations and standardized stimuli in diagnostic settings 

(Brian Scassellati, 2005). Studies show children can form social bonds during interactions with 

robots (Tanaka, Cicourel, & Movellan, 2007) and children with ASD or ADHD respond well to 

robot artifacts. SARs might be a form of therapy for children with ASD and ADHD (Bekele et 

al., 2013; Billard, Robins, Nadel, & Dautenhahn, 2007; Feil-Seifer & Mataric, 2011; Kozima, 

Nakagawa, & Yasuda, 2007; B. Scassellati et al., 2012). Besides ASD and ADHD, SARs have 

also been shown to have therapeutic value for dementia and Alzheimer’s disease patients (Roger, 

Guse, Mordoch, & Osterreicher, 2012; Shibata & Wada, 2011; Stiehl et al., 2005). 

Despite potential therapeutic values offered by SARs, several issues limit SARs to be 

prevalent in clinics, classroom, or at home. Typically SARs need remote control, a caretaker, and 

video monitoring with an off-robot camera. Many of the metrics a clinician is interested in are 

stored on a remote computer rather than on the robot itself. Clinicians need to analyze hours of 

videotape to determine how the child interacted with the SAR. 

Many SARs aim therapies for neurodevelopmental disorders and pursue treatment goals 

of SIT (B. Scassellati et al., 2012). Most SARs focus on eye contact (e.g., shared attention, 

shared gaze, etc.), but tend to neglect tactile interaction, which is important for social behaviors 
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and is impaired in many children with ASD and ADHD. SIT emphasize integration of sensory 

information to form better social interactions. SARs with additional tactile sensing ability could 

interact with children in versatile ways and could be a more complete form of SIT. 

To address these issues, we propose a novel robot design, called CARL-SJR (Cognitive 

Anteater Robotics Laboratory – Spiking Judgment Robot, see Figure 1-1) for therapy and 

diagnosis of ASD and ADHD. CARL-SJR is autonomous, mobile, self-contained, and capable of 

tactile sensing and interaction. By providing a large tactile sensing surface that encourages 

touching, CARL-SJR aims to be a complete form of SIT, and would address impairments in 

tactile sensitivity and social interaction observed in children with ASD and ADHD (Baker, Lane, 

Angley, & Young, 2008; C. Cascio et al., 2008; C. J. Cascio, Lorenzi, & Baranek, 2013; C. J. 

Cascio et al., 2012). We expect such interaction will transfer to play with other neurotypical 

children and lead to behavioral improvements. Because CARL-SJR is autonomous and 

intelligent, it does not need supervision by a caretaker. CARL-SJR can be used in the clinic, 

classroom, or home. Many measurements that a clinician might be interested in, such as 

frequency of interaction, rate of learning, and the type of interaction can be saved on-board the 

robot. We expect that CARL-SJR can supplement existing therapies for prosocial behavior and 

interactive education technology. The long-term goal for CARL-SJR is to develop a therapeutic 

protocol (i.e., standardized SIT) for children who have neurodevelopmental disorders. 

Recently, it was shown that canine-assisted therapy is beneficial to children with ADHD, 

in which children’s social skills and prosocial behaviors improved when comparing therapy with 

live dogs to toy dogs (Schuck, Emmerson, Fine, & Lakes, 2015). The interaction between 

children and live dogs is adaptive; live dogs’ responses to children could change their behaviors, 

and vice versa. Children might benefit from a new SAR paradigm in which the SAR can adapt to 
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the children’s needs or challenge the children by playing an interactive game where the children 

must learn the SAR’s needs or desires, and vice versa. This SAR paradigm is also called mutual 

reinforcement learning where both SAR and children learn or adapt to/from each other through 

positive or negative feedbacks. 

We chose a biologically inspired approach to realize mutual reinforcement paradigm and 

build CARL-SJR as a neurorobot for our understanding and advancement in neuromorphic 

engineering and robotics toward strong artificial intelligence (strong-AI) (Jeffrey L Krichmar & 

Wagatsuma, 2011). Using biologically inspired spiking neural network (SNN), we build a model 

of somatosensory cortex, prefrontal cortex, insular cortex, and basal ganglia, which are important 

for processing tactile information and learning associations between temporal separated events. 

Driven by this model, CARL-SJR is able to use a biologically inspired, unsupervised learning 

rule, known as spike timing dependent plasticity (STDP) (G. Bi & Poo, 2001), to classify a 

child’s hand movements. We also control CARL-SJR’s tactile preferences through tuning 

parameters in the model. In this way, children have to learn how to reward CARL-SJR according 

to its tactile preferences. After knowing CARL-SJR’s tactile preference, children could shape 

CARL-SJR’s behaviors in reinforcement learning paradigm. Simply, children could train CARL-

SJR like training dogs. We believe the interaction between children and CARL-SJR is naturally a 

challenging and funny interactive game, which is also compliant to mutual reinforcement 

paradigm.  
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Figure 1-1 CARL-SJR Left) the robot’s form factor is a convex, hemispheric shell containing a 

8-by-9 matrix of trackballs for sensing touch, and true color LEDs for displaying colorful and 

animated patterns. Rendering shows the trackballs protruding the surface and the pan-tilt camera 

unit. Right) Transparent view shows the trackball boards, electronic components, battery packs, 

and omni-wheel drive system. 
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1.2 Significance  

The contributions of this thesis are multidisciplinary since neurorobotics is not a single 

field; rather, the field crosses many disciplines including computer science, computer 

engineering and computational neuroscience. 

First, we design an interactive game and conduct a pilot study where children with 

different neurodevelopment disorders, including ASD, ADHD, Oppositional Defiance Disorder 

(ODD), and anxiety groups, show different behavioral metrics and tactile movements. The 

results suggest CARL-SJR might serve as a diagnose tool for neurodevelopmental disorders. 

Second, only with tactile inputs and STDP, a SNN modeling somatosensory cortex the 

ability to classify hand movements. We redefine polychronous groups  under stricter constraints 

in contrast to proof-of-concept definition of polychronous groups (Izhikevich, 2006). We 

validate the temporal coding method using polychronous groups in a noisy environment and real-

world tactile inputs. We also demonstrate its efficacy is higher than the traditional rate decoding 

method. 

Third, unlike SNNs used in simulated environments, we build a SNN capable of 

processing noisy tactile inputs generated directly from CARL-SJR tactile sensory area and 

learning associations between two temporally separated events in the real-world environment. 

Specifically, we make no assumption on how children touch CARL-SJR or the time interval 

between the two events. The SNN can be used as a functional module for building more 

intelligent neurorobots. 

Finally, the emerged behaviors we find in CARL-SJR are consistent with animal’s 

behaviors wherein they perform classic conditioning task. Also, the neural activities in the SNN 

are consistent with biological recordings (Ljungberg, Apicella, & Schultz, 1991, 1992; Pan, 
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Schmidt, Wickens, & Hyland, 2005; Schultz, 1998). The underlying neural mechanism in the 

SNN serves as an alternative explanation of how brains encode timing and associate (or learning) 

two temporal separated events with various intervals. 

1.3 Organization 

The rest of this thesis is organized as follows:  

Chapter 2 introduces background knowledge including spiking neural network and large-

scale spiking neural network simulators. It also introduces mechanoreceptors, neuroanatomical 

pathways, and cortical areas related to perceiving tactile sensation. Prior works such as socially 

assistive robots, tactile sensing robots, and neurorobots are included in chapter 2 as well. 

Chapter 3 describes the details of CARL-SJR’s hardware design and the design choice 

for tactile sensing technology. The chapter also describes the software components used to 

interconnect CARL-SJR’s hardware and the spiking neural network. 

Chapter 4 first presents the interactive game used in a pilot study at the Child 

Development School in UC, Irvine. The metrics of hand movements, and the data analysis are 

described in detail. The results suggest that CARL-SJR might be a useful diagnose tool to 

neurodevelopmental disorders. 

Chapter 5 describes the SNN modeling somatosensory cortex and the definition of 

polychronous groups as well as the method to find them. Comparison between rate coding and 

temporal coding with polychronous groups is also included. 

Chapter 6 describes the SNN that realize mutual reinforcement paradigm. The SNN not 

only drives CARL-SJR to exhibit animal-plausible behaviors but also matches biological 

recordings at neural circuit level. Further, the model also provides an alternative explanation to 

how brain encodes timing. 
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Chapter 7 concludes this thesis and lists possible future works.  
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CHAPTER 2 

BACKGROUND 

2.1 Somatosensory System 

Skin is the largest organ in human body. Sophisticated cutaneous mechanoreceptors in 

the skin are capable of perceiving temperature, indentation, stretch, vibration, and movement 

(Abraira & Ginty, 2013). Table 2-1 lists the classification of mechanoreceptors based on their 

physiological properties, conduction speed, optimal stimulus, and response in terms of spike 

trains. In this thesis, we are especially interested in the mechanoreceptors with Aβ fibers and C 

fibers (hereafter referred to as Aβ afferents and C afferents) because their response 

characteristics imply that a single piece of tactile information could be heterogeneously 

processed in different ways. Figure 2-1 and Table 2-1 show their different aspects. Aβ and C 

afferents have different tuning curves. The firing rate of Aβ afferents is roughly proportional to 

the speed of a stroke while C afferents are sensitive a certain range of touch speeds. Specifically, 

C afferents achieve their maximum firing rate when the brush speed is around 1-10 cm/s (Loken, 

Wessberg, Morrison, McGlone, & Olausson, 2009), which is a gentle touch speed. The 

conduction speed of Aβ fibers is around 30-100 m/s while the speed of C fibers is 0.2-2m/s. The 

speed differences suggest that tactile information carried by C fibers arrives at the brain one 

second later than Aβ fibers. In addition, the spatial-temporal resolution of C afferents is much 

lower than Aβ afferents. Based on these observations, we can infer that Aβ afferents provide 

high spatial-temporal information to the brain for acute discrimination (e.g., where and what) 

whereas C afferents provide the brain hedonic (pleasant) sensation with low spatial-temporal 

resolution (e.g., just where). 
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Unlike primary visual cortex for visual information, primary somatosensory cortex (S1) 

is not the only first order cortical region processing tactile information from thalamus (TH). 

Insular cortex (IC), which was thought to be higher hierarchical cortical region receiving tactile 

information from secondary somatosensory cortex (S2) (Felleman & Van Essen, 1991), also 

processes tactile information ascending directly from posterior ventromedial thalamus (VMpo) in 

macaque (Sewards & Sewards, 2002) and human (Craig, Bushnell, Zhang, & Blomqvist, 1994). 

The parallel pathways to insular cortex in mammals imply that a single piece of tactile 

information could be heterogeneously processed in different regions and then integrated in 

insular cortex. For instance, a gentle touch detected by mechanoreceptors with C-fiber and Aβ-

fiber triggers spike trains going through TH→IC and TH→S1→S2→IC pathways, respectively. 

The spike trains invoke pleasant sensation, which is correlated with insular activity (Morrison, 

Bjornsdotter, & Olausson, 2011; Morrison, Loken, et al., 2011). The pleasant sensation could be 

a state of emotional representation in anterior insular cortex (AIC) as a result of integrating 

tactile information along posterior insular (pIC), mid-insular (mIC) and anterior insular (AIC) 

(Craig, 2002, 2009). In this thesis, we try to understand the possible neural mechanism for 

integrating tactile information in this area because the unconscious element of the pleasant 

sensation might be linked to the dopamine system (Schultz, 2006) and therefore defines innate 

preferences or values (J. L. Krichmar & Rohrbein, 2013).  
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Table 2-1 A Comparison of Cutaneous Mechanorecpetor Subtypes 

[adapted from (Abraira & Ginty, 2013)] 

 

 

Table 2-2 Summary of Tactile Information Carried by Aβ Fiber and C Fiber 

[adapted from (Bjornsdotter, Morrison, & Olausson, 2010)] 

Aβ fiber C fiber 

High temporal resolution Poor temporal resolution 

High spatial resolution Poor spatial resolution 

Complete innervation Innervation only in hairy skin 

Codes all aspects of mechanostimulation Codes specific force and velocities 

Projects through posterior column Projects through spinothalamic tract 

Projects to somatosensory cortices Projects to insular cortex 
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Figure 2-1 Schematic Model Describing Interoceptive C fibers and Exteroceptive Aβ fibers.  

[adapted from (Bjornsdotter et al., 2010)] 
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2.2 Neurorobotics 

Neurorobots have many alternative names: neuromorphic robots, brain based robots, 

cognitive robots, and so on. No matter what name is used, the general definition of a neurorobot 

is that of a physical robot controlled by a biologically inspired neural network the models some 

aspect of brain processing. Because the model of (central) nervous system is tightly coupled with 

the physical body, sensory perception, and or behavioral responses in the real-world 

environment, building neurorobots that demonstrate cognitive abilities could lead to a better 

understanding of the neural machinery that realizes cognitive function. Neurorobots are very 

powerful tools for studying underlying neural mechanisms because neurorobots can be tested and 

probed in the ways that are not yet feasible in human and animal experiments. Neurorobots also 

have the potential to demonstrate capabilities commonly found in the animal kingdom, but 

hardly achieved by robots driven by programs or algorithms. To summarize, the main idea of 

neurorobotics is that the brain embodied in the body and the body is embedded in the 

environment (Jeffrey L Krichmar & Wagatsuma, 2011) and an ultimate goal of neurorobtics is to 

achieve machine consciousness and reasoning in a biologically inspired approach. 

2.3 CARLsim: A Large-Scale Spiking Neural Network Simulator 

Spiking neural network (SNN) models play an important role in understanding brain 

function (C. Eliasmith et al., 2012) and designing neuromorphic devices with the energy 

efficiency, computational power, and fault-tolerance of the brain (Minkovich et al., 2014). These 

models represent a compromise between simulation run time and biological fidelity by capturing 

essential aspects of neural communication, such as spike dynamics, synaptic conductance, and 

plasticity, while foregoing computationally expensive descriptions of spatial voltage propagation 

found in compartmental models (see Figure 2-2). Developing efficient simulation environments 
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for SNN models is challenging due to the required memory to store the neuronal and synaptic 

state variables, and the time needed to solve the dynamical equations describing these models. 

Besides, in order to be of practical use to the computational modeling community, an SNN 

simulator should not only be fast, but also freely available, capable of running on affordable 

hardware, have a user-friendly interface, and provide tools to easily design, construct, and 

analyze SNN models. 

