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Abstract 

 

The levels of automation and teleoperation have been explored to augment both human’s 

physical and cognitive strengths. However, much precedent literatures on bot fields have 

focused on systems that are human centered, putting robots as a subject of control. Technically 

and theoretically broadening the understanding of CuGo, this paper analyzes the current 

developments of shared autonomy, which lies in between teleoperated and autonomous 

systems, and explores the interaction that would re-define the relationship between human and 

robot, softening the border that divides human and robot as master and slave.  

 
Keywords: human-robot-interaction, human-robot-collaboration, semi-intelligence, shared-autonomy, 

conversational interaction, artificial intelligence, master & slave relationship, automation, teleoperation 

 

 

 

 

 

 
Figure 1: Lee Sedol is playing Go against DeepMind’s AlphaGo in South Korea 

(Korea Baduk Association/News1 via Reuters, 2016) 

 

 

1. Introduction  

 

The match between the greatest Go master Lee Sedol and Google Deepmind’s AlphaGo in 

2016 was the historic moment for Artificial Intelligence (AI), unfolding how AI can achieve 

human level intelligence in the board game Go. The Chinese ancient game Go, unlike Chess, 

could not be won by calculating all possible movements which are greater than the number of 

atoms in universe. Thus, Go is a game which reveals not only player’s strategic calculation but 

also idiosyncrasy and intuition of players. While Kasparov’s loss against IBM DeepBlue’s 

DeepThought in 1997 disclosed how computation can overcome human intelligence in context 
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of Chess, AlphaGo has convinced that AI could be intelligent as humans are, and may be better 

than we are at least in the context of Go. 

 

What Lee Sedol said after the 37th movement, which is highly unlikely to be played by human 

professional Go players (Kohs, 2017), of the second match manifests that AI could be as 

creative as humans are.  

 

“알파고는 확률적 계산을 하고 그냥 이기기 위한 머신에 불과하다고 생각을 했었는데, 그 수를 보는 

순간, 아니구나 충분히 알파고도 창의적이다. 정말 아름답고, 바둑의 그런 아름다움을 잘 표현한 수고 

굉장히 창의적인 수다. “  

– 이세돌  9단  

 

“I thought AlphaGo was just a machine that calculate probabilities, however, after that movement, 

I was wrong. AlphaGo, just like human does, plays Go creatively and beautifully. That movement 

was one of those plays that shows Go’s beauty and creativity.” 

-Lee Sedol 9 Dan (Kohs, 2017). 

 

While the media and public were shocked and frightened by the loss of Lee Sedol against 

AlphaGo, Lee Sedol was delighted with the fact that he has witnessed something un-human 

can be creative as human (Kohs, 2017). It has led him to retrospect his Go strategies and norms, 

making him a better player after the loss against AlphaGo (Kohs, 2017). This reveals that 

human may not be threatened by AI but may learnt and matured by it. 

 

Relationship with intelligent system is much stronger when it comes to physically embodied 

intelligent beings; robots.  People have tendency to humanize or emotionalize un-human things. 

Such examples can be found in US soldiers putting nicknames, giving awards and even 

providing a funeral to a robot, a machine that has minimal intelligence (Subbaraman, 2013). 

These robots are remotely controlled by the soldiers to enter dangerous zones that threaten 

soldiers’ lives.  

 

 

 
Figure 2|: The board of CuGo and passive blocks. (A) 9x9 grid has been used. Each 

grid’s length and width are equivalent to those of passive blocks. (B) Conductive 

surface – Vin (+) (C) Conducive surface- Ground (-) (D) Augmented (ArUco from 

oepncv module) markers that allows to track their position on the board. 
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CuGo 

 

CuGo is a board game developed by Kongpyung Moon and Peng Gao, in the Interactive 

Architecture Lab (IA Lab) at the Bartlett, UCL. The goal of the board game is to stag passive 

blocks on top of each other by collaborating with chained modular robots. The player has to 

move passive blocks on the board to a position where they think the robot can grab them. When 

the passive blocks are in reachable zone, robots use its inverse kinematic1 intelligence to reach 

the passive units, but when they are not approachable, robots suggest to players one of their 

possible movements.  

 

 
 

Figure 3: Rotation states according to number of module. Each module has three 

rotation states; -120, 0, and 120 degrees. The rotational states of the chain corresponds 

to 3n (n = number of modules connected). 

 

 

CuGo stands in between AlphaGo and US soldier’s robot, in between abstract and physical, in 

between non-trivial and trivial intellect. While CuGo is designed for human robot collaborative 

board game, it bears quality of tangible interface for human-autonomous agent interaction. The 

level of autonomy from teleoperation, a system to control machines at a distance, to full 

automation will be discussed to define the interaction between human and intelligent agents. 