CARLsim is an open-source, C/C++ based SNN simulator that allows the execution of 

networks of Izhikevich spiking neurons with realistic synaptic dynamics on both generic x86 

CPUs and standard off-the-shelf GPUs. The simulation library has minimal external 

dependencies and provides users with a PyNN-like programming interface. Additionally, 

CARLsim provides online and offline data analysis tools as well as support for an automated 

parameter tuning framework. CARLsim is well suited to run large-scale SNN models that require 

a high degree of biological detail without sacrificing performance. The simulation library can 

output user-selected neuronal group firing rates on the millisecond time-scale and can thus 

interact with real-time neuromorphic hardware devices and robotics platforms. With CARLsim, 

the SNN model in this thesis is able to run faster than real time, which is critical for a practical 

robotic application. 
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Figure 2-2 Neuromorphic Abstraction 
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2.3.1 The Model of Spiking Neuron and Synapse 

CARLsim incorporated a phenomenological model of a spiking neuron proposed by 

Izhikevich (Izhikevich, 2003). The dynamics of each neuron is governed by following equations:  

�̇� = 𝟎. 𝟎𝟒𝒗𝟐 + 𝟓𝒗 + 𝟏𝟒𝟎 − 𝒖 + 𝑰     (1) 

�̇� = 𝑎(𝑏𝑣 − 𝑢)     (2) 

The variable v is the membrane potential of a neuron and the variable u is an abstract 

membrane recovery current. The variable I is the input current (i.e., the current flow into a 

neuron). A neuron emits a spike if its membrane potential is higher than 30mv and then resets 

according to the following equation: 

𝑖𝑓 𝑣 ≥ 30, 𝑡ℎ𝑒𝑛 {
𝑣 = 𝑐

𝑢 = 𝑢 + 𝑑
     (3) 

We used both excitatory regular spiking (RS) neurons and inhibitory fast spiking (FS) 

neurons in this thesis. For RS neurons, we set a = 0.02, b = 0.2, c = -65.0, and d = 8.0. For FS 

neurons, we set a = 0.1, b = 0.2, c = -65.0, and d = 2.0. CARLsim incorporated both conductance 

based synapse model (COBA) (Izhikevich & Edelman, 2008), which is more biologically 

realistic, and current based synapse model (CUBA), which is more efficient, for calculating the 

input current for each neuron. The equation for COBA is: 

𝐼 = 𝑔𝐴𝑀𝑃𝐴(0 − 𝑣) + 𝑔𝑁𝑀𝐷𝐴

[
−80−𝑣

60
]

2

1+[
−80−𝑣

60
]

2 (0 − 𝑣) + 𝑔𝐺𝐴𝐵𝐴𝐴
(−70 − 𝑣) + 𝑔𝐺𝐴𝐵𝐴𝐵

(−90 − 𝑣)     (4a) 

where v is again the membrane potential and g is the total conductance for ion channels 

created by different receptors (i.e., AMPA, NMDA, GABAA, GABAB). The conductance g is 

increased by the amount of synaptic weight w upon the arrival of a spike and decays along time 

as described by the equations below: 
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𝑔𝑖,𝑘 = ∑ 𝑤𝑗𝑘𝛿(𝑡 − 𝑡𝑝𝑟𝑒,𝑗)𝑁
𝑗 , 𝑖 ∈ {𝐴𝑀𝑃𝐴, 𝑁𝑀𝐷𝐴, 𝐺𝐴𝐵𝐴𝐴, 𝐺𝐴𝐵𝐴𝐵}     (5a) 

�̇�𝑖,𝑘 = −
𝑔𝑖,𝑘

𝜏𝑖
 , 𝑖 ∈ {𝐴𝑀𝑃𝐴, 𝑁𝑀𝐷𝐴, 𝐺𝐴𝐵𝐴𝐴, 𝐺𝐴𝐵𝐴𝐵}     (6a) 

where N is the number of pre-synaptic neurons and wjk is the weight of the synapse 

connecting pre-synaptic neuron j and post-synaptic neuron k. δ is the Dirac delta function. t is the 

current time (i.e., current simulation time step when we approximate the continuous function in 

discrete time steps) and tpre,j is the arrival time of the last spike from neuron j. The decay constant 

τi was set to 5, 100, 6, and 150ms for different receptors AMPA, NMDA, GABAA, and GABAB, 

respectively. 

The equation for CUBA is: 

𝐼 = ∑ 𝑤𝑗
𝑁
𝑗      (4b) 

The variable wj is the synaptic weight of synapse j, which had a typical range from 0.0 to 

12.0.  The summation of all wj presents the total current contributed by all firing pre-synaptic 

neurons. 

Spike timing dependent plasticity (STDP) (Caporale & Dan, 2008; Markram, Gerstner, & 

Sjostrom, 2011) is a form of biologically inspired unsupervised learning rule. CARLsim include 

STDP with a rich set of STDP curves (see Figure 2-3). The synaptic weights change by 

exponential curve (see Figure 2-3A) and symmetric pulse curve (see Figure 2-3D) can be 

expressed by following equations: 

�̇�𝑒𝑥𝑐 = 𝐴+𝑒
𝑡𝑝𝑟𝑒−𝑡𝑝𝑜𝑠𝑡

𝜏+ 𝛿(𝑡 − 𝑡𝑝𝑜𝑠𝑡) − 𝐴−𝑒
𝑡𝑝𝑜𝑠𝑡−𝑡𝑝𝑟𝑒

𝜏− 𝛿(𝑡 − 𝑡𝑝𝑟𝑒)     (7) 

�̇�𝑖𝑛ℎ = 𝐵+𝐻+(|𝑡𝑝𝑜𝑠𝑡 − 𝑡𝑝𝑟𝑒|)𝛿(𝑡 − 𝑡𝑝𝑟𝑒)+𝐵+𝐻+(|𝑡𝑝𝑜𝑠𝑡 − 𝑡𝑝𝑟𝑒|)𝛿(𝑡 − 𝑡𝑝𝑜𝑠𝑡) − 𝐵−𝐻−(|𝑡𝑝𝑜𝑠𝑡 −

𝑡𝑝𝑟𝑒|)𝛿(𝑡 − 𝑡𝑝𝑟𝑒)−𝐵−𝐻−(|𝑡𝑝𝑜𝑠𝑡 − 𝑡𝑝𝑟𝑒|)𝛿(𝑡 − 𝑡𝑝𝑜𝑠𝑡)    (8) 
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𝐻+(𝑥) = {
1, 𝑖𝑓 0 < 𝑥 ≤ 𝜆

0, 𝑒𝑙𝑠𝑒
, 𝐻−(𝑥) = {

1, 𝑖𝑓 𝜆 < 𝑥 ≤  𝛾
0, 𝑒𝑙𝑠𝑒

       (9) 

The variable wexc is excitatory synaptic weight. tpre is the arrival time of last pre-synaptic 

spikes while tpost is the time of post-synaptic spikes. δ is again the Dirac delta function. Typically 

we set the E-STDP parameters A
+
/A

-
 and τ

+
/τ

-
 to 0.1/0.07 and 20/40ms respectively. The 

variable winh is inhibitory synaptic weight. The I-STDP function is symmetric lines as described 

in (Srinivasa & Jiang, 2013). λ and γ define the ranges of inhibitory LTP and LTD. Typically we 

set the I-STDP parameters B
+
/B

-
 and λ/γ to 0.1/0.06 and 4/20ms. 
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Figure 2-3 Different Types of STDP Curves Supported by CARLsim. Green curves can be 

applied to glutamatergic synapses, whereas red curves can be applied to GABAergic synapses. 

(A) exponential curve (standard Hebbian curve) (B) timing-based curve (C) exponential curve 

(D) symmetric pulse curve. 

  



20 
 

2.3.2 Support Reinforcement Learning: DA-STDP and DA-PSF 

Dopamine modulated spike timing dependent plasticity (DA-STDP) served as the 

underlying neural mechanism for reinforcement learning and solving the distal reward problem 

in this thesis (Izhikevich, 2007). In this form, the E-STDP function does not directly change 

synaptic weights, but instead modulates weights through an eligibility trace. The change of 

eligibility trace c, dopamine value d, and excitatory synaptic weight wexc are described by the 

following equations: 

�̇� = −𝑐
𝜏𝑐⁄ + 𝐴+𝑒

𝑡𝑝𝑟𝑒−𝑡𝑝𝑜𝑠𝑡

𝜏+ 𝛿(𝑡 − 𝑡𝑝𝑜𝑠𝑡) − 𝐴−𝑒
𝑡𝑝𝑜𝑠𝑡−𝑡𝑝𝑟𝑒

𝜏− 𝛿(𝑡 − 𝑡𝑝𝑟𝑒)     (10) 

�̇� = −𝑑
𝜏𝑑

⁄ + 𝑑𝑎𝑠𝑦𝑛𝛿(𝑡 − 𝑡𝑝𝑟𝑒)    (11) 

�̇�𝑒𝑥𝑐 = �̇�𝑑    (12) 

The excitatory synaptic weight wexc is scaled by variable d, which is the dopamine 

concentration of the target neural group (i.e., the post neural group projected by dopaminergic 

synapses). The dopamine value d is increased by dasyn, which is 0.04, for each spike reaching the 

target neural group. The value of d ranges from the baseline value 1.0µM to a peak value 

20.0µM. Please note, both d and c decay over time. The time constant τc and τd are 1000 and 

50ms as shown in Eq. 10 and Eq. 11, respectively. Figure 2-4 illustrates how DA-STDP works. 

To demonstrate the effect of DA-STDP, we reproduced findings from a computational 

study that used precise spike firing patterns and a global diffusive reinforcement signal 

(dopamine) to learn associations between cues and rewards (Izhikevich, 2007). Our simulations 

used DA-STDP with the experimental setup shown in Figure 2-5A. For each trial, a stimulus was 

delivered to group S resulting in the firing of a majority of the neurons in the group. The firing 

activity from group S evoked a small number spikes in groups A and B, which represented the 

response of the network to the stimulus. The network response state consisted of 3 possible states: 
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A, B, or no response. If group A had more spikes than group B, the network response was said to 

be in state A, with the opposite being true for state B, and the no response state occurring when 

both groups A and B had the same number of spikes. 

An increase in the dopamine concentration in the network represented reward in the 

simulation. In the first 250 trials, the network was rewarded only if it produced response A. After 

250 trials, the reward condition changed and the network was rewarded only if it produced 

response B. Figure 2-5B and 2-5C show simulation results that replicate previous work 

(Izhikevich, 2007). During the initial stage (i.e., trials 1 ~ 100), the firing rates in both groups A 

and B increased but the network response was random. After 100 trials, the network produced 

response A with a significantly higher probability. At trial 250, the reward condition was 

changed to response B, triggering the network to change its response to B after trial 360. An 

interesting phenomenon is that the network did spent time (trial 250 ~ 360) re-associating the 

reward with a different response, which was not obvious in previous work (Izhikevich, 2007). 

With the DA-STDP feature in CARLsim, users can easily implement reinforcement learning 

applications. The reproduced instrumental conditioning example was implemented in less than 

300 lines of C++ code. 
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Figure 2-4 An Illustration for Dopamine-Modulated Spike-Timing Dependent Plasticity. 

(A) The strength w(t) and eligibility trace c(t) are attributes of a synapse. The dopamine 

concentration d(t) is an attribute of post neural group (B) Pre-post spiking order will increase the 

eligibility trace of a synapse while post-pre spiking order will decrease the eligibility trace. The 

strength of a synapse is changed by the amount of c(t) * d(t) 
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Figure 2-5 Instrumental Conditioning Simulation Results. (A) Experimental setup. (B) Plot 

of probability of network response versus trial number. Red shaded areas denote reward applied 

to response A while green shaded areas denote reward applied to response B. (C) Plot of average 

number of spikes from groups A and B versus trial number. 
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Dopamine modulated post-synaptic facilitation (DA-PSF) is the phenomenon where 

excitability of post-synaptic neural group is modulated by dopamine (Nicola, Surmeier, & 

Malenka, 2000; Williams & Castner, 2006). A large portion of medium spiny neurons in striatum 

has D1 receptors to allow extra input current. CARLsim modeled this phenomenon as the 

following equation: 

𝑔𝑒𝑓𝑐,𝑖 = 𝑔𝑖(0.9 + 0.1𝑑), 𝑖 ∈ {𝐴𝑀𝑃𝐴, 𝑁𝑀𝐷𝐴}    (13) 

where d is the dopamine value and gefc is the effective conductance used for calculating 

input current by Eq 4. Note that the minimum gain 1.0 due to the baseline dopamine value of 

1.0µM. 

2.3.3 CARLsim Performance 

In order to demonstrate the efficiency and scalability of CARLsim, we ran simulations 

consisting of various sized SNNs and measured their execution time. GPU simulations were run 

on a single NVIDIA GTX 780 (3 GB of memory) using CUDA, and CPU simulations were run 

on an Intel Core i7 CPU 920 at 2.67 GHz. 

The results of these benchmarks are summarized in Figiure 2-6. Networks consisted of 

80% excitatory and 20% inhibitory neurons, with an additional 10% of neurons being Poisson 

spike generators that drove network activity. The two neuronal populations were randomly 

connected with a fixed connection probability, and E-STDP was used to generate sustained 

irregular activity as described by Vogels and Abbott (Vogels & Abbott, 2005). The number of 

synapses per neuron ranged from 100 to 300 connections, and the overall network activity was 

~10 Hz.  

GPU simulation speed, given as the ratio of GPU execution time over real-time, is plotted 

in Figure. 2-6A. Execution time scaled linear with workload, both in terms of number of neurons 
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as well as number of synapses. In an earlier CARLsim paper (Richert, Nageswaran, Dutt, & 

Krichmar, 2011), it was reported that networks with 110,000 neurons and 100 synaptic 

connections per neuron took roughly two seconds of clock time for every second of simulation 

time (CARLsim 2). The current release (CARLsim 3) was slightly slower in this scenario, taking 

roughly 2.5 seconds of clock time for every second of simulation time, which is not surprising 

given the large number of additional features in the present release. On the other hand, GPU 

mode still significantly outperformed CPU mode (see Figure. 2-6B). GPU execution time was up 

to 60 times faster than the CPU. This result is due to a combination of newer hardware (GTX 

780) as well as code-level optimization that allowed the effective use of S-parallelism 

(Nageswaran, Dutt, Krichmar, Nicolau, & Veidenbaum, 2009) for new features such as synaptic 

receptor ratios and different shaped STDP curves, which are not possible in a single-threaded 

CPU simulation. In summary, despite the additional features and new programming interface, the 

current release (CARLsim 3) is similar in performance to our previous releases and highly 

optimized for SNNs on the order of 10
5
 neurons and 10

7
 synapses. 
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Figure 2-6 CARLsim Performance. (A) Ratio of execution time to simulation time versus 

number of neurons for simulations with 100, 200, and 300 synapses/neuron. The dotted line 

represents simulations running in real-time. (B) Simulation speedup versus number of neurons. 

Speedups increase with neuron number. Models with 50k neurons or more will have the most 

dramatic speedup. 
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2.3.4 Other SNN Simulators 

Today, a wide variety of simulation environments are available to the computational 

neuroscience community that allow for the simulation of SNNs. Although many simulators share 

similar approaches and features, most have unique qualities that distinguish them from the 

others. In an effort to identify and highlight these qualities, we compared a list of features 

provided by a number of other SNN simulators with CARLsim 3. We limited this comparison to 

large-scale SNN simulators that are most common to CARLsim in that they are: (i) open source, 

(ii) support the clock-driven and parallelized simulation of (iii) point neurons, such as LIF, 

Izhikevich or aIF neurons, with (iv) conductance-based synapses, and (v) provide some form of 

synaptic plasticity. Specifically, we chose (in alphabetical order) Brian 2 (Goodman & Brette, 

2008), GeNN 2 (Nowotny, 2011), NCS 6 (Hoang, Tanna, Jayet Bray, Dascalu, & Harris, 2013), 

NeMo 0.7 (Fidjeland, Roesch, Shanahan, & Luk, 2009), Nengo 2.0 (Bekolay et al., 2014), NEST 

2.6 (Gewaltig & Diesmann, 2007) and PCSIM 0.5 (Pecevski, Natschläger, & Schuch, 2009). 

Table 2-3 compares different simulation environments with respect to features of both 

biological realism and technical capability. A specific feature is indicated as either fully 

implemented (‘X’) or absent (blank, ‘ ’). A ‘/’ denotes a feature that is only partially 

implemented (e.g., neuromodulation in NEST), requires substantial user efforts to implement 

(e.g., DA-STDP in Brian), or is reportedly untested (e.g., Windows support for PCSIM). 

All of the simulators listed in Table 2-3 offer many features that allow the simulation of 

complex neural networks on several back-ends. In addition, if users are interested in modeling 

certain details of the biological model that are not natively supported, all of the simulators offer 

ways to extend the code base, either by way of plug-in code, implementation inheritance, or 

dynamic code generation. For example, both Brian and GeNN offer ways for the user to 



28 
 

formulate any neuronal, synaptic, or learning model they please. This fact makes the simulators 

invaluable for power-users, but may be difficult for less-experienced programmers and may 

prohibit code-level optimizations for certain user-defined functionality. Nengo provides 

flexibility through its scripting interface, and also provides a graphical user interface to construct 

SNNs at different levels of abstraction. In Nengo, large-scale functional networks can be 

achieved using the Neural Engineering Framework (NEF), which is a theoretical framework that 

can use anatomical constraints, functional objectives, and control theory to find the set of 

weights that approximate some desired functionality (Chris Eliasmith & Anderson, 2004). 

Given the massive potential for parallelization of artificial neural networks (Nordström & 

Svensson, 1992), it is not surprising that all of the presented simulators offer implementations on 

at least one parallel architecture. In order to efficiently run large-scale SNNs, simulators such as 

NCS, NEST, and PCSIM use distributed computing across standard computer clusters, whereas 

simulators such as CARLsim, GeNN, NCS, and NeMo leverage the parallel processing 

capability of NVIDIA GPUs. Currently, NCS 6 seems to be the only open-source SNN simulator 

to support execution on heterogeneous clusters of CPUs and GPU. CARLsim 3 currently has 

partial multi-GPU support as the tuning framework can utilize multiple GPUs in Linux. 

However, full multi-GPU support is reportedly under development for a number of platforms, 

including a near-future release of CARLsim. 

Although all of the simulation environments listed in Table 2-3 have their own pros and 

cons, we believe that CARLsim 3 has advantages when it comes to efficiently simulating large-

scale SNNs without having to sacrifice biological realism. In particular, we have made serious 

efforts to improve the usability of our platform by means of platform compatibility (Linux, Mac 

OS X, and Windows), rigorous code documentation (including an extensive tutorial and a 
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number of example networks), a regression suite for functional code verification, and a 

MATLAB toolbox for the visualization and analysis of neuronal, synaptic, and network 

information. CARLsim 3 provides native support for a range of spike-based synaptic plasticity 

mechanisms and topographic synaptic projections, as well as being among the first to provide 

support for a network-level parameter tuning interface. Additionally, the PyNN-like interface, 

flexible visualization tools, and much improved documentation make CARLsim 3 easy to use. 
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Table 2-3 Features Comparison for Open-Source SNN Simulators 
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3 
 X  X X X X X X X X X X X X X X X    X  X   X / X X X 

CARLsim 

2 
 X  X X X  X X     X  /  X    X  X   X  X  / 

Brian 2 X X X X X X / X X X / X X X / / X X X X X X  X X /   X X X 

GeNN 2  X X X X X / / X   / X /    X    X  X   X  X X X 

NCS 6 X X X X X /  X X    X X  /  X   X X  X X X X X X   

NeMo 0.7  X   X  / X X X   X X  X X X   X X  X X  X  X X X 

Nengo 2 X X X X X X X X /   X X  X X X   X X  X X X  X  X X X 

NEST 2.6 X X X X X X / X X  X X X X   X X X X X   X X X   X X  

PCSIM 0.5 X X X X X X / X X  X X X X  / X X   X / X X X X   X X / 
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2.4 Related Works 

Tactile sensing is an active area of robotics research that aims better prosthesis (Kim et 

al., 2014) and motion control (Schmitz et al., 2011). Most of robots with tactile sensing are 

constructed from custom-made materials (Kim et al., 2014; Lipomi et al., 2011; Takei et al., 

2010) and sensing circuits for touch (Cannata, Maggiali, Metta, & Sandini, 2008; Dahiya, Metta, 

Valle, & Sandini, 2010; Maheshwari & Saraf, 2008). Creating an artificial tactile system is 

difficult for many reasons. For example, the sensors must cover a large range and be compliant 

with the surfaces with which they interact. Moreover, the spatiotemporal nature of tactile stimuli, 

as well as the noisy sensors and environments in which they operate, make the perception of 

touch a complex problem. To provide a large surface that could handle a wide range of user 

inputs, we utilize a matrix of trackballs, which are found in many cellphones, across CARL-

SJR’s curved shell. The size, shape, and resolution are a good fit for the types of social 

interactions where users are encouraged to touch CARL-SJR with gentle touches across CARL-

SJR’s surface. 

The following subsections describe socially assistive robots and neurorobots that are 

related to CARL-SJR. Figure 2-7 summaries these robots. 

2.4.1 Socially Assistive Robots 

Most of socially assistive robots (SARs) focus on eye contact (e.g., shared attention, 

shared gaze, etc.) and facial expressions. Examples of these SARs include KASPAR 

(Dautenhahn et al., 2009; Ben Robins & Dautenhahn, 2010), Muu (Matsumoto, Fujii, & Okada, 

2006), Keepon (Kozima et al., 2007), Tito (Duquette, Michaud, & Mercier, 2008), Bandit (Feil-

Seifer & Mataric, 2008), Robota (Ben Robins, Dautenhahn, Te Boekhorst, & Billard, 2005), 

FACE (Pioggia et al., 2007). KASPAR, Robot, FACE, and Bandit implement human-like face. 
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Their facial expressions help children with ASD to understand social cues. Muu, Keepon, and 

Tito are toy-like robots. They have eyes for shared attention and shared gaze with children. The 

design of CARL-SJR does not include complicated facial expression but the camera could serve 

as an eye and has the similar effect as Muu, Keepon, or Tito. 

Most of these SARs mentioned above tend to ignore tactile interaction, which is impaired 

in many children with developmental disorders. One exception is the robot KASPAR, whose 

face has tactile sensing capability. KASPAR has been shown to facilitate tactile engagement with 

children with autism (B Robins, Amirabdollahian, & Dautenhahn, 2013). Another exception is 

the Roball (Michaud et al., 2005; Salter, Michaud, & Letourneau, 2009), which has been 

developed for playing games with children with autism. Similar to CARL-SJR, Roball flashes 

colors and has panels that respond to touch, but Roball has limited tactile sensing capability, 

cannot collect and store data, and lacks adaptive behavior and learning capabilities. 

2.4.2 Neurorobots 

Hosoda of Osaka University has constructed an anthropomorphic robot hand, called a 

Bionic Hand, which is covered with soft silicon skin and equipped with distributed tactile 

receptors (Hosoda, Tada, & Asada, 2006). The Bionic Hand can distinguish the grasped objects 

through classifying the rich sensory information. Similar to Hosoda’s work, Bologna created a 

robotic hand with sensitive fingers that can detect Braille characters (i.e., characters used for 

visually impaired persons). They used a SNN model of first-order and second order cutaneous 

neurons to recognize Braille characters with high accuracy (Bologna, Pinoteau, Brasselet, 

Maggiali, & Arleo, 2011; Bologna et al., 2013; Spigler, Oddo, & Carrozza, 2012). 

Inspired by rodents and other mammals with vibrissae, a research group at Sheffield 

University built whiskered robots which was developed to sense the borders and shape of objects 
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(Evans et al., 2012; Pearson, Mitchinson, Sullivan, Pipe, & Prescott, 2011; Schroeder & 

Hartmann, 2012). The whiskered robots, called Whiskerbot and SCRATCHbot, aimed to better 

understand the rat whisker system, and to test hypotheses about whisker control and vibrissal 

sensing in physical robots.  

Krichmar and Cox presented a strategy for controlling autonomous robots, which was 

based on the principles of neuromodulation in the mammalian brain (Cox & Krichmar, 2009). 

CARL’s behavior was controlled by a neural model of the cholinergic, dopaminergic, and 

serotonergic systems, to test the hypothesis that neuromodulatory activity can shape learning, 

drive attention, and select actions. The robotic experiments suggest a mechanism of how 

neuromodulatory systems influence attention and decision-making. Currently, CARL-SJR’s 

behavior is controlled by dopaminergic system only. CARL-SJR will incorporate the other 

neuromoulatory systems in the near future. 

A group of roboticists and computational neuroscientists at the University of Queensland 

have sought to build a system that simulate the rodent’s method of navigation (Wyeth & Milford, 

2009). The core model, called RatSLAM, has demonstrated that it can construct maps of large 

and complex areas from very weak geometric information. The neural architecture of RatSLAM 

was inspired by grid and place cells found in the rodent entorhinal cortex and hippocampus. 
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Figure 2-7 Robots Closely Related to CARL-SJR (A) Socially assistive robots (B) Tactile 

sensing robots (C) Nuerorobots 
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CHAPTER 3 

THE NEUROROBOT: CARL-SJR 

3.1 CARL-SJR’s Basic Information 

CARL-SJR aims to be autonomous, mobile, self-contained, and capable of tactile sensing 

and interaction (see Figure 3-1). To give the robot a sense of touch, we incorporated an array of 

trackballs, which are typically found in cellphones and other devices. The trackball array can 

signal the direction of tactile stimuli. The robot’s unique form factor encourages users to rub or 

pet its surface. CARL-SJR has a large tactile sensory area and the ability to display bright colors 

on its shell (see Figure 3-1A). CARL-SJR’s shell has a 9-by-8 matrix of true color LEDs. Any 

animated color pattern can be programmed to display on its shell. Similar to cuttlefish, octopus, 

and other cephalopods (Hanlon & Messenger, 1996), CARL-SJR can express itself by signaling 

visually through color and pattern changes on its shell. The shell also has a 9-by-8 matrix of 

trackballs, which are used for sensing tactile input. The trackballs form a coordinate system with 

the upper left trackball mapped to the origin (0,0), and the downward right trackball mapped to 

the maximum coordinates (8,6) (see Figure 3-1B). A trackball can detect a touch event in four 

directions (i.e., up, down, left, and right). Assuming a trackball rolls in the left direction, a 

sequence of touch events will be generated as shown by the timeline in Figure 3-1C. In this 

example, the majority of touch events are in the left direction accompanied by noise in other 

directions. The current version of CARL-SJR mounted the tactile shell on an iRobot Create 

platform. A computer, which communicated with CARL-SJR over Bluetooth, executed the 

neural model, collected trackball data, controlled the LEDs on the shell, and controlled the 

motors and speakers on the iRobot Create.  
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CARL-SJR displayed color patterns as output, and took hand movements as input. The 

display patterns could be a solid color, mixed, or animated. Figure 3-1D shows an example of an 

animated color pattern. The yellow pattern moves downward in 800ms. Hand movements across 

the shell triggered touch events in the matrix of trackballs. Figure 3-1E shows a typical touch 

pattern. The hand moves downward. Usually 4 ~ 7 trackballs are touched simultaneously.  
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Figure 3-1 CARL-SJR’s Basic Information. (A) Photograph of CARL-SJR. The shell has a 9-

by-8 matrix of trackballs each collocated with red, green, and blue color LEDs. Any animated 

color pattern is possible.  (B) The 9-by-8 matrix of trackballs forms the coordinate system of 

CARL-SJR. The most up left trackball is mapped to the origin (0,0) while the most down right 

trackball is mapped to the coordinates (8,6). (C) A trackball can detect a touch event in four 

directions. Assuming a trackball rolls in the left direction, a sequence of touch events will be 

generated as shown by the timeline. The majority of touch events will be left events with events 

in other directions due to sensor noise. (D) An example of an animated color pattern. The yellow 

pattern moves downward in 800 ms. (E) An example of a typical touch pattern. The hand moves 

downward. Usually 4 ~ 7 trackballs are touched simultaneously. (F) Schematic of the spiking 

neural network architecture that controlled CARL-SJR’s behavior. 
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3.2 CARL-SJR’s Hardware Design 

CARL-SJR carries a suite of sensors and communication devices including: a Toshiba 

WB16A IP pan-tilt-zoom network camera, microphone, speaker, WiFi, bluetooth, wheel 

encoders, and bump sensors. The robot also employs a holonomic drive system using three, 

triangularly oriented omni-wheels in order to allow for mobility within the confined spaces of an 

office building. Figure 3-2 shows a system overview of CARL-SJR’s electronic components. 

CARL-SJR has an onboard Wandboard (www.wandboard.org) with an i.MX6 quad core 

ARM Cortex A9 processor which acts as the “brain” of the system. This board runs the main SNN 

that control CARL-SJR’s behavior. The Wandboard also provides ports for a microphone and 

speakers that may be another means of communicating with a user. Mobile development boards, 

such as the Wandboard, have become powerful enough to run complex neural network 

simulations in real time. However, a benefit of these mobile processors is their low power usage. 

Even at full load many of these mobile ARM processors only consume a few watts of power. This 

allows complex simulations to be run from battery power, making the robot completely 

autonomous. If a SNN is too large to run locally, WiFi and Bluetooth connectivity allow a remote 

SNN to control the hardware. 
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Figure 3-2 System Overview of CARL-SJR’s Components  
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An Atmel SAM3X microcontroller handles low-level control tasks, such as translating the 

motor commands into the complex vectors needed to control the three-wheeled holonomic drive 

system, responding to reflexive inputs like bump sensors, and routing data between the 

Wandboard and the two separate Controller Area Network (CAN) busses on CARL-SJR. One 

CAN bus carries high priority messages, such as motor commands and bump sensor messages, 

and a secondary bus is used for lower priority sensor information, such as the trackball array and 

other possible future sensors. This separation ensures that the high priority bus is never bogged 

down by messages flooding the secondary bus, which may happen if the trackball array is over-

activated. 

CARL-SJR uses a holonomic drive system that enables the robot to freely move in any 

direction, allowing for control in tight spaces such as hallways and offices where this robot will 

mainly reside. The holonomic drive system is built from three omni wheels, each attached to a 

brushed, DC motor with a 64 count per revolution, magnetic, quadrature encoder on the motor 

shaft and an output gearing of 29:1. This allows for very fine-grained control of speed and 

positioning. Each motor is controlled by a custom circuit board containing a 

dsPIC33FJ128MC804 microcontroller and a motor driver chip. The microcontroller 

communicates with the main board through the primary CAN bus and monitors information such 

as odometry, wheel speed, and fault conditions. Odometry from each wheel is polled periodically 

by the mainboard to calculate total distance and direction traveled by the robot. 

The convex, hemispheric shell is used for visual and tactile interaction with users. The 

inside of the hemispherical shell contains an array of 67 circuit boards each containing a 

PIC16LF1827 microcontroller, red, green and blue LEDs, and a miniature trackball 

(Sparkfun.com COM-09308) which is accessible from the outside of the shell. When a user runs 
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their hand along the shell they swipe the trackballs, which have independent magnetic encoders 

for each direction: up, down, left, and right. Hall effect sensors at each trackball output a square 

wave signal that has a frequency proportional to the velocity of the trackball in that direction. A 

single rotation of the trackball in one direction causes approximately 20 signal level transitions. 

Each trackball is monitored by its respective microcontroller for any movement. Movement is 

defined as any transition (high-to-low or low-to-high) of the Hall effect signal. Transitions are 

grouped into 1ms bins and any bin which contains one or more transitions is treated as a single 

spike. 

As shown in Figure 3-2, a group of trackball boards are joined into a row and are daisy 

chained by an SPI bus. Each of the 9 total rows is connected to an array controller circuit board. 