This discourse will direct towards collaborative interaction between human and un-human. I 

want to give people, without any professional knowledge on robotic manipulation, an 

experience to interact and collaborate with an intelligence on physical interface that blurs the 

rigid boundary in between human and robots, that breaks master and slave relationship. Most 

importantly, the purpose of interaction in CuGo is not to increase or measure productivity of a 

task, but to question and form engaged relationship and collaboration between human and 

robots, which are creative as we are and building emotional bonds with us.  

 
1 Inverse kinematic is a method to define rotational angles for robot to reach desired locations without 

manipulating individual actuators manually.  
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Figure 4: Detailed diagram of a module in CuGo. (A) Dynamixel-XL320 produced 

by Robotis Inc. It costs 16 GBP. (B) Esp8266 boards with Wi-Fi module 

communicates to central computer over 802.11 Wi-Fi. The board costs 5 GBP. (C) 

Pogo pin- digital write. (D) Conductive surface- Ground (-). (E) Conductive surface 

– Vin (+). (F) Pogo pin – digital read. By detecting which digital read received a High 

from other unit’s digital write, it can detect the assembly patterns of modules. (G) 

Pogo pin – Ground (-). (H) Pogo pin – Vin (+). (I) It can rotate 240 degrees; 120 

degrees right and 120 degree left. (J) Each unit’s length, width and height are 60 mm.  

 

 

 

 

My design research question is in two parts: first, what is the current state of knowledge and 

limitation about human collaboration with physically embodied intelligent systems in the area 

called shared autonomy that lies between teleoperation and full autonomy, and second, how 

can I usefully apply this knowledge and hurdle the constrains within the physical context and 

interface of CuGo. This paper contains how the physical form of CuGo puts itself in to field 

of shared autonomy, and how the conventional boundary of shared autonomy challenges the 

interaction in between human and un-human.  
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2. Current Method 

 

Design of CuGo 

 

CuGo’s physical form (fig.3) shares similarities with current research field of modular 

reconfigurable robots (MRR) from its connection with other homogeneous robots and 

reconfiguring rotations. Hence, it is critical to analyze precedent researches not only to avoid 

technical mistakes but also to broaden the MRR literature by taking different attempts.  

 

Conventional MRR 

 

MRR is flexible system that can self-reconfigure, self-rearrange and self-reconnect with 

homogeneous units (Seo, Paik, & Yim, 2019). It is inspired by the adaptability of biology cells 

(Rus, Butler, & Kotay, 2002). While conventional robot has fixed-morphological architectures 

which lacks the ability to adapt different environments, MRR system can adapt to different 

environment such as stairs, flat or uneven surfaces, and even unknown environments like Mars, 

by re-arranging and re-connecting modular robots (Rus et al., 2002). These attributes of 

versatility, adapting to wide range of environment and tasks, put MRR system advantageous 

on traditional robots with fixed topology. MRR systems are generally grouped in to three types 

of reconfiguration architectures (Seo et al., 2019; Yim et al., 2007). 

 

 

 

               
 Figure 5: Crystal; one of the 

first self-assembly robots on 

two dimensions. (Seo et al., 

2019) 

 

Figure 6: ModQuad(Modular 

Quadcopter) which connect via 

permanent magnet. The detaching 

method hasn’t been developed yet 

(Seo et al., 2019)

 

 

 

1. Lattice Reconfiguration Architectures 

 Lattice taxonomy have units, in cubic or hexagonal geometric form, that are 

connected and arranged in parallel-grid patterns, which could be two dimensional 

or three dimensional (Yim et al., 2007). Crystal (fig.5), MRR developed by Vona 

and D. Rus at University of Dartmouth in 1999, re-arranges its connection by 

expanding its body to transfer neighbor modules. It is one of the initial projects that 

represent lattice reconfiguration architecture (Yim et al., 2007). 
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Figure 7: (left) MTRAN III developed in Science University of Tokyo.One of the first 

hybrid MRR. (middle) YaMor (Yet another Modular Robot) developed by EPFL.It 

can only connect up to three modules. (right) CEBOT developed in Science University 

of Tokyo(Fukuda, Nagakawa, Kawauchi, & Buss, 1989; Seo et al., 2019; Sproewitz, 

Moeckel, Guignard, Badertscher, & Ijspeert, n.d.) 

 

 

2. Chain Architectures 

 In chain or tree reconfiguration each unit is connected in a linear or branch 

topology (Yim et al., 2007). According to the rotation axis and number of units, 

this chain architecture can achieve broader search spaces compare to lattice type 

architecture. Being versatile, chain system is more complicated in terms of 

computation and path planning (Yim et al., 2007).  