This board contains a dsPICFJ128MC804 microcontroller which functions as the SPI master 

device and polls the trackball boards for movement data every 8ms. It uses two SPI channels and 

communicates with up to five rows on each channel using the chip select line to select a row. This 

allows the controller to scan all the rows every 8ms. 

The daisy chain topology of the rows means the array controller can poll all of the 

trackball boards in the selected row by shifting 32-bits per board of command data out to each 

board while concurrently receiving 32-bits of transitions, or spikes, from each trackball. The 

received data represents the past 8ms worth of spikes for each of the four directions. Spike data is 

forwarded to the main board via the secondary CAN bus and then to the Wandboard and then to 

the SNN. To lower communication bandwidth, the array controller only sends a message if a 

trackball reported a spike within the last 8ms window. Each trackball has a red, green, and blue 

LED associated with it. In order to control the LED colors and patterns commands can be sent to 
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the array controller through the mainboard to individually control each LED or multiple LEDs. 

This command data is shifted out to each row while the spike data is being collected. 

A 9 by 8 matrix of trackballs was built with a PIC16F1824 monitoring each trackball 

board (see Figure 3-3, note that the figure only depicts 4 by 4 matrix of trackballs for 

compactness). In contrast to the single array controller of the robot, each row was controlled by a 

dsPIC33FJ128MC802 microcontroller. The row controllers were connected via a single CAN bus 

and any messages on the bus were converted to serial (RS-232) format and transmitted to a PC 

running a SNN simulation. When the PC received a message, it translated the information into 

spike events that were input to the neural network simulation. 

  



43 
 

 

Figure 3-3 The Architecture of The Trackball Matrix. Each row contains four trackballs and 

their interface chips daisy chained using an SPI bus with a row controller as the master. The row 

controllers communicate through a CAN bus to a transceiver which converts spike data to a 

serial (RS-232) format which is then transmitted to the PC running the spiking neural network. 

 

Figure 3-4 The Data Flow Diagram in A Row of Trackballs. The data is shifted along the SPI 

bus, with LED command data going to the trackball controllers and spike data returning to the 

row controller. N is the column ID of the trackball controllers. Shifting continues until all 32-bits 

of movement data are received from each trackball, totaling 128-bits of data. The SPI bus runs at 

100Kbps. 
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Spike data was collected in the same way as described above, by shifting 8ms of spike 

data for each direction out of each trackball in a row (see Figure 3-4). This means that a row with 

four trackballs must shift 128-bits to receive the 32-bits of spike data per trackball. Since each 

PIC16F1824 has an 8-bit wide shift register, each row acts as a four-byte wide shift register. So 

after 32-bits of control data has been shifted down the row and 32-bits of spike data has been 

received, each trackball controller must place the next byte of spike data into its shift register in 

preparation for the next 32-bit shift.  

Once the spike data reaches the row controllers it is converted into a message format 

suitable for the CAN bus. Each message contains spike data for a single direction on a single 

trackball and only for one 8ms window. If multiple trackballs in a row reported spikes (or a single 

trackball reported spikes in different directions) within an 8ms window, the row controller will 

send one message for each trackball (or direction). Sparsity is achieved by transmitting messages 

for time windows that contain a spike and omitting messages that don’t contain any movement. 

The 8ms windows are indexed by a 16-bit timestamp which is taken from a row-local clock which 

is synchronized with the SNN simulation clock every two seconds. This ensures that out of order 

messages on the CAN bus can be reconstructed in the proper order once they reach the PC. 

3.3 CARL-SJR’s Software Components 

The current version of CARL-SJR does not include onboard Wandboard (see Section 3.2 

and Figure 3.2) to execute the SNN built through CARLsim. Instead, a C# program is used for 

interconnect CARL-SJR with the SNN running on a desktop PC or workstation (see Figure 3-5). 

The C# program takes responsibility for mapping trackball inputs to spike trains and spike trains 

to LEDs, motor, speaker commands. The C# program establishes two Bluetooth connections for 

transferring commands and trackball inputs to/from CARL-SJR’s shell and iRobot Create. On 
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the PC side, the C# program establishes a TCP/IC connection and a UDP connection with the 

simple server module provide by CARLsim 3. The simple server module takes responsibility for 

sending out the number of spikes in areas monitored by SpikeMonitor
1
 and receiving spike trains 

in AER format, which will be used by SpikeGenerator
2
 for injecting spikes into the SNN. 

  

                                                           
1
 Please refer to documentation of SpikeMonitor class 

(http://www.socsci.uci.edu/~jkrichma/CARLsim/doc/classSpikeMonitor.html) 
2
 Please refer to documentation of SpikeGenerator class 

(http://www.socsci.uci.edu/~jkrichma/CARLsim/doc/classSpikeGenerator.html) 
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Figure 3-5 Components and Data Flow of CARL-SJR  
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CHAPTER 4 

PILOT STUDY FOR ASD AND ADHD THERAPY 

In this chapter, we first introduce an interactive game that is designed based on the current 

version of CARL-SJR. We also explain the metrics of hand movements and then use the metrics 

to analyze the trackball data collected during the pilot study. The results are very encouraging 

and suggest CARL-SJR together with the interactive game might serve as a diagnose tool. 

4.1 An Interactive Game: ColorMe 

The version of CARL-SJR used in the pilot study was the CARL-SJR’s shell riding on an 

iRobot Create platform (see Figure 3-1A). A laptop, which communicated with CARL-SJR over 

Bluetooth, collected trackball data, controlled the LEDs on the shell, and controlled the motors 

and speakers on the iRobot Create. Subject data, such as movement metrics and game 

performance, were stored and analyzed on the laptop. The laptop’s display was also used to 

provide instructions and feedback to the users.   

We developed an interactive game, in which subjects played with CARL-SJR, called 

ColorMe. The game procedure was as follows: 1) an accompanying computer showed the 

desired color and direction of movement on CARL-SJR’s shell. 2) To finish a game, subjects 

were required to rub the surface of CARL-SJR in the desired direction at a constant speed to 

paint the shell the desired color. 3) The robot gave auditory and motion feedback when the 

expected color criterion was satisfied.  

The game had six levels ranging from easy to hard. Harder levels required more complex 

movements and tighter movement constraints (see Table 4-1). We use a level-5 game play as an 

example. In the instructional phase (see Figure. 4-1), a cartoon of CARL-SJR’s was shown on 
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the user display with three stages. Subjects were asked to paint CARL-SJR the desired color by 

moving their hand in the instructed direction. For instance, in the first stage, subjects were 

required to paint CARL-SJR in cyan by rubbing CARL-SJR’s shell from front to back. In the 

second stage, a back to front movement on the left half painted the shell red. In the third stage, a 

hand movement along a diagonal stripe painted the shell yellow. The LEDs around each 

trackball only displayed a color if the hand movement was in the correct direction at the correct 

speed. The criterion of clearing a stage was painting 80% of the LEDs in the expected pattern of 

color. Progress toward a completed stage and the desired movement was provided on the display 

(see top left and bottom right in Figure 4-2). There was also an auditory feedback indicating 

whether a move was satisfactory or not. A game completed when all stages were cleared, at 

which time CARL-SJR performed a happy dance by spinning left and right. The supplemental 

video shows an example of a user playing a level-5 game. 

Figure 4-3 illustrates the detailed configuration of each game level. There was only one 

stage for level 1 as indicated in the first row. At higher levels, patterns of half circle or stripe 

were required at second or third stage. Besides more complicated patterns of color as the levels 

got progressively harder, the range of acceptable speeds narrowed as well (see Table 4-1). 

During game play, we collected and stored performance and tactile information on a 

nearby laptop. This included the number of successful movements, wrong directional 

movements, too fast movements, and too slow movements per session (i.e., a level of game 

play). The game level with each session, and trackball telemetry, such as the speed, and 

smoothness of movements were recorded as well. 

The calculation for speed and smoothness of movements was not trivial. Because CARL-

SJR’s shell is spherical and each column of trackballs is not perfectly aligned, we performed 
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geometry correction on the coordinates of each trackball. The bottom left trackball was mapped 

to the origin (0,0) while the top right trackball was mapped to (8,6) (see Figure 3-1B). To 

calculate speed, we sampled the coordinates of the hand every 120ms (see red crosses in Figure 

4-3). The coordinates of each 120ms interval were the center of trackballs that were touched. To 

find the trajectory of a hand, a sequence of coordinates was used to generate a B-spline (see blue 

dots in Figure 4-4). With a B-spline, we defined the average speed of a movement to be the mean 

distances of all trajectory points in a B-spline and the speed variability to be the standard 

deviation of distances of all trajectory points (De Boor, 1978). We further defined the 

smoothness of a movement to be the coefficient of variation, which is the standard deviation of 

the speed divided by the mean speed. The calculation for the direction of movements was 

achieved by observing each pair of successive trajectory points in a B-spline to define a vector. 

The direction of movement was the net vector of the trajectory. With these measurements, we 

could set the speed tolerance for each game level and classify a movement to be correct, 

incorrect, too fast or too slow. Table 4-1 summarizes the speed tolerance at each level. The 

duration constraint set the minimum contacting duration for collecting sufficient data for 

calculation. The data was discarded if the duration constraint was not satisfied. However, this 

case was very rare.  
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Table 4-1. Game Level Constraints 

Game Level Speed Constraints (mm/sec) Duration Constraint (ms) 
Min Speed Max Speed 

1 150 1000 

360 

2 200 950 

3 250 900 

4 300 850 

5 350 800 

6 400 750 
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Figure 4-1 ColorMe Game Interface. The screenshot shows a level-5 game at instructional 

phase. There are three stages to complete.  

 

Figure 4-2 ColorMe Game Interface. The screenshot shows a level-5 game at play phase. On 

the right portion of the display, there is a hint for the subject to make a hand sweep in a desired 

direction to get the expected color. The numbers in the top left (12/67) tell the subject how many 

trackballs were touched and progress toward a complete stage. 
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Figure 4-3 Game Configuration of Each Level. Schematic of the possible game levels. Each 

row indicates how many stages and the possible patterns of each level. 

 

 

Figure 4-4 Samples of Hand Trajectory. Red crosses indicate sampled coordinates of hand 

every 120ms. Blue dots indicate the trajectory points of a B-spline. 
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4.2 Preliminary Data Analysis 

In the pilot study, we collected data from 20 children at the UC Irvine Child 

Development School using the CARL-SJR robot. The Child Development School provides a 

school-based behavioral health program for children and families affected by ADHD and related 

challenges. The age of the children ranged from 7 to 11 years old. 18 children were diagnosed 

with ADHD, 6 children were diagnosed with ASD, 5 children were diagnosed with Oppositional 

Defiant Disorder (ODD), and 5 children had an anxiety disorder. Of the 18 ADHD children, 5 of 

them were diagnosed with only ADHD. One child has not been diagnosed and was not analyzed. 

Children played the ColorMe game where they needed to make smooth, consistent hand 

movements across CARL-SJR’s shell to receive positive feedback from the robot. Children were 

presented with a direction and pattern of movement. Each direction had a color associated with 

it. CARL-SJR’s shell acted like a palette. Correct movements, which had the appropriate speed 

and direction, caused the robot to display the desired color on its shell. If 80% of CARL-SJR’s 

shell was colored with the desired color, the child was given positive feedback, in the form of a 

spinning movement and a “happy” sound, and could move on to a more challenging game level. 

As levels got higher, the speed tolerance tightened and the pattern of movements became more 

complex (see Figure 4-3 and Table 4-1). 

Children with ADHD-only group achieved the highest game levels (see Figure 4-5).  

Children with ODD and Anxiety disorders achieved lower levels. It should be noted that the 

amount of time each student played the ColorMe game varied. Nevertheless, this data shows an 

interesting trend. Anecdotally, children with ADHD wanted to be more challenged and attempted 

more levels. But, their movements were erratic compared to other groups. In contrast, children 

with ASD and ODD had a more conservative approach and would repeat levels, which they had 
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already completed successfully. These differences also show up in our analysis of hand 

movements described below. 

Performance, as measured by the types of movements, varied depending on the diagnosis 

(see Figure 4-6). For example, children with ADHD-only had fewer correct moves than those 

with ASD. Correct moves are defined as moves in the instructed direction at the desired speed, 

which has to be constant. Wrong moves were defined as movements in the incorrect direction. 

Children with ADHD-only had the least wrong directions, but children with ODD and Anxiety 

disorders had more wrong moves. For a movement to be correct, it had to be within speed 

constraints (see Table 4-1). Interestingly, despite having the least moves in the wrong direction, 

ADHD-only group had the most hand movements that were categorized as too fast or too slow. 

Children with ASD tended to have more slow movements (see Figure 4-5, lower right). It should 

be noted that most of their speed errors were due to slow rather than fast movements. 

ADHD-only children had faster hand movement speeds, which led to increased 

variability. ASD children, on the other hand, showed the opposite trend (see Figure 4-6). Similar 

to children with ASD, those with ODD performed slower movements with less variability. The 

children with Anxiety disorders had the highest speed variability. Speed was calculated as the 

average speed of a hand trajectory across CARL-SJR’s trackballs and the variability was the 

standard deviation of the speed. Another way to analyze hand trajectories is to measure the 

smoothness of the subject’s movements are across CARL-SJR’s shell. If we treat a trajectory as 

the hand moving from a starting point to an ending point, we can measure the degree to which 

their hand deviates from this path. This can be calculated by dividing the standard deviation of a 

path by the mean of the path (i.e., the coefficient of variation). The smoothness of movement 
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shown in Figure 4-7 shows that children with ADHD-only tended toward more circuitous and 

discontinuous trajectories when compared to other children. 
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Figure 4-5 Highest Game Level Achieved by Students. The data is grouped by diagnosis. 

Except for ADHD-only, some subjects had diagnoses for multiple disorders. The data is shown 

using a boxplot. The red line is the median value. The box shows the extent of the data from the 

25th to 75th percentiles. The whiskers extend to the most extreme data points not considered 

outliers, and outliers are plotted individually as red plus signs (not shown in this plot). 

 

Figure 4-6 Hand Movement Performance. All movements categories were normalized by 

dividing the number of categorical movements (e.g., correct, or fast) by the total number of 

movements. Top left) Correct movements were counted as having the desired direction and 

speed. Top right) Wrong moves were movements in an incorrect direction. Bottom left) Fast 

moves were movements that were above the desired speed range. Bottom right) Slow moves 

were movements below the desired speed range. The boxplots denotations are the same as in 

Figure 3-5. 
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Figure 4-7 Speed and Variability of Hand Movements. Left) Average speed of hand 

movements. Right) Variability of speed for different hand movements. The boxplots denotations 

are the same as in Figure 3-5. 

 

Figure 4-8 Smoothness of Hand Trajectories The smoothness was calculated by taking 

dividing the standard deviation of a hand path by the average hand path. Larger values denote 

more circuitous and discontinuous hand trajectories. The boxplots denotations are the same as in 

Figure 3-5. 
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4.3 Discussion 

We showed that an interactive, tactile robot is capable of engaging and potentially 

treating children with neurodevelopmental and behavioral disorders. Children found the 

ColorMe game interesting and intuitive. With the development of future games and analyses, 

CARL-SJR may become a SAR that focuses on the tactile impairments observed in these 

childhood disorders. 

The interactions with CARL-SJR highlighted differences in the disorders of the children. 

For example, children with ADHD attempted and completed higher game levels, but did so with 

more errors, and more erratic movements. In contrast, children with ASD achieved lower levels, 

but did so with slower and smoother movements. Children with anxiety disorders tended to make 

more incorrect moves than other groups and their movements were not smooth.  

Although the present results are from a small pilot study, the differences in behavior and 

movement parameters for the disorders tested suggest that CARL-SJR may be used as diagnostic 

tool. During the pilot study, an interesting observation was that CARL-SJR could elicit 

observable symptoms of ASD. For instance a child, age 7, with ASD repeatedly rubbed CARL-

SJR in a particular way even though he was given feedback that this was an incorrect move. 

Such stereotypical behavior may not be readily obvious to a physician, but the effect on trackball 

telemetry could be captured and analyzed by CARL-SJR automatically. 

An advantage of CARL-SJR is that it is a self-contained system with the potential to both 

aid in diagnosis and treat children with developmental disorders. Most diagnoses are conducted 

by interviews with parents or observations by caretakers. Moreover, most SARs require a 

clinician to observe the interaction between the robot and the child. These methods are time 

consuming and subjective. CARL-SJR will record and register the number of interactions, the 
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type of interactions, and in the case of interactive games, such as those described here, the rate at 

which a child learns to interact with the robot consistently and appropriately. These interactions 

may be found to be indicative of the severity of the child’s disorder. 
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CHAPTER 5 

DECODING TACTILE SENSORY INFORMATION 

The main goal of this chapter is to show that a spiking neural network (SNN) with STDP is 

sufficient to learn different hand movements across CARL-SJR’s shell. This will become 

necessary when the robot is used in learning paradigms where a spatial-temporal pattern of 

activation is associated with positive or negative reinforcement. In particular, this chapter 

compares the performance of rate coding versus temporal coding for classifying different 

movements. The spatial-temporal nature of tactile stimuli, as well as noisy tactile sensors and 

environments, make the perception of touch a complex problem. To encode tactile signals in the 

nervous system, there is evidence for both a rate code and a temporal code (R. S. Johansson & I. 

Birznieks, 2004; Roland S Johansson & Ingvars Birznieks, 2004). A rate code is simpler and not 

as susceptible to noise (Shadlen & Newsome, 1998). However, a temporal code has a larger 

capacity for encoding patterns (Brette, 2012; Izhikevich, 2006). 

5.1 The Prototype Trackball System and The Somatosensory Cortex Model 

We constructed a smaller prototype pad to test the usefulness and accuracy of the 

trackball system (see Figure 5-1). The prototype contained a 4-by-4 matrix of trackballs that was 

built with a microcontroller PIC16F1824 monitoring each trackball. The row controllers of the 

trackball array were connected to a PC via a CAN bus. CAN messages were converted to serial 

(RS-232) format and transmitted to a PC running the SNN simulation. When the PC received a 

message, it translated the information into spike events that were input to the neural network 

simulation. Although these trackball messages contain directional information, the sensory data 
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is noisy, making movement categorization difficult. Thus, a SNN with spike timing dependent 

plasticity (STDP) was constructed to categorize different hand movements. 

We built a SNN model of the somatosensory cortex to learn hand movement patterns 

across the prototype trackball pad, and to evaluate the ability of the network to discriminate 

different movements. The SNN was composed of three populations of neurons as shown in 

Figure 5-2. A population of 544 excitatory neurons and 136 inhibitory neurons form an 80/20 

SNN that loosely corresponds to the somatosensory cortex, and a population of 256 excitatory 

input neurons that simulates thalamic neurons relaying touch events triggered by trackballs to the 

simulated cortex. Each neuron in the somatosensory cortex received 100 synapses, which were 

randomly chosen from both input neurons and other somatosensory cortex neurons. These 

connections had delays ranging from 1 ms to 20 ms to mimic the variation in axonal conduction 

observed in cortex (Swadlow, 1991). Excitatory connections labeled by E-STDP in Figure 5-2 

were subject to STDP (G. Q. Bi & Poo, 1998; Song, Miller, & Abbott, 2000) with parameters 

A
+
/A

-
 are set to 1.0/0.8 respectively and τLTP/τLTD are set to 20 ms and 40 ms respectively. 

In this chapter, we used the current based synapse model (CUBA) with the Izhikevich 

spiking neuron model. The dynamics of inhibitory and excitatory neurons and their parameters 

can be found in Equation 1, Eq. 2, and Eq. 3 in Section 2.3.2. The input current to neurons in 

the somatosensory cortex can be descripted by the following equation: 

𝐼 = ∑ 𝑤𝑗
𝑁
𝑗 + 𝐼𝑛𝑜𝑖𝑠𝑒     (4c) 

The variable wj is the synaptic weight of synapse j, which had an initial value of 6.0 and 

could range from 0.0 to 12.0.  The weights of inhibitory synapses are fixed at -4.0. The 

summation of all wj presents the total current contributed by all firing pre-synaptic neurons. Inoise, 
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which was set to 15.0 for one randomly selected neuron per millisecond, caused the 

somatosensory cortex to have spontaneous activity. 

The total current injected into an input neuron (i.e., thalamic neuron) was the summation 

of Iinput_noise and Iinput. We set Iinput to 100 when the corresponding trackball generated a touch 

event; otherwise the current was set to 0. Iinput_noise , which was set to 16.5 for one randomly 

selected neuron per milliseconds, caused the input area (i.e., thalamic neurons) to have 

spontaneous activity. The following equation summarizes the input current to an input neuron. 

𝐼 = 𝐼𝑖𝑛𝑝𝑢𝑡_𝑛𝑜𝑖𝑠𝑒 + 𝐼𝑖𝑛𝑝𝑢𝑡     (4d) 

The stimuli to the SNN came directly from the trackball touch events. Each of the 16 

trackballs can generate touch events for up, down, left, and right. These 64 touch events (16 x 4 

= 64) were connected to 4 neurons resulting in the 256 input neurons (64 x 4 = 256) shown in 

Figure 5-3. Because touch events from the prototype trackball pad can arrive so rapidly that the 

input neuron’s firing rate is unnaturally high, the current was injected (see Equation 4d) in a 

round robin fashion to the 4 neurons that respond to the same trackball and direction. 

Figure 5-3 shows firing activity from a representative left to right hand sweep and 

spontaneous activity with no input. In the top raster plot of Figure 5-3, the trackballs of the 

fourth column are contacted with a hand at 20 ms and then the third, second and first columns 

are contacted at 240 ms, 460 ms, and 670 ms, respectively. The duration of touching a column is 

roughly 600 ms. The hand contacts the fourth column at 20 ms and leaves it at 660 ms. The 

lower raster plot shows spontaneous activity of a SNN when there is no stimulus from the 

trackballs. The spikes are results of input noise and background white noise (i.e., Iinput_noise and 

Inoise). 
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Figure 5-1 The Prototype Pad of Trackball System. The prototype consists of 4-by-4 

trackballs. Each trackball is monitored by a microcontroller. 
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Figure 5-2 Spiking Neural Network Architecture. Left) The model of somatosensory cortex 

and thalamus. Right) The STDP function and its parameters. 

 

Figure 5-3 Neural Response to Hand Movements. Each vertical line shows the contacting time 

on each column Top) The response of neurons to a left movement. Each dot represents a spike 

from a neuron. Rows 0-799 are excitatory and rows 800-935 are inhibitory. Red dots represent 

the 256 input neurons (i.e., anchor neuron). Bottom) In the absence of a movement, the network 

shows spontaneous activity triggered by white noise. 
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5.2 Experimental Procedure 

To train the SNN, we recorded the input patterns of 100 left moves and 100 right moves 

across the prototype trackball pad. The interval between two touch events from the trackball pad 

in our recording ranged from 5 ms to 20 ms, which could generate firing rates from 12.5Hz to 

50Hz. The average number of touch events for a left move was 443.7 with a standard deviation 

80.9 ms, while the average number of touch events for a right move was 340.2 ms with a 

standard deviation 54.8 ms. Each move was a manual sweep of the hand and the duration of a 

move ranged from 900 ms to 1600 ms with the average movement lasting 1285.4 ms ± 133.6 sd. 

These recorded inputs were fed into the input neurons of the SNN by randomly choosing 

an input pattern and presenting it to the SNN every 2000 ms. We trained the SNN for 6400 

seconds. At this time, the distribution of synaptic weights became U-shaped, where most weights 

were either close to zero or near the maximum value of 12.0, and the minimum point was lower 

than 1% of maximum point. 

We recorded an additional 100 left moves and 100 right moves for testing the trained 

SNNs. During testing, we presented totally 200 left moves and 200 right moves to a trained 

SNN. These 400 moves were repeated 5 times and spikes of each neuron were recorded in the 

AER format for later analysis.  
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Figure 5-4 Correlation of Firing Activity between Movements. Rows and columns 1-8 are left 

movements. Rows and columns 9-16 are right movements. Left) SNN before training. Right) 

SNN after training. 

 

Figure 5-5 ROC Curves for Rate Coding 
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5.3 Decoding Tactile Information through Firing Rate 

The simulated somatosensory cortex showed repeatable patterns of firing in response to 

left and right hand movements. Figure 5-4 shows the correlation of firing activity between 7 right 

moves (rows and columns 1-7) and 7 left moves (rows and columns 8-14) before training (see 

Figure 5-4, left) and after training (see Figure 5-4, right). Note that after training through 

unsupervised STDP, similar classes of movements are highly correlated, whereas different 

classes are not. 

For decoding using firing rate, we recorded the firing rate of each neuron in the simulated 

somatosensory cortex. Based on firing rate of each neuron in response to 2000 moves, we can 

derive two firing rate distributions (i.e., distributions of left moves of right moves) for each 

neuron. If the peak of the distribution for right moves was higher than that of left moves, we 

referred to this neuron as a right-responsive neuron, otherwise it was considered a left-responsive 

neuron. We used Receiver Operator Characteristic (ROC) curves to evaluate the performance of 

rate decoding. Figure 5-5 shows the ROC curves for rate decoding left and right moves using left 

and right responsive neurons. We generated this figure by varying the firing rate threshold from 

0.0Hz to 6.0Hz by steps of 0.1Hz. The ROC curve suggest we can find a nearly optimal 

threshold to decoding left and right moves if right responsive neurons are used. However, if left 

responsive neurons are used, there is no optimal threshold. 

5.4 Decoding Tactile Information through Polychronous Groups 

For temporal decoding, we applied the concept of polychronous groups (PNG) 

(Izhikevich, 2006). We searched for potential PNGs by the following criteria: 1) The group 

started with an anchor neuron, that is, a spike of an input neuron. 2) A group member had to be 

connected to that anchor neuron and fire a spike within 4 ms of its axonal delay. 3) From this set 
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of neurons, a downstream neuron needed to receive at least two spikes from the upstream neuron 

within 4 ms of its axonal delay.  This algorithm proceeded as a breadth-first search until criterion 

3 could no longer be met. After finding out all potential PNGs in the spike recordings of 2000 

moves, we tried to match any two potential PNGs in the pool (of potential PNGs). If two PNGs 

match each other with at least four neurons in the same temporal pattern, we marked these 

potential PNGs to be real PNGs. Figure 5-6 gives an example of real PNGs. Neuron 186 is the 

input neuron (i.e., anchor neuron). Neuron 521, 71, 397, 539 fired in the same temporal pattern. 

We also counted how many times a real PNG showed up. Assuming a real PNG occurred 50 

times in 2000 moves, the probability of this PNG P(pgi) is 0.025. Figure 5-7 shows the 

distributions of PNG probability over five trained and tested SNNs. Over five different SNNs, 

the average number of PNGs was 382±75sd, and the probability of a PNG across all trials ranged 

from 0.05 to 0.38 with a median value of 0.1. We can also see most PNGs have probability less 

than 0.1 and only a few PNGs have probability larger than 0.2. Since we know P(pgi) and P(L ∩ 

pgi ) (i.e., joint probability of a left move and PNG), we can derive posterior probability  P(L | 

pgi ). Then, we can define a PNG to be left-predictor if P(L | pgi ) > 0.5 or a right-predicator if 

P(R | pgi ) > 0.5. 

Again, we used ROC curves to evaluate the performance of temporal decoding using 

PNGs. Figure 5-8 shows the ROC curves for temporal decoding left and right moves using left 

and right predictors. We varied the number of real PNGs threshold from 0 to 100 by steps of 2. 

We can find a nearly perfect threshold for left- and right-predictors. 
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Figure 5-6 An Example of Polychronous Group. The core members of this polychronous 

group are neuron 186, which is also anchor neuron, neuron 521, 71, 397, 539 
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Figure 5-7 Statistic of Polychronous Groups 
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Figure 5-8 ROC Curves for Temporal Coding 
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5.5 Discussion 

Both firing rate and PNG decoding were near perfect with the area under the ROC curve 

approaching 1. The upper left region of the ROC curve is the desired case where there is a high 

true positive rate and a low false positive rate. To better understand the classification 

performance, we looked at the number of points that had a true positive rate above 90% and a 

false positive rate less than 10%. For rate coding, only right-responsive neurons fit this criteria, 

where there were 38 points with the thresholds ranged from 2.7 to 3.8 Hz. For PNGs, there were 

45 points for right predictors, and 11 points for left predictors that met this desirable decoding 

criteria. The threshold ranged from 4 to 30 groups. 

It is interesting that the temporal coding outperformed firing rate coding. The inputs were 

noisy, real world signals that differed from trial to trial due to user variability. Although these 

PNGs were anchored to a specific trackball direction, it is still impressive that these tightly 

coupled spike orders repeated over multiple trials. It suggests that both types of coding can be 

used for learning and recalling tactile patterns. 

In this chapter, we examined the feasibility of using a SNN to categorize and decode 

hand movements with the prototype trackball pad. A SNN was constructed to learn hand 

movement patterns across the trackball pad, and to evaluate the ability of the network to 

discriminate different movements. Both firing rate and PNG decoding were near perfect with the 

area under the ROC curve approaching 1 (see Figure 5-8). These results demonstrate that a SNN 

with STDP is sufficient to learn spatial-temporal patterns related to hand movements. 

Although decoding hand movements might be possible by sampling the trackballs 

directly, having a SNN that can associate tactile movements with other environmental signals 

can support reinforcement learning. In the next chapter, dopamine modulated STDP (Chorley & 
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Seth, 2011; Izhikevich, 2007), will be used to reinforce CARL-SJR tactile interactions with 

valence. For instance, positive interactions, such as petting the robot in a desired speed and 

desired direction, could be reinforced with a color pattern on CARL-SJR’s shell. Similarly, 

negative reinforcement could be used to shape CARL-SJR’s behavior. The SNN for CARL-SJR 

in the next chapter will take advantage of these additional learning rules to exploit two way 

learning or behavior shaping, where CARL-SJR learns from the user, and the user learns from 

CARL-SJR. 
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CHAPTER 6 

INTERACTIVE GAMES IN MUTUAL REINFORCEMENT 

PARADIGM 

The goal of this chapter is to develop a spiking neural network that drives CARL-SJR to exhibit 

mutual reinforcement learning and hence an interactive game that fits the treatment goals of SIT. 

Although a SNN with dopamine-modulated spike timing dependent plasticity (DA-STDP) has 

successfully shown acquisition behavior in reinforcement learning paradigm (Izhikevich, 2007), 

extinction behavior and neural activities consistent with biological recordings are still missing. A 

more sophisticated SNN model is still required to address these aspects. 