 

 

 

 
Figure 8: Smores-EP developed at ModLab at UPenn. It can self-assemble up to three 

modules. They move with a robot that helps to localize positions. (Daudelin et al., 

2018) 

 

 

3. Mobile Architectures 

 In mobile reconfigurations units are able to move around in the environment 

independently. They cluster to form complicated shape and larger geometry (Yim 

et al., 2007). One of the earliest projects CEBOT (fig.7) developed by Fukuda in 

1988, is a mobile typology (Fukuda, Ueyama, Kawauchi, & Arai, 1992). While 

MRR systems are not very clear in terms of real-life application; mobile 

architecture system seems more promising in it. Tactically Expandable Maritime 

Platform (TEMP) in 2015 and ModQuad (fig.6) in 2018, both developed at Modlab 

in University of Pennsylvania, show persuasive usage of MRR systems in 

searching on oceans and midair (Seo et al., 2019).  

 

 

While precedent literatures such as CEBOT, MTRAN III (fig.7), and SMORES-EP (fig.8) 

have showed promising versatility in MRR systems, researchers have faced many different 

challenges such as, robustness, low-cost, and scalability (Seo et al., 2019). 
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Figure 9: Pelagic and sessile organisms. Jellyfish (left) are one example from pelagic 

systems. Barnacles (right) are one example from sessile systems (“Barnacles,” n.d.; 

NBphotosream, 2000). 

 

 

 

 

 

 

 

 

CuGo’s originality in MRR 

 

The conventional MRR are in pelagic (fig.9-left) system, motile entities that are able to self-

reconfigure, self-rearrange and self-reconnect in order to adapt different environment. Whereas, 

CuGo is a sessile (fig. 9-right) system, an organism that lacks self-locomotion. Therefore, due 

to technical divergence, it does not fully satisfy the concept, the autonomy and versatility, of 

MRR system. While most of the researches on MRR systems focus on modularizing as an 

independent robot, CuGo’s MRR system focuses on connectivity to the environment. 

Precedent studies such as MTRAN III’s (fig.7-left) and YaMoR’s (fig.7-middle) weights, 

mainly caused by batteries, limit the number of robots connected in a chain system. Batteries 

are the major cause of large dimension, heavy weight and high cost. Contrarily, CuGo (fig.4) 

does not have any internal batteries in each robot. It fully relies on external power source, the 

grid board. While this solves many conventional MRR problems such as limited connectivity, 

cost and weight, it relinquishes individuality & autonomy of each robots, restricting from self-

reconnecting and self-rearranging. Thus, human interference is necessary and unavoidable 

when it comes to re-arranging and re-connecting. This questions what kind of interference 

human should make on semi-autonomous robots, and the answer redefines the relationship 

between human and robot.  
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Shared Autonomous Systems 

 

Shared autonomous system, by its name, stands in between autonomous systems and 

teleoperated systems. Thus, it is crucial to discuss both ideas in the first place.  

 

 

 
Figure 10: Driverless Car of the Future, advertisement for “America’s Electric Light 

and Power Companies,” Saturday Evening Post, 1950s. Credit: The Everett Collection 

(Novak, 2010). 

 
Autonomous Systems 

 
“Electricity may be the driver. One day your car may speed along an electric super-highway, its 

speed and steering automatically controlled by electronic devices embedded in the road. 

Highways will be made safe by electricity! No traffic jams… no collisions…no driver fatigue” 

- Driverless Car of the Future, advertisement for “America’s Electric Light and Power 

Companies,” Saturday Evening Post, 1950s 

 

The idea of self-driving vehicle has been dreamed for nearly a century. However, due to its 

unpredictable environment, with full of uncertainty, driving a vehicle in city requires human 

level intelligence, leaving it as one of the greatest challenges of autonomous systems. In 2004 

Defense Advanced Research Projects Agency (DARPA2) initiated the grand challenge for 

autonomous vehicles that could be applied to military requirements, but none of the entry teams 

successfully completed the route from Barstow, CA to Primm, NV (DARPA, n.d.).  A year 

after, Sebastian Thrun’s autonomous vehicle Stanley, with his team at Stanford University, 

successfully completed the DARPA challenge held in the Southwest desert near the California 

& Nevada state line (DARPA, n.d.). Stanley’s state-of-art AI was achieved by using machine 

 
2 DARPA has invested for sixty in technologies for US national security. More info in https://www.darpa.mil/ 

 

https://www.darpa.mil/
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learning3 and probabilistic reasoning4 (Thrun et al., 2006). Autonomous driving technology 

has progressed dramatically, and autonomous level four5, highly autonomous system which 

requires no human intervention, vehicles will be available to public in near future.  