6.1 The Dual-pathway Model 

We built a spiking neural network (SNN) model using CARLsim to control CARL-SJR’s 

behavior (Carlson, Nageswaran, Dutt, & Krichmar, 2014; Nageswaran et al., 2009; Richert et al., 

2011). The present SNN model had 13,000 neurons and 200,000 synapses and could run four 

times faster than real time. However, model was slowed down to match the real time robotic 

application.  

The SNN simulated a dual-pathway model (Brown, Bullock, & Grossberg, 1999; Chorley 

& Seth, 2011; Tan & Bullock, 2008), which minimizes prediction error signaled by dopamine 

(Schultz, 2006). The decremental (dopamine) pathway for the conditioned stimulus (CS) (see 

PFC→STR→DA in Figure 6-1A) decreased DA neurons’ activity through inhibitory projections. 

In contrast, the incremental (dopamine) pathway for the unconditioned stimulus (US) (see 

TH→pIC→DA in Figure 6-1A) increased spikes of dopaminergic neurons. The complementary 

pathways converge on a group of DA neurons and control the DA response. Phasic neural 



75 
 

activity in the incremental pathway for US might change the balance of excitation and inhibition, 

thus triggering a DA burst, which in turn signals striatum (STR) and PFC→STR synapses 

through dopaminergic projections. The decremental pathway is able to learn the timing of US 

and then increases the inhibitory force on DA neurons, thus restoring the balance between 

excitation and inhibition. The neural activities in prefrontal cortex (PFC) and striatum are crucial 

for learning the timing of US. Chorley and Seth’s model incorporated pre-generated 

polychronous group (Izhikevich, 2006) for precisely timed spikes in PFC. However, 

polychronous groups are not strongly supported empirically and not highly repeatable in a 

computational model with noisy and uncertain inputs. Rather than relying on precisely timed 

polychrony or synfire chains, we used wavelike neural activity for propagating information 

through the simulated brain regions. These waves of neural activity have empirical support and 

do not require precisely timed spike sequences (Benucci, Frazor, & Carandini, 2007; Ferezou et 

al., 2007; Han, Caporale, & Dan, 2008; Lubenov & Siapas, 2009; Rubino, Robbins, & 

Hatsopoulos, 2006; Sato, Nauhaus, & Carandini, 2012; Wu, Xiaoying, & Chuan, 2008). 

Figure 6-1A depicts the detailed neural architecture of the dual-pathway model. The 

decremental pathway for CS goes from the ActionGenerator (AG), to the prefrontal cortex 

(PFC), to the striatum (STR), and then to a pool of dopaminergic neurons (DA). All connections 

in the decremental pathway are excitatory, except for the STR→DA connections, which are 

inhibitory. The cortical area AG is used for the spike generation of color responses. AG has 64 

excitatory neurons for four CS input channels (i.e., red, green, blue, and yellow). Each neuron in 

a channel, which has 16 neurons totally, emits a spike if the corresponding CS input is presented. 

Figure 6-1B illustrates more detailed connections of a channel from AG to PFC to STR. A pre-

synaptic neuron in AG is topographically connected to a post-synaptic neuron in PFC based on 
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the distance between neuron locations (see x_dist and y_dist in Figure 6-1B). The smaller green 

circle in Figure 6-1C defines the Excitatory Forward Projecting Radius (EFPR), which is the 

standard deviation of the Gaussian projection in spatial domain. Specifically, the distance 

between two neurons determines the connection probability (i.e., Gaussian distribution) and 

conductance delay (i.e., axonal delay). A channel in PFC has 2048 excitatory neurons and 512 

inhibitory neurons. They are connected laterally according to Excitatory/Inhibitory Lateral 

Projecting Radius (ELPR/ILPR). The excitatory/inhibitory radius and synaptic weights were 

tuned to exhibit the behavior of travelling waves (Chen, McKinstry, & Edelman, 2013). If a CS 

input is presented, AG transmits spikes to the left side of the corresponding channel in PFC. The 

wide rectangular shape allows wavelike neural activity to propagate along the long side with 

precise timing. The idea behind the wave propagation in PFC is that the position of a neuron 

encodes the time relative to the release of a CS input (see Section 6.5). PFC and STR are 

topologically connected according to EFPR as well. PFC→STR synaptic weights were subject to 

DA-STDP and sensitive to DA signals. The plastic PFC→STR synapses were able to learn (or 

predict) the timing of following US (see Section 6.5). STR and DA are randomly connected and 

STR→DA synaptic weights were tuned to match the range of excitatory force from the 

incremental pathways. 

The incremental pathway for CS goes from AG to cortical area Expression (EXP), to 

Intermediate area (INT), and then to DA with excitatory projections. AG→EXP→INT→DA are 

randomly connected. EXP→INT connections are plastic synapses subject to DA-STDP and 

representations for CS inputs (i.e., red, green, blue, and yellow) will form in INT if a color 

pattern is reinforced (see Section 6.6). INT→DA synaptic weights were tuned to match the range 
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of inhibitory force from STR. INT was also linked to conditioned response (CR) in which 

CARL-SJR spins around if INT has more than 50 spikes within 50ms. 

The incremental pathway for US starts with tactile inputs from touch events and projects 

from the parallel thalamus/thalamus:somatosensory cortex (TH/TH:S1:S2) paths, to the posterior 

insular cortex (pIC), to the medial insular cortex (mIC) and then to DA. The TH and TH:S1:S2 

have four US input channels (i.e., up, down, left and right). A touch event in Figure 3-1C is one-

to-one mapped to a spike in the corresponding channel in TH:S1:S2 where 9-by-8 neurons for 

each channel match the layout of trackballs. The spikes going through TH:S1:S2→pIC pathway 

represent tactile information carried by the fast Aβ-fiber. To model fast spike transmission and 

acuteness in spatial resolution of this pathway, we topologically connected TH:S1:S2 and pIC as 

shown in Figure 6-1C and map a touch event to a spike without any delay. In contrast, the spikes 

going through TH→pIC pathway represent tactile information carried by the slower C-fiber 

pathway. A touch event is mapped to a period of tonic spikes, which is the only pre-processing 

of inputs. We also delayed spike generation in TH by 700ms for modeling slow conductance 

speed of C-fiber and fully connected TH and pIC for poor spatial resolution. Since we 

hypothesize that a piece of tactile information is heterogeneously processed through the parallel 

paths and then integrated in pIC, the synaptic weights of TH:S1:S2→pIC and TH→pIC were 

tuned to fulfill the condition that neither TH:S1:S2→pIC nor TH→pIC can dominate the neural 

activity in pIC. Specifically, the neural activity in pIC was strong enough to drive neural 

response in mIC and then DA only when there was neural activity in both TH:S1:S2 and TH. As 

a result, the excitatory force on DA neurons reflects the integration of the neural activity in pIC. 

To suppress neural activity in pIC after mIC is signaled by pIC, we added feedback connections 

from mIC to inhibitory neurons in pIC to simulate the effect of shunting inhibition (Silver, 
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2010). The mIC is linked to the unconditioned response (UR), in which CARL-SJR sings a high 

tone if mIC has more than 30 spikes within 50ms. 

These complementary excitatory and inhibitory pathways converge on DA neurons. The 

interaction among STR, INT, and pIC activities controls DA response. The DA responded with a 

burst (see Section 6.3) when the excitatory force was larger, a DA dip (see Section 6.4) when the 

inhibitory force was larger, or spontaneous activity when excitatory and inhibitory forces were 

balanced. DA is connected to STR and INT through dopaminergic projections. The dopamine 

values of STR and INT modulate PFC→STR and EXP→INT synapses by DA-STDP and DA-

PSF as indicated in Figure 6-1A.  

The synaptic weights, including initial, maximum, and minimum value, were tuned to 

match the number of pre-synaptic neurons and to prevent run-away neural dynamics. The 

conductance delays were tuned to maintain stable timing behaviors. The spontaneous firing rates 

in the cortical regions, ranging from 0.1Hz to 0.5Hz (Griffith & Horn, 1966; Koch & Fuster, 

1989), were tuned to support baseline neural activities, which are essential for STDP or DA-

STDP. The complete network parameters are listed in the appendix. 
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Figure 6-1 Detailed Spiking Neural Network Architecture. The SNN network model includes 

incremental (dopamine) pathway and decremental (dopamine) pathway. (A) An overview of 

network architecture. The model consists of an Action Generator (AG) group, a sensory 

experience (EXP) group, prefrontal cortex (PFC), striatum (STR), an intermediate area (INT), 

thalamus (TH), thalamus/somatosensory area (TH:S1:S2), posterior insular cortex (pIC), mid-

insular cortex (mIC), and a group of dopaminergic neurons (DA). (B) Schematic of the 

projection patterns in the incremental pathway from AG to PFC to STR. (C) Schematic of the 

projection patterns in the decremental pathway from TH:S1:S2 to pIC. 
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6.2 Experimental Procedure 

We analyzed the properties of tactile inputs (see Figure 6-2) to gain insight into tactile 

processing. Figure 6-2A shows raster plots and heat maps of three tactile inputs: 1) a downward 

hand sweep on CARL-SJR’s left side, 2) a downward hand sweep in the middle, and 3) a 

rightward hand sweep in the middle. Since a touch event (see Figure 3-1C) was a one-to-one 

mapping to spikes in TH:S1:S2 area, the raster plots show touch events as well. We can see the 

timing of spikes is irregular and noisy. As for heat maps, they show which trackball were 

touched as well as somatotopic map in TH:S1:S2 area. The trackballs were not aligned along x-

axis but almost aligned along y-axis (see Figure 3-1B). It was harder to touch complete rows 

than columns of trackball, unless the user learned to follow the curvature. Again, the timing of 

spikes is very irregular as shown by the variety in firing rate. Figure 3B shows distributions for 

touch duration, touch speed, number of touch events, and noise level over 1400 touch 

movements. The data of upward and downward movements were grouped in the first row while 

leftward and rightward movements were grouped in the second row because CARL-SJR’s 

asymmetric trackball distribution affected the user’s tactile inputs. The (mean, std) of touch 

durations were (935, 142) and (1071, 128) ms for vertical and horizontal movement, 

respectively. The (mean,std) speeds were (7.3, 1.08) and (6.73, 0.93) inch/second for vertical and 

horizontal movement, respectively. The (mean, std) number of events were (207, 44) and (305, 

69) for vertical and horizontal movement, respectively. The (mean, std) noise level were (8.31%, 

3.97%) and (19.72%, 5.53%) for vertical and horizontal movement, respectively, where noise 

level was defined by the total number of direction events in an unexpected direction divided by 

the number of direction events in an expected direction. The noise level of horizontal movements 

is significantly higher due to CARL-SJR’s curvature along y-axis. 
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The experiment paradigm is shown in Figure 6-3. A trial lasted 6 seconds. CARL-SJR 

initiated a trial by displaying a color on its surface. A CS signal corresponding to the displayed 

color was input to the AG at 1.1s after trial beginning. Effectively, neural activities were 

triggered in EXP (i.e., incremental pathway for CS) and PFC (i.e., decremental pathway) at 1.1s 

and 1.3s respectively. It was the user’s choice to reward CARL-SJR or not. If the user liked the 

displayed color, he/she could touch CARL-SJR within 2s US window and the US signal (i.e., 

tactile input) was delivered to TH and TH:S1:S2, which in turn triggered a dopaminergic reward 

response (see Figure 6-1A). Tactile input outside the US window did not activate this reward 

pathway. After the US window, there was a 2.9s stabilizing period before the next trial. The 

experiment continued until learning achieved a desired level (e.g., the probability of CR is higher 

than UR). 
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Figure 6-2 Tactile Stimulus Analysis. (A) Representative spike raster plots and heatmaps of 

three tactile inputs to the TH:S1:S2 area. The top row shows an upward move on the left side of 

CARL-SJR’s shell, the middle row shows an upward move in the middle of CARL-SJR’s shell, 

and bottom row shows a rightward move in the middle of CARL-SJR’s shell. The raster plots 
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illustrate how sensory input leads to irregular and noisy spike activity in TH:S1:S2. (B) The 

distribution of tactile inputs in contact duration, moving speed, number of events, and noise level 

(i.e., the amount of unexpected directional moves divided by the expected directional moves). 

The first row shows analysis based on 800 upward and downward moves while the second row 

shows analysis based on 600 leftward and rightward moves. The distributions of vertical and 

horizontal tactile input are quite different because locations of trackballs are asymmetric in 

vertical and horizontal direction. 

 

Figure 6-3 The Timing Diagram of The Experimental Setup. Each trial lasts 6 seconds, where 

a CS signal is followed by 2-second US window. It is a user’s choice to provide a US signal (i.e., 

tactile input) or not to CARL-SJR. Tactile input outside the US window is unrewarded. After the 

US window has passed, there is a 2.9-second period before the next trial. 
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6.3 The User Learns the Robot’s Preferences: CARL-SJR’s Built-in Tactile Preferences 

The spiking neural network (SNN) model also includes the posterior insular cortex (pIC), 

somatosensory cortex, and the areas necessary for value-based learning. The neural dynamics in 

the model of pIC accounted for: 1) the robot’s tactile preferences, 2) processing real-world tactile 

inputs with minimal pre-processing, 3) demonstrating that wave propagation is a viable means to 

generating precise spike timing in the face of noise, and 4) learning associations between neutral 

stimuli and hedonic touch. 

The incremental pathway for US was implemented by the model of pIC, which exhibited 

complicated neural dynamics in response to hand movements. We set TH→pIC synaptic weights 

to 0.04 for each channel and ran simulations with 400 upward movements as inputs to TH:S1:S2 

and TH. Figure 6-4A illustrates representative neural activities in TH:S1:S2, TH, pIC, and DA. 

The raster plots in the first row show the spikes directly triggered by touch events in the upward 

direction. Green boxes indicate the spike patterns generated by TH in the upward direction, 

which arrive at pIC 700ms later because the conductance speed of C-fibers are much slower than 

Aβ-fibers. Before the arrivals of spikes, pIC is at the state with low excitability. The spikes from 

TH:S1:S2 can only trigger local wavelike neural activity in pIC (see spikes earlier than green 

dashed lines in the second row). After the arrival of spikes associated with the touch pattern, 

TH:S1:S2 could trigger global wavelike neural activity in the pIC (see spikes later than green 

dashed lines). Multiple waves will interact with others and may trigger a DA burst depending on 

the strength of the instant excitatory force (see histograms in the third row and first three 

columns for comparison). According to the DA response, we classified neural activities in pIC 

into five groups: A1) strong DA burst, A2) weak DA burst, A3) no DA burst due to insufficient 

instant activity in pIC, A4) no DA burst due to no global activity in pIC. A5) multiple DA bursts. 
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We adjusted TH→pIC synaptic weights in different channels (i.e., up, down, left, and right) to 

control the probability of a DA burst linked to CARL-SJR’s tactile preferences. To evaluate the 

probability of a DA burst against different TH→pIC synaptic weights, we ran simulations with 

400 upward, 400 downward, 300 leftward, and 300 rightward movements as inputs to TH and 

TH:S1:S2. For each direction of inputs, we recorded the total number of single DA bursts and 

derived the burst probability (see Figure 6-4B). To make CARL-SJR prefer rightward 

movements, for example, we could set the TH→pIC synaptic weights in the right channel to 

0.04, and the other channels to 0.03. In this case, the probability of a DA burst is higher than 

70% for rightward movements but lower than 20% for other directions. As a result, CARL-SJR 

will learn faster if the user gives rewards by rightward movements. Figure 6-4B also shows how 

the asymmetric trackball distribution (see Figure 6-2B) could affect CARL-SJR’s tactile 

preferences. For example, if we set TH→pIC synaptic weights to 0.04 for each channel, 

horizontal movements yield slightly higher probability than vertical movements. Under the 

condition that TH→pIC synaptic weights for each channel are identical, CARL-SJR will prefer 

horizontal movements. In the experiments described below, the TH→pIC synaptic weights were 

set to 0.04 for the preferred direction, and 0.03 for the non-preferred direction. 
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Figure 6-4 Range of Dopamine Responses to Different Input Patterns. (A) Five 

representative examples for DA response to tactile inputs. A1) strong DA burst. A2) weak DA 

burst. A3) no DA burst due to insufficient activity at pIC area. A4) no DA burst due to no 

integration of activity at TH and TH:S1:S2 area. A5) multiple DA bursts. The first row shows 

raster plots of TH:S1:S2 and TH areas. The spikes of TH area are drawn as green shade regions. 