Nevertheless, autonomous system does not always refer to human level artificial intelligence. 

Comprehensive understanding of intelligent system is crucial to define the role of CuGo in 

terms of collaborative behaviour. Thus, Rodney Brooks, the previous director of MIT Artificial 

Intelligence Laboratory (AI Lab), introduces behaviour-based robotics that are able to perform 

intelligent task with relatively simple processing computation.  

 

 

 

 

 
Figure 11: Stanley, challenge developed by Sebstian Thrun and his team, won the 

DARPA Challenge (Thrun et al., 2006). It is the early version of modern autonomous 

driving technology. 

 

 

 

Behaviour Based Robots 

 

The intelligence of machines, so-called AI, was explored and questioned from the mid 20th 

century. In 1950 Alan Turing, widely known as the father of theoretical computer science, 

proposed the question, “Can machines think?” Throughout the experiment, Imitation Game, 

he argued that if interrogator, who’s outside of the room, cannot distinguish between human 

and machine inside the closed room, the machine is considered intelligent (Turing, 1950). 

While Turing directly related AI to human level intelligence, Winston, former director of MIT 

AI Lab, defines the term in broader sense, the aim of AI as constructing practical intelligent 

systems and understanding human intelligent (1984). Brooks, the following director of MIT 

AI Lab, asserts in his paper intelligence without reason that conventional artificial intelligence 

 
3 Machine learning is a method to build AI that can automatically learn to generate and classify information with 

or without data by using artificial neural network. 

4 Probabilistic robotics explicitly represents uncertainty of the environment that robot perceives by using the 

calculus of probability theory. 

5 According to Society of Automotive Engineering (SAE)_J3016, five levels of autonomy refers level of human 

control needed when driving a vehicle. 0 - no automation, 1- driver assistance, 2 - partial automation,  

3 - conditional automation, 4 - high automation, 5 - full automation. 
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has built up as top down system, which tackled intelligence through the notions of thought and 

reason (1991a). Referring to intelligence of biological systems, Brooks claims that in 

behaviour-based robots the sensors are directly responding to the situated physical world rather 

than inputted by central system that handles thoughts and reasoning (Brooks, 1991a). 

 

“Intelligence is in the eye of the observer” 

“The world is its own best model.” 

- Brooks, intelligence without reason (1991a) 

 

Brooks specifies four characteristics of behaviour-based robots; situatedness, embodiment, 

intelligence and emergence (1991a). He asserts that by situating in the real world and 

perceiving the physical world instead of internal built environment, intelligent will emerge 

from the interaction with the environment (Brooks, 1991a). 

 

 

1. Situatedness 

 

Intelligence as problem solvers in a symbolic abstracted domain which do not 

ground on a real world, thus, neither situated nor participated in a world. It only 

deals with its built models which is not the case of the artificial intelligence which 

needs to have direct access to both perception and action. Behaviour-based robots 

use the world for its own model, continuously refers to the real world via sensors 

rather than internal model (Brooks, 1991a). 

 

 

2. Embodiment  

 

Robot has to be physically grounded in the world. Without ongoing participation 

and perception of the world there is no meaning for an agent (Brooks, 1991a). 

 

 

3. Intelligence 

 

AI pioneer Herbert Simon said that the complexity of ant behaviour is more a 

reflection of the complexity of its environment than its own internal complexity 

(1962). It may be the same case for humans. It is hard to distinguish or separate 

with clear line on what is intelligence and what is environmental interaction 

(Brooks, 1991a). To Brooks it does not matter which one is which. Because all the 

intelligence system has to be situated in a world (1991a). 

 

“Intelligence is determined by the dynamics of interaction with the world” 

- Brooks, intelligence without reason (1991a) 

 

 

4. Emergence 

 

Brooks states that the intelligence emerges from the interaction of the components 

of the system, the environment (1991a). 
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Figure 12: Brook`s behaviour-based robots developed at MIT AI Lab. Left-most is 

the Allen, right-most one is Herbert, and two robots in the middle are Tom and Jerry. 

(Brooks, 1991a) 

 

 

 

Brooks at AI Lab built four Creatures (fig.12) that performs by directly interacting with the 

real-world. These machines are neither controlled by human nor contains pre-programmed path 

(Brooks, 1991a). Rather, the finite state machine6 (FSM) receives that real-world data from 

twelve ultrasonic sonars. While this FSM can access the messages from the environment and 

may output corresponding responses or transits to other finite states, it cannot access the global 

data and local data of other machines (Brooks, 1991a). In the robot Allen (fig.2), the very first 

prototype of smart vacuum machine of iRobot7, it has three layers (low to high) of control 

system. The first layer is responsible to avoid static and moving obstacles. This layer creates 

polar coordinates out of received data, and if detects an obstacle it sends message halt to finite 

state machine to change the state from forward to halt (Brooks, 1991a). The second layer 

allows robot to wander the situated environment. It generates random directions every ten 

seconds when robot is not bothered by the obstacles. When the robot is busy with the first layer, 

avoiding obstacles, the command from second layer is ignored (Brooks, 1991a). The third layer 

makes the robot to explore the distant places and tries to reach those (Brooks, 1991a). The 

explore layer surpasses the wander layer. The three layers runs simultaneously, higher layer 

changes its states by accessing lower layer’s data. Thus, the number of layers defines the level 

of intelligence that the robot can perform and the complexity of tasks it can achieve. However, 

as Brooks also mentioned in his paper Intelligence without representation, the number of layers 

and its performance remained as question (Brooks, 1991b).  

 

Brook’s idea of behaviour-based robot is highly inspired by the self-organization of social 

insects. In terms of that, the concept Stigmergy has common correlation with behaviour-based 

robotics. Stigmergy is first introduced by French biologist Pierre-Paul Grasse. He used the term 

 
6 Finite state machine is an abstract machine status which can represent only one of a finite number of states.  

7 iRobot is the electronic device company founded by Rodney Brooks. It made one of the first smart vacuum 

machines.  
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stigmergy (stigma: sting and ergon: work) to explain the indirect task coordination and 

regulation while constructing termite nest (Grasse, 1959). Grasse argued that the activity of 

termites is not directed by the inner model of “intelligence” but rather depend on observation 

of nest structures  (Theraulaz & Bonabeau, 1999). 

 

 

 
Figure 13: Group of three stigmergy robots with a gripper to gather objects. (a) First 

location of the robots. (b) Status after 10 minutes, there are large numbers of small 

clustered objects. (c) Small numbers of bigger clusters (d) eventually gathering all the 

objects into single cluster. (Beckers, Holland, & Deneubourg, 1994)s 

 

 

The knowledge of stigmergy was first applied to robotic behaviours in 1994 (Beckers et al., 

1994). Ralph Beckers and his colleagues developed a modular robot that has a gripper to collect 

objects (Beckers et al., 1994). The global task of these collective robots is to collect all the 

object into one group, yet, individual robots are neither aware of the positions of themselves 

nor others nor non-robot objects. This robots, with IR sensors to avoid obstacles and micro 

switch sensor to activate different state when there are more than certain numbers of object in 

the gripper, has three states; (1) default behaviour - when no sensor is executed, (2) obstacle 

behaviour - when it detects an obstacle (3) and puck-dropping behaviour- when more than three 

object is detected in gripper (Beckers et al., 1994). The experiment (fig.13) was held with three 

robots with 81 objects. On default behaviour mode robot goes forward until it detects an 

obstacle or object in gripper. It turns its heading to random angles and set to default behaviour 

mode. When it detects more than three objects in gripper robot stops and changes to puck-

dropping mode, which backups by reversing on opposite direction for one second, releasing 

the objects from the gripper (Beckers et al., 1994). From the figure 13, after few minute robots 

cluster objects into one group without any global control and access of data.  

 

Stigmergy and behaviour-based intelligence share similar approach toward intelligence 

because they are not processing through reasoning and thought but emerging from the synthetic 

interaction with environment. Although behaviour of the colony of the termites appear to be 
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collaborating in organization and coordination, every insect is only following its wired 

behaviour, responding to observed environment (Theraulaz & Bonabeau, 1999). Due to lack 

of goal & intention, both behaviour-based and stigmergic robots, so as ants, do not know when 

or why to stop, even when accomplished the global task (Beckers et al., 1994). 

 

In case of CuGo the global task of the board game is to stag passive units on top of each other 

by modular robots. However, unlike the case of Brook’s robot Allen, individual robots have 

access to the global data of position of passive units, but they don’t have knowledge of what 

other robots are doing. Also, human intervention, changing the positions of the passive blocks, 

sets aside from autonomous system. Nevertheless, it has similarities in terms of responding to 

the situated environment. This questions how human controlled affect the autonomy of agents 

and relationship between human & robot.   