The second and third rows show the magnitude of activity at pIC area, which leads to different 

DA response. The fourth row shows DA response. (B) TH→pIC synaptic weights affect DA 

response. (Left) The probability of a single DA burst based on synaptic weights and the moving 

direction of the tactile input. (Right) The probability of multiple DA bursts. Setting TH→pIC 

synaptic weight to 0.04 yields more than 50% of single DA burst while multiple DA burst is 

lower than 10%.  
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6.4 An Alternative Explanation for How Brain Encode Timing 

Wave propagation has been suggested to be important for computation in classical 

conditioning tasks (Palmer & Gong, 2014). The idea is that wavelike neural activity in the cortex 

might encode timing information related to a certain event. We incorporated this idea into our 

model and demonstrated traveling waves in PFC (see Figure 6-5). We modeled PFC in a long 

rectangular shape and tuned the conductance delay of lateral projections for excitatory neurons to 

be 15-20ms and inhibitory neurons to be 1ms. During a development period, we enabled E/I-

STDP and delivered spikes to the most left side of PFC every 4s. After 2000 seconds of 

development, the wave reliably propagated from the left side to the right side of PFC in 2s as 

shown by the raster plot in Figure 6-5A. The heat maps further show the location of a wave at a 

given time period. After starting the spike activity on the leftmost side of PFC, the wave reached 

the rightmost side of PFC at 1900ms. The speed of waves is quite stable because of the lateral 

conductance delay. As a result, a neuron’s location along x-axis encodes time information with 

high accuracy and reliability. 

Noise might stop wave propagation as well as trigger unexpected waves. To address this 

issue, we tested the robustness of wave propagation under a noisy environment (see Figure 6-

5B). Since we knew when a wave should arrive the most right side of PFC, we defined a fail case 

to be the absence of neural activity of the most right neurons (i.e., (508, y) ~ (511, y)) at the 

expected time window (i.e., 1950 ~ 2050ms). We also defined a ghost wave case to be any 

occurrence of neural activity outside the expected time window. After the development period, 

the PFC was tested in 1000 trials where we delivered spikes to the most left neurons, which were 

connected to AG (see Figure 6-1B), and then recorded the number of fail cases and ghost wave 

cases. We derived the fail rate (in percentage) and ghost wave rate against different magnitude of 
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noise (in Hz) and the number of PFC neurons activated. The fail rate is under 10% if the number 

of active neurons along the y-axis of the PFC is 4, and is under 40% if 8 neurons. However, the 

fail rate is around 80% when more than 12 neurons are activated. The magnitude of noise also 

affects ghost wave rate. The ghost wave rate reaches 80% when the number of PFC neurons 

along the y-axis is 8 neurons and the noise is 0.015Hz. When there were more than 12 PFC 

neurons activated, the ghost rates were greater than 100%, which means there were more than 

one ghost wave in a trial. Both fail rate and ghost wave rate will affect learning efficiency of 

PFC→STR synapses. Therefore, based on these analyses, we set the height of PFC to 4 neurons 

and set the noise to 0.01Hz for stable wave propagation. 

The network learned to associate a CS with a US with precise timing through dopamine 

modulated STDP and wave propagation in the network. The main function of the CS input 

coming from the PFC and STR in the decremental pathway is to predict the timing and strength 

of the ensuing US and to balance the excitatory and inhibitory forces on the DA neurons. Figure 

6-6 shows simulation results that explain the underlying neural mechanism. For each trial in the 

simulation, CS activated the PFC at 0ms and triggered wave propagation. A DA burst was 

activated at 1100ms to simulate the effect of US. We ran the simulation for 400 trials. The raster 

plots and histograms of STR activity for trial 1, trial 100, and trial 400 are shown on the left side 

of Figure 6-6A, 6B, and 6C, respectively. The PFC→STR weights were subject to DA-STDP. 

The PFC→STR synaptic weights for trial 1, trial 100, and trial 400 are shown on the right side of 

Figure 6A, 6B, and 6C, respectively. In trial 1, a burst in DA increases dopamine concentration 

in STR through dopaminergic projections around 1100ms. Because the DA-PSF facilitated STR 

activity, STR neurons were further activated by pre-synaptic PFC neurons around 1100ms. Since 

the CS triggered a wave propagating in PFC, there was always a small portion of PFC firing at 
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any moment. Thus, the set of PFC neurons firing around 1100ms caused their post-synaptic STR 

neurons to be potentiated. This neural mechanism led to a phasic neural activity around 1120ms 

(due to axonal delay and latency of conductance based synapses) as shown in Figure 6-6A. The 

higher dopamine concentration not only facilitated firings of STR neurons, but also boosted the 

PFC→STR synaptic weights through DA-STDP. This process was repeated trial by trial. Over 

time, the set of PFC→STR synapses with the appropriate timing were strengthened. Comparing 

the weight maps in Figure 6-6, a band of activity emerged at the PFC neurons encoding 1100ms 

(those with y-coordinate from 280 to 300) in Figure 6-6B and got stronger and earlier (i.e., shift 

toward the left) in Figure 6-6C. To summarize, these strong synapses led to phasic neural activity 

in STR (see STR raster plots and histograms), which in turn suppressed the DA burst at the 

precise time through the decremental pathway (see DA raster plots). 
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Figure 6-5 Time Course of PFC Wave Propagating Activity. (A) Wave propagation in PFC 

area. (Left) The raster plot shows the time duration of the wave is around 2000ms. (Right) the 

wave travels along x-axis of the PFC area and the locations of the wave at three time intervals, 0-

100ms, 1000-1100ms, and 1800-1900ms are shown from top to bottom, respectively. (B) The 

fail rate of a wave and the ghost wave rate based on noise (Hz) and the height of PFC area (i.e., 

number of PFC neurons along y-axis). The noise level affects the probability of a wave reaching 

from one end of PFC to another, and on generating a ghost wave. PFC area is more resistant to 

noise if the height is smaller than 12 neurons. 
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Figure 6-6 PFC→STR Connection Learns timing of Dopaminergic Bursts. (A) Before 

learning, a DA burst will trigger transient STR activity through dopamine-modulated post-

synaptic facilitation. The wave traveling at PFC area matches the STR activity and PFC→STR 

synaptic weights are reinforced by DA-STDP. (B) During learning, PFC→STR synaptic weights 

get stronger and the traveling wave at PFC area can actively trigger spikes at STR area, leading 

to a weaker DA burst. (C) After learning, PFC→STR synaptic weights reach a maximum 

strength and the inhibitory force from STR area to DA area prevents a DA burst. 
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6.5 The Robot Learns the User’s Preferences: CARL-SJR’s Behaviors during and after 

Learning 

We conducted the conditioning experiments described in Section 6.2 with different 

pairings of color and touch. In the first experiment (see Figure 6-7), we set TH→pIC synaptic 

weights to 0.04 and alternated color patterns in yellow and blue. The user rubbed CARL-SJR in 

the downward direction whenever he/she saw the yellow pattern, and in the rightward direction 

when he/she saw the blue pattern. There were 160 trials for each color pattern, totally 320 trials. 

We recorded the DA responses for US and CS every trial and sampled the PFC→STR synaptic 

weights every 40 trials. The colored lines in Figure 6-7A show the 75th percentile, median, and 

25th percentile of DA response to the CS over 20 trials (totally 40 trials, 20 trials for each color 

pattern) while the gray lines show DA response to US. The trends for CS and US are clear; the 

DA response shifted from US to CS for both color patterns in a similar way to that observed in 

empirical studies (Ljungberg et al., 1992; Pan et al., 2005; Schultz, 1998). Figure 6-7B shows the 

average EXP→INT synaptic weights for each CS (i.e., red, green, blue, and yellow) during 

conditioning. Since the user only reinforced the blue and yellow patterns, the average synaptic 

weights directly reflect the user’s preferential conditioning as shown by the higher values of blue 

and yellow EXP→INT weights. The PFC→STR weight maps of trial 40 and trial 320 are shown 

in Figure 8C. These weight maps, which were driven by the user conditioning CARL-SJR, 

exhibit a strong group of weights associated with the CS with several bands of weights to a lesser 

degree. The width of a band indicates the imprecise timing of the US and the strength of a band 

indicates the probability of a US occurrence at the corresponding timing. The DA response to 

horizontal movements (i.e., US) decreased faster than vertical movements due to the stronger 

weights for the blue pattern. The weight maps generated by real time tactile inputs also 
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demonstrated our approach can capture the timing and strength of US over a wide range and in a 

noisy, real-world environment. An interesting behavior is that CARL-SJR slightly prefers 

touches in the horizontal, rightward direction. In Section 6.3, we showed that CARL-SJR by 

default prefer horizontal movements if we set TH→pIC synaptic weights to 0.04 for all channels.  

Because of this asymmetry, CARL-SJR shifted DA response to blue pattern faster than yellow 

pattern (see the higher blue median value in Figure 6-7A and the higher blue line in 6-7B). The 

result here is also consistent with Section 6.3. 

In the second experiment, we focused on the robot’s behavior in the form of conditioned 

and unconditioned responses. For the conditioned response, which was based on INT activity, 

CARL-SJR spun around and for the unconditioned response, which was based on mIC activity, 

CARL-SJR emitted a high tone. The US was a downward movement, and the CS was the yellow 

pattern. We collected data for five runs and each run contained 120 trials. Each data point in 

Figure 6-7D was calculated as the probability of CR and UR every five trials over five runs. The 

trends for CR and UR are clear and consistent with the DA spikes triggered by CS and US (see 

Figure 6-7A). CARL-SJR learned to exhibit the CR with high probability after 40 trials and also 

suppressed the US after around 70 trials. 

In conditioning paradigms, omitting the US after learning can lead to extinction of the 

conditioned response. After conditioning, we repeated the experiment without presenting the US 

in an additional 200 trials. The DA response and CARL-SJR’s behavior were recorded as well. 

Figure 6-8A shows a representative example for a dip of DA response due to the absence of 

expected rewards, which has been observed empirically (Ljungberg et al., 1991). The raster plot 

of DA spikes shows phasic neural activity around 100ms, which was triggered by CS via the 

incremental pathway. At 300ms, the CS arrived at PFC and triggered wave propagation. Based 
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on the weight map developed during learning process, STR neurons exhibited a phasic neural 

activity around 1000ms. Since no excitatory force was present around 1000ms (due to absence of 

US), the inhibitory force from STR suppressed DA neurons and created a 400ms interval without 

DA spikes. In Figure 6-8B, we show the distribution of dip durations in 200 trials. In these 

experiments, if there was a dip in DA activity at 400ms, CARL-SJR emitted a low tone signaling 

the omission of an expected reward. During this experiment we observed that CARL-SJR 

emitted the low tone in 167 out of 200 trials, which is 83.5%. We also tried to reproduce the in 

vivo recording in Ljungberg’s experiments (Ljungberg et al., 1991). We randomly selected 5 out 

of 100 DA neurons, which simulated the small portion of DA neurons that was recorded in vivo, 

and composed a raster plot and a histogram in Figure 9C. The dip duration is around 100ms and 

is indicated by the deep red bar. This 100ms dip closely matches the recording in Ljungberg’s 

study. 

The DA dips, shown in Figure 6-8, have been suggested to promote extinction when the 

reward associated with the US is absent. Therefore, we tested the extinction behavior in the 

classic conditioning paradigm (see Figure 6-9). After conditioning, we repeated the experiment 

without presenting the US. We and recorded the CR and UR for 5 runs and each run had 200 

trials. We calculated the probability of CR every 5 trials over 5 runs. The probability of CR 

decayed to 0.0 after 50 trials, which is consistent with animal studies in a classical conditioning 

task (see blue line in Figure 6-9). We also plotted the average EXP→INT synaptic weights for 

the yellow pattern (see orange line in Figure 6-9). The weights decayed and exhibited fluctuation 

around a steady level. The decay was due to dips of dopamine (see Figure 6-8B) and noisy 

spontaneous firing activities in EXP and INT. 
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Figure 6-7 CARL-SJR Learned User Preferences for Color Patterns. (A) The colored lines 

show the 75th percentile, median, and 25th percentile of DA response to the CS over 20 trials 

(totally 40 trials, 20 trials for each color pattern) while the gray lines show DA response to US. 

(B) The average EXP to the CS over 20 trials (totally 40 trials, 20 trials for each color during 

conditioning. The user only reinforced the blue and yellow patterns. (C) The PFC yellow patterns 

over trial 40 and trial 320. (D) The probability of CR and UR every five trials over five runs. The 

trends for CR and UR are clear and consistent with the DA spikes triggered by CS and US in 

Figure 8A.  
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Figure 6-8 Network Response After Learning When The US is Omitted. (A) A 

representative example for a dip in DA response due to the absence of expected rewards. (B) 

Distribution of dip durations in 200 trials. (C) Raster plot and histogram of DA activity when the 

US is omitted. 

 

Figure 6-9 Extinction Behavior When The US is Omitted The blue line shows the average CR 

probability every 5 trials over 5 runs during the extinction trials. The probability of CR decayed 

to 0.0 after 50 trials, which is consistent with animal studies. The orange line shows the average 

EXP→INT synaptic weights for the reinforced color pattern. Note that the weights decay to a 

baseline level during extinction.  
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6.6 A Mutual Reinforcement Learning Interactive Game: FeedMe 

Driven by our dual-pathway model, the emerged behaviors of CARL-SJR exhibit the 

paradigm of mutual reinforced interactions. Specifically, the robot can learn the user’s 

preferences through conditioning tasks while the user can learn the robot’s tactile preference 

through the robot’s responses. Before describing the game play of the interactive game FeedMe, 

we summarize the emerged behaviors as follows. First, CARL-SJR has built-in tactile 

preferences. This matches the animals’ behaviors wherein they prefer social touches in particular 

areas and directions. Second, assuming the user knows the tactile preferences in advance or 

learns them, the user can try to reward the robot by touching the robot in its preferred ways. 

CARL-SJR responds to the unexpected reward (i.e., US) by an unconditioned response (UR), 

which is a high tone signaled by CARL-SJR. The high tone is used as feedback to let the user 

know CARL-SJR enjoys a touch. Third, the robot can learn the association between a neutral 

stimulus (e.g., color) and an innately preferred gentle touch. In the present paradigm, a color 

displayed on the robot’s surface, which was spontaneously generated, is considered the 

conditioned stimulus (CS), and a gentle touch in an innate preferred direction served as the 

rewarding unconditioned stimulus (US). After learning, when the reinforced color (i.e., CS) is 

presented, CARL-SJR gets excited and expects the future reward (i.e., a preferred touch, US). 