 

 

 

 
Figure 14: Mercury spacecraft three-axis hand controller. A prototype of Project 

Gemini joystick-type controller used for NASA’s Apollo test (Wittler, 1975) 

 

 

 

 

Teleoperation in Robots 

 

Teleoperation is a system that extends or sometimes replaces actuation that are beyond human 

physical ability, yet relying on human intelligence (Cui, Tosunoglu, Roberts, Moore, & 

Repperger, 2003). It is the opposing system from autonomous systems. Controlling remote car 

with joystick is the most known type of teleoperation. Figure 14 is non-anthropological 

joystick-type controller that had used for NASA’s Apollo test in 1992 (Wittler, 1975). This 

joystick type of manual controllers was used in spaceships, airplanes, wheelchairs and even 

video games. The research on teleoperation has been developing to operate in environments 

where it is perilous for humans to reach; such as space, battlefield, underwater and nuclear 

plants (Sheridan, 1995). There are three important terminologies that form teleoperation 

system in robotics.  
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1. Teleoperator is a machine and an interface that allows human user to sense and 

control from a far distance. In general, any tool that reads a person’s 

manipulation and communicates to control the machine that is far beyond her 

reach is a teleoperator (Sheridan, 1992). While figure 14 is non-

anthropological teleoperator, which are fully manual, figure 15 is 

anthropological teleoperator has certain level of automation, yet supervised by 

controller (Sheridan, 1995). 

 

2. Telerobot is a subject of a teleoperator. It is a robot that receives packages from 

the teleoperator from distance. Generic telerobots may have multiple Degrees 

of Freedom (DOF) (Sheridan, 1995). 

 

3. Telepresence is a state when operator physically feel present at the remote site 

with the sufficient information from the teleoperator (Sheridan, 1992). 

 

 

 

 
Figure 15: Teleoperated anthropomorphic master/slave control system. Human user 

controls the master manipulator(right) and telerobot (left) follows the master 

manipulator (Hollerbach & Jacobsen, 1996). 

 

 

The figure 16 illustrates Thomas Sheridan’s, a mechanical engineer and pioneer of remote 

robotics control technology, the flow of supervisory task in controlling a telerobot (Sheridan, 

1995). According to Sheridan, blocks represent mental activities or computer activities or a 

combination (1995). The supervisor functions are; (1) plan, (2) teach, (3) monitor, (4) 

intervene- manual take over, (5) learn- to improve future planning. As the environment and 

task become complicated, the role of computer increases to aid better estimation, control and 

telepresence to human users (Sheridan, 1995), releasing their cognitive loads. After all, 

technological advancement of teleoperated robots, with the computer aided control, blurs the 

borderline in between teleoperation and semi-autonomous systems, yet highly relying on 

human-intelligence.  
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Figure 16: Supervisory functions in controlled telerobots by Sheridan (1995). 

 

 

 

Conventional Shared autonomy in robots 

 

Conventional shared autonomy stresses on the different levels of autonomy and human 

interference in the system (Schilling et al., 2016). Usually, the system is in charge of low-level 

details, which deals with the complex computations for the action. On higher-level, the system 

transfers control to the human user, forming the shared autonomy into human centered 

perspective (Schilling et al., 2016), which, again, shares similarity with supervised 

teleoperation. While autonomous system focuses on completing the task successfully without 

any human intervention, classical shared autonomy stresses on the level of autonomy under 

human supervision in human centered perspective (Hertkorn, 2016). Shared Autonomy can be 

clustered by its level of autonomy and mode of interaction.  

 

1. Shared/Guided Control is a concurrent working system between user and robot, 

focusing on the user’s control. They system themselves to react to the 

environment autonomously with its own control loop and executes specified 

action (Goodrich, Crandall, & Barakova, 2013).  

 

2. Collaborative Control, unlike supervisory control system in teleoperation, user 

and robot shares a task and work as a team in the same space and at the same 

time, which many researchers including (Goodrich et al., 2013) represent it as 

mixed-initiative control system. 
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Figure 17: Different levels on autonomy from teleoperation to autonomy (Schilling 

et al., 2016) 

 

 

 

 

 

 

 

Researchers from industries and military are aware of the limitation of classical shared 

autonomous system where the system is in charge of lower level operation and human takes 

the higher-level decision making. Both Malte Schilling from Bielefeld University and US 

Army Research Laboratory (ARL) proposes alternative form of shared autonomy by stratifying 

the control system, but in different methods.   

 

The research paper Towards a Multidimensional Perspective on Shared Autonomy by Schilling 

on shared autonomy clearly indicates the limitations of conventional human robot relation in 

its system and shifts its heading towards more collaborative control rather than supervised 

control by providing flexibility to the semi-autonomous system (2016). Schilling and his 

colleagues researched on shared autonomy through multidimensional perspective to achieve 

more collaborative control (2016). Schilling illustrates three different layers (fig. 18) with 

hierarchy for collaborative control system (2016). In figure 18 (a), teleoperation has no 

autonomy in system side, directly manipulated by the human. Since teleoperated systems are 

mainly meant for hazardous environment with high risk, it is subject to ultimate human control 

(Chen & Barnes, 2014),  limiting the mutual trust and communication between the robot and 

human.  In contrast, figure 18 (b), the intentions are from human, and strategies & intentions 

are shared between the semi-autonomous system and human. Conceptual diagram (fig.18 (b)) 

of three levels of control system by Schilling reminds Brook’s behaviour-based robot’s three 

layers that controls the one another that are below. While control levels in behaviour-based 

robotics are fully autonomous, shared autonomy divides tasks, which are in intermediate level, 

with human. Obviously, the layers from both systems cannot be compared on its functions 

since the task of layers do not correspond each other. However, it is interesting to observe the 

stratification of control system. 
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Figure 18: multidimensional perspective of autonomy to show interaction between 

user and system. (a) Teleoperation system (b) Collaborative control system (Schilling 

et al., 2016).  

 

 

 

 

 

Moreover, US ARL’s report suggest stratification of the agents will allow collaborative 

decision making process (Barnes, Chen, & Hill, 2017). Although the term “autonomy” in 

military environments is delusory due to high uncertain data in battlefields and responsibility 

that carries casualties of human life (Chen & Barnes, 2014), the report speculates to expand 

the boundary of shared autonomy control, suggesting three major challenges.  (1) Control 

structures (fig. 19) for multi agent structure, where certain agent shares the role of supervisor 

on the other agents (Barnes et al., 2017). While Brook’s and Schilling used stratified internal 

control system to coordinate agents collaborate, Barnes suggests shared supervision on certain 

agents to coordinate multi agents. (2) Transparency of decision process to allow human to rely 

on system’s decision-making process (Barnes et al., 2017). Lee and See, in their research report 

on Trust in Automation, stresses well-tuned trust is crucial in human reliance on automation to 

minimize disuse, failure caused by rejecting decision from automation, and misuse, unduly rely 

on unreliable autonomy (2004). (3) As Lee underlined the trust factor between human and 

systems (2004), monitoring interface to understand purpose, process and performance plays 

significant role in collaborative control in shared automation (Barnes et al., 2017). 
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Figure 19: Stratification of control system. Robots without tools are supervisor 

robots which controls he robots on the bottom layer (Barnes et al., 2017). 

 

 

It is important to re-evaluate the semi-autonomous system in CuGo. Unfortunately, CuGo has 

the identical system with traditional shared autonomy. On lower level it analyzes the positions 

of passive blocks and moves according to its own inverse kinematics. CuGo’s situated 

environment is only the position of passive blocks, therefore, complexity that CuGo can 

operate is limited to its perceived environment. Just like Schilling defined the classical shared 

autonomy, CuGo is not a partner, yet a semi-intelligent tool that reinforces human intelligence. 

However, it is hard to classify CuGo’s system as supervised control either. CuGo is a modular 

reconfigurable robot with non-perpendicular rotation axis (fig.4). Its rotation configuration 

increases by the number of modular units connected to the chain (fig.3). Moreover, due to the 

DOF and multi-angular-axis rotation it is hard to predict the end effector’s8 position of CuGo. 

Hence, human cannot supervise the rotation of robot with her/his intention. As briefly 

illustrated in figure 20, user has to learn the pattern of rotational movement of CuGo’s current 

assembly configuration with few iterations of trial and error. Then, user can apply & guide 

her/his intention to supervise the behaviour of CuGo.  

 

 
Figure 20: Illustration of game play with CuGo. Human player has to place the 

passive blocks in a position where robot can reach and stag on top of other passive 

blocks (illustrated by Peng Gao). 

 

 
8 End effector normally refers to the end part of the robotic arm which is deals with the key task of the robot. In 

case of CuGo the last module is identified as end-effector 
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Schilling and Barnes argues that broadening the boundary of interaction in shared autonomy 

requires participants concede of certain autonomy on different levels of control system as in 

figure 18(b) (Schilling et al., 2016) and access to transparent monitoring system that human 

can fully understand the purpose, process and performance of the autonomous system (Barnes 

et al., 2017). Schilling and Barnes points might broaden the idea of shared autonomy by having 

flexible level of autonomy on robot’s control system and clear understanding of decision 

process of autonomous system, however, they do not break the boundary of master and slave 

relationship between human and robot.  

 

 

 

 
Figure 21: CuGo from the exhibition at Ars Electronica Festival 2019 in Linz, Autria.  

 

 

 

It is important to indicate that the evaluation criteria of Schilling and Barnes for shared 

autonomy may different from the CuGo’s. While CuGo speculates how human robot 

collaboration can form mutual relationship, where interaction is not a control but a conversation, 

Schilling and Barnes’ idea focuses on practicality of shared autonomy in industry and military 

applications. As mentioned in the introduction of this design thesis report, interaction that 

forms relationship between CuGo and user should not focus on numerical performance of 

collaboration. Which makes it difficult to measure the success rate of collaboration between 

CuGo and users. Therefore, the only way to examine how people interact with CuGo is to let 

people experience it. Fortunately, CuGo had public exposures at Life Rewired Hub, Barbican 

Centre in London, UK and Ars Electronica Festival in Linz, Austria. I was able to collect 36 

people answering following six questionnaires. 