CARL-SJR will express his excitation and expectation by the conditioned response (CR), which 

is a spinning motion and bright colors displayed on its surface. Fourth, CARL-SJR will be 

depressed if the preferred touch (i.e., US) is not given. CARL-SJR will express his depression by 

a low tone, which sounded unhappy. 

When we set CARL-SJR in FeedMe mode, CARL-SJR will engage children to initiate 

the game play. CARL-SJR will periodically display a randomly selected color pattern on its 
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surface. The colors include red, green, yellow, and blue as described in Section 6.5. Children are 

encouraged to touch CARL-SJR. Since CARL-SJR has its tactile preference, children have to 

discover the acceptable direction and speed of a touch that makes CARL-SJR happy. This 

process would be challenging and funny. After learning the way to make CARL-SJR happy, it 

will be children’s choice to reward CARL-SJR when their favorite colors are shown on the 

robot’s surface. Children are encouraged to reinforce a certain color pattern and to observe the 

possible changes of behaviors as described above. During the game play, children are trained to 

interpret CARL-SJR’s feedbacks and think about what CARL-SRJ want or expect through 

observing the changes of CARL-SJR’s behaviors, which are a set of social cues. We expect the 

FeedMe game play would trigger the children’s processing of social cues and therefore, would 

help children with ASD or ADHD to appropriately interact with neurotypical children and 

improve their social life. 

6.7 Discussion 

CARL-SJR in this chapter was capable of sensing noisy, real-world tactile inputs and 

learning to associate user preferences with touch patterns. A detailed spiking neural network 

(SNN) model of somatosensory cortex and the insular cortex, which is known to be important for 

hedonic touch, drove CARL-SJR’s behavior. A dual pathway model of dopaminergic learning 

and the emergence of traveling waves of neural activity, which governed the release of dopamine 

and the timing of CS and US, drove learning in the model. CARL-SJR is capable of learning 

associations between multiple CSs and USs under various CS-US intervals, and exhibits the 

paradigm of classic conditioning or operant conditioning. To associate (or learn) temporally 

separated events (i.e., CS and US), many computational models assumed the firing activities of 

neurons responding to an earlier event slowly decay and the sustained firing activities are 
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associated neurons with the ensuing US event through STDP (Drew & Abbott, 2006; Gluck & 

Thompson, 1987). Similarly, the slowly decaying eligibility trace (Houk, Adams, & Barto, 1995) 

has been applied to associate temporally separated events in dopamine modulated STDP. The 

idea of slowly decaying eligibility trace was also successfully applied to rate-based neurons 

where Soltoggio and Steil used rare neural correlations to calculate the eligibility trace 

(Soltoggio & Steil, 2013). Chorley and Seth later integrated the DA-STDP mechanism into their 

dual-pathway model. Their model successfully accounted for a wide range of reward-related DA 

responses. However, it relied on precisely timed spike patterns. A different approach to 

conditioning paradigms is to incorporate temporally separated events as propagating spiking 

waves and associate these events through the spatiotemporal interaction of these waves (Palmer 

& Gong, 2014). 

CARL-SJR’s SNN model, which integrated the slow C-fiber and fast Aβ-fiber tactile 

pathways to the pIC, Chorley and Seth’s dual-pathway model, and Palmer’s spiking wave 

propagation, demonstrated associative learning in the real-world with a robot receiving noisy 

user input. Several prerequisites or neural behaviors in Chorley’s and Palmer’s work limit their 

real-world applications. Palmer’s model successfully shifts the neural response from US to CS. 

However, the US could trigger both a CR and a UR at the same time if the CS is not presented 

before US. PFC activity in Chorley and Seth’s model was implemented with a pre-generated 

polychronous group. The occurrencei of consistent polychronous groups in a noisy environment 

is difficult. For example, the criteria for re-occurrence of a polychronous group was set to a low 

threshold (i.e., 25% neurons of a group) in (Szatmary & Izhikevich, 2010). In this case, only a 

small portion of neuron showed time-locked spike patterns. In contrast, when the criteria for re-

occurrence was set to a high threshold (e.g., 100% neurons of a group) as in (Bucci, Chou, & 
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Krichmar, 2014), the polychronous groups were very small, rarely occurred, and lasted for less 

than 40ms. In this prior neurorobot study, these polychronous groups did not match the PFC 

activity in Chorley’s model where time-locked cortical spike patterns sustained for 1 second. 

Our present PFC model incorporated the idea of spiking wave propagation in Palmer’s 

model, which made pre-generated spikes or pre-processing the CS unnecessary. The location of a 

neuron in PFC and the topological projections to STR encoded the time relative to CS release in 

the decremental pathway. The PFC→STR weight map clearly reflected the learning status (see 

Figure 7). The firing rate of our PFC model is consistent with experimental studies: < 0.5Hz in 

the resting state (Koch & Fuster, 1989) and 5-40Hz when involved in a task (Funahashi, Bruce, 

& Goldman-Rakic, 1989). Further, our model has been validated to handle the uncertainty of CS-

US interval within 2s while Chorley reported the valid US window to be [500ms ± 100ms]. We 

also used inhibitory fast spiking neurons to simulate striatal medium spiny neuron (Humphries, 

Lepora, Wood, & Gurney, 2009). The characteristic of a short spiking burst of a FS neuron made 

learning in the decremental pathway more robust. Specifically, a FS neuron was tuned to an 

excitable state due to DA-PSF. The pre-synaptic RS neuron in PFC easily triggered multiple 

spikes of its post-synaptic FS neuron in STR and then resulted multiple increases in the synaptic 

weights through LTP. This scenario was dependent on increased dopamine activity. 

CARL-SJR has several limitations. We developed a PFC wave with relatively low 

internal noise (i.e., spontaneous neural activity). The maximum noise in Figure 6-5B is 0.015Hz, 

which is ten times smaller than the spontaneous firing activity (i.e., white noise) in PFC 

recording during rest (Koch & Fuster, 1989). The low spontaneous firing activity slows down the 

extinction process in conditioning task (see Section 6.5) because the probability to decorrelate 
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coupled neurons in PFC and STR is too low. We left this issue to a future improvement on 

developing wave propagation under a typical noise level. 

The peak dopamine value in our model is 20µM, which is much higher than 3µM 

reported in Izhikevich’s and Chorley’s models. The range of dopamine value was tuned to result 

in adequate learning rates in the neurorobot experiments. We could lower the dopamine value 

and keep the observable learning speed if some compensatory neural mechanism were 

implemented. For example, a replay mechanism for the CS and US pairings when CARL-SJR 

“sleeps” (Buzsaki, 1998). 

The neural response of mechanoreceptors with C-fiber is tuned for gentle speeds 

(Morrison, Bjornsdotter, et al., 2011). We did not capture this characteristic because the 

trackballs, as they are currently designed, cannot detect speed locally (i.e., the number of touch 

events is not proportioned to the rolling speed of a trackball). We could calculate the speed of a 

movement across multiple trackballs. However, this approach requires substantial pre-processing 

and therefore, contradicts our design choice.  
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CHAPTER 7 

SUMMARY AND CONCLUSIONS 

CARL-SJR is a neurorobot whose behavior is guided by a SNN model of tactile 

pathways in the cortex, and basal ganglia. By incorporating dopamine modulated learning with 

traveling waves of neural activity, we have shown a biologically plausible method of 

instrumental conditioning (Ljungberg et al., 1991, 1992; Pan et al., 2005; Schultz, 1998). The 

SNN model is capable of processing noisy tactile inputs generated directly from CARL-SJR 

tactile sensory area and learning associations between two temporally separated events in the 

real-world environment. Our SNN model can be easily extended for robotic applications in 

reinforcement learning paradigm and can be used as a functional module for building more 

intelligent neurorobots. 

The current SNN model can solve distal reward problem (Izhikevich, 2007) only. It can 

be improved for more complicated cognitive tasks in several directions, including dopaminergic 

projections to the frontal cortex and implementation of the serotonin (5HT) system (J. L. 

Krichmar, 2013).  DA is linked to rewards and curiosity-seeking behavior. The frontal cortex 

could be modulated by DA signal and perform context-aware cognitive tasks. 5HT is linked to 

risk-aversion and withdrawn behavior. By combining the DA and 5HT systems, we could make 

CARL-SJR not only learn through rewards but also punishments. Such a system has interesting 

applications in the field of socially assistive and socially affective robotics. Another direction 

will be developing the network architecture that allows higher order of associations. Simply, 

since CS can trigger DA response and signal potential rewards after pairing with an US, another 

independent event (i.e., CS2) could pair with CS as well. The network architecture capable of 

associating arbitrary temporal separated events will be very challenging. 
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In Section 6.4, we are able to train a SNN to have the property of wave propagation and 

use it to encode timing. Currently the waves propagate along one direction because the PFC layer 

(i.e., 2D plane, see Figure 6-1) is long rectangular. If we can control the wave to propagate along 

a desired route in a 2D plane, the neural activity triggering the wave and the neural activities 

triggered by the wave will form a fixed spatial-temporal sequence, which is an interesting 

property. Further, the route of wave propagation could emerge from unsupervised learning rule 

such as STDP or be trained in reinforcement learning paradigm. From the perspective of 

computer science, the routes of wave propagation present circuits that are reconfigurable and 

self-organized. 

In Chapter 4, we design the interactive game ColorMe and analyze the results from a 

pilot study at Child Development School in UC, Irvine. The results suggest CARL-SJR together 

with ColorMe might serve as an automatic diagnostic tool for neurodevelopmental disorders. 

Although the data in the pilot study is promising, more experiments need to be conducted for 

increasing the significance of the collected data. The number of children within each group of 

neurodevelopmental disorders should be at least 20. Besides, the data from neurotypical children 

should be included as well. The long-term goal for CARL-SJR is to develop a therapeutic 

protocol (i.e., standardized SIT) for children who have neurodevelopmental disorders. We will 

develop new interactive games to maximize CARL-SJR’s potential for therapeutic applications 

in clinic, classroom or at home. 

CARL-SJR’s hardware can be improved in many aspects for potential researches. For 

instance, mounting CARL-SJR’s shell on its original body (see Figure 1-1) will make CARL-

SJR a complete platform including visual, auditory, tactile system. Further, we can add a long 

robotic neck to CARL-SJR for mobility of its head. With this improvement, CARL-SJR could be 
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a versatile neuromorphic platform comparable to iCub with tactile sensing (Schmitz, Maggiali, 

Natale, Bonino, & Metta, 2010). iCub is the platform for studying human or primates whereas 

CARL-SJR is the platform for studying animals such as dog or turtle. With the long robotic neck, 

CARL-SJR could perform reaching task with its head (Asher, Krichmar, & Oros, 2014). CARL-

SJR could also develop full body schema (Li, Haschke, & Ritter, 2015) through touching its back 

with its head. We can also increase the density of trackballs for the higher spatial resolution. In 

Chapter 5, we demonstrate, only with tactile inputs and STDP, a SNN modeling somatosensory 

cortex the ability to classify hand movements in two directions. With higher spatial resolution, 

we expect the SNN model could classify more complicated hand movements such as rotation, 

multiple touches, or speed of hand movements. 

In summary, CARL-SJR is a promising neurorobot for use in autism research and 

therapy. CARL-SJR is also a complete neuromorphic platform which is ideal for developing and 

validating functionality of spiking neural networks. We built CARL-SJR for advancing our 

knowledge in neuromorphic engineering, cognitive science, and computational neuroscience. 

CARL-SJR would be a small step toward strong artificial intelligence, which is one of ultimate 

goals of computer scientists. 
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APPENDIX 

Table A1. Summaries the Parameters of Neural Group 

RS neuron a = 0.02, b = 0.2, c = -65.0, and d = 8.0 

FS neuron  a = 0.1, b = 0.2, c = -65.0, and d = 2.0. 

Decay time constant τi = 5, 100, 6, and 150 ms where i = {AMPA, NMDA, GABAA, GABAB} 

Decay time constant τd = 50 ms 

Decay time constant τc = 1000 ms 

  

Group Label Group Size  Neuron Type Location Density Noise 

ag{R,G,B,Y} 4 x 4 Spike Generator (0,0) (100,100) N/A 

pfcExc{R,G,B,Y} 512 x 4 Excitatory RS (0,0) (100,100) 0.001 

pfcInh{R,G,B,Y} 128 x 2 Inhibitory FS (0,0) (200,200) 0.001 

Str 128 x 8 Inhibitory FS (0,0) (400,50) 0.1 

Exp 16 x 16 Excitatory RS N/A N/A 0.5 

Int 16 x 16 Excitatory RS N/A N/A 0.5 

thU 9 x 8 Tonic Spike Generator (800,800) (800,800) NA 

thD 9 x 8 Tonic Spike Generator (1600,800) (800,800) NA 

thL 9 x 8 Tonic Spike Generator (800,1600) (800,800) NA 

thR 9 x 8 Tonic Spike Generator (1600,1600) (800,800) NA 

thS1S2U 9 x 8 Spike Generator (800,800) (800,800) NA 

thS1S2D 9 x 8 Spike Generator (800,1600) (800,800) NA 

thS1S2L 9 x 8 Spike Generator (1600,800) (800,800) NA 

thS1S2R 9 x 8 Spike Generator (1600,1600) (800,800) NA 

picExc 40 x 40 Excitatory RS (0,0) (200,200) N/A 

picInh 20 x 20 Inhibitory RS (0,0) (400,400) N/A 

Da 10 x 10 Dopaminergic RS N/A N/A 0.5 
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Table A2. Summaries the Parameters of Connections 

 

 

Source Group Destination Group Synapse Type Weight Range Connect 

Type 

Radius / 

Probability 

Delay 

Range 

ag{R,G,B,Y} pfcExc{R,G,B,Y} E-Fixed 0.06 Radius 400 (10,15) 

ag{R,G,B,Y} pfcInh{R,G,B,Y} E-Fixed 0.02 Radius 400 (15,20) 

pfcExc{R,G,B,Y} pfcExc{R,G,B,Y} E-STDP (0,0.022,0.06) Radius 400 (15,20) 

pfcExc{R,G,B,Y} pfcInh{R,G,B,Y} E-STDP (0,0.022,0.06) Radius 400 (15,20) 

pfcInh{R,G,B,Y} pfcExc{R,G,B,Y} I-STDP (0,-0.01,-0.03) Radius 450 (1,1) 

pfcExc{R,G,B,Y} str DA-STDP (0,0.001,0.03) Radius 400 (10,10) 

str da I-Fixed 0.005 Random 0.4 (1,10) 

ag{R,G,B,Y} exp E-Fixed 0.03 Random 0.2 (1,10) 

exp int DA-STDP (0,0.001,0.008) Random 0.2 (1,10) 

int da E-Fixed 0.006 Random 0.4 (1,10) 

thS1S2{U,D,L,R} picExc E-Fixed 0.1 Radius 400 (1,20) 

thS1S2{U,D,L,R} picInh E-Fixed 0.05 Radius 600 (1,20) 

th{U,D,L,R} picExc E-Fixed 0.0004 Full 1.0 (1,1) 

picExc picExc E-Fixed 0.028 Radius 400 (1,20) 

picExc picInh E-Fixed 0.02 Radius 400 (1,20) 

picInh picExc I-Fixed -0.008 Radius 600 (1,1) 

picExc da E-Fixed 0.004 Full 1.0 (10,10) 

da picInb E-Fixed 0.004 Full 1.0 (10,10) 

da str DAergic 0 Random 0.04 (1,10) 

da int DAergic 0 Random 0.2 (1,10) 