 

  
Q1. Have you felt engaged with the reconfiguring robots? 

Q2. Have you felt collaborative when interacting with reconfiguring robots? 

Q3. In what level do you think the robot is intelligent? 

Q4. Did you feel the movements of robots are unpredictable when you first play? 

Q5. Did you have a better understanding of the movements after few rounds of play? 

Q6. Do you think the robots have different understanding of space compared to human? 
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Figure 22: Questionnaire results from the 36 visitors at Barbican Center and Ars 

Electronica (from scale 1 to 5, from unlikely to very likely) 

 

 

 

 

 

 

Although, public answer to the questionnaire does not precisely evaluates the collaborative 

interaction in CuGo, it does - in my opinion- tells both potential and limitation of its current 

system. Considering the limited intelligence of CuGo, the respond to the questions were 

remarkably positive, which implies that people feel collaborative behaviour between them and 

CuGo. After playing for five turns people were able to collaborate with CuGo with their own 

intention. Although CuGo had fairly low intelligence comparing to AlphaGo and Stanley, 

majority of people were engaged with the semi-intelligent robots. However, while human learn 

from its rotational patterns after couple of iterations, CuGo does not learn or memorize 

decisions that human has made on passive block. It only responds to its changing environment. 

This discloses the one-way communication between user and CuGo, which leads to constrains 

of the behaviour-based robotics, where intelligence of robots has no mean of action. 

Furthermore, lack of mutual communication between CuGo and player halts collaborative 

interaction, trapping in to master & slave relationship between human and robot. In order to 

have genuine collaboration & interaction, shared autonomy must go beyond controlling and 

supervising via interface & manipulator. Therefore, I propose to retrospect the concept of 

interaction in order to genuinely seek shared autonomy.  
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Figure 23: Children playing CuGo at Ars Electronica Festival 2019  

 

 

 
3. Theoretical approaches 

 

Interaction beyond master and slave 

How can interaction be mutual between human and robot? Although the idea of telepresence 

feedbacks the user with environment data collected by sensors, interface for telerobots and 

shared autonomy maintained as human centered control system. Ruairi Glynn, the director in 

Interactive Architecture Lab at the Bartlett, quoted cybernetician Paul Pangaro that the most 

modern software interface designs, do not involve interacting very much at all. They are more 

like command-line instructions dressed up in drag (2008). Cybernetician Ranulph Glanville, in 

his paper An Intelligent Architecture, criticizes the Computer Aided Design (CAD) software 

as least interactive; slaves that do our bidding rather than joining as partners in interaction 

(2001). This criticism applies to the field of Human Robot Interaction (HRI) where robots 

remain as a tool that reacts according to inputs. Besides, Glynn states that current Human 

Computer Interaction (HCI) models often limiting the potential of system, let it to be slave of 

users’ demands, also slaves the users to its algorithms (2008) which also applies to HRI.  

 

“In an interactive world of such mutual reciprocity, what we assume of others we 

assume also of ourselves.” 

-Ranulph Glanville (2001) 

 
Following the idea of Glanville’s interactivity, Glynn proposes two points that could break the 

barrier in between human and artificial systems. (1) Allowing certain autonomy that allows 

them to make decisions and suggestions from their own observation (2008), which tallies with 

Schilling’s argument on allowing higher level intelligent to shared autonomous system (2016). 

(2) Reciprocal conversation that forms human as conversational partners, willing not only to 

command but also to listen and learn from the system (Glynn, 2008).  
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In addition, Gordon Pask’s idea of conversation, based on frameworks of cybernetics, re-

instructs the conversational interaction between machines and human. The attempt of the 

Pask’s conversation theory is to understand and define learning process in both living 

organisms and machines (Cortland, n.d.). Gordon Pask, who studies the conversation; not the 

content but how it take place (Davies, 1974), argued that the learning occurs with the evolution 

of the conversations which validates the knowledge (Cortland, n.d.; G. R. L. . Pask, 1976; Pask, 

1975). Pask’s idea of conversation differs from communication (Pask, 1980). He argues that in 

order conversation to happen, participants understanding, intent and values has to change by 

influences of the other, otherwise it is “merely the exchange of messages” (Pask, 1980). 

Furthermore, his idea of conversation could be found from his early experimental machine 

called Musicolour developed in 1953 (Pask, 1971). 

 

 

 

 
 

Figure 24: Simplified diagram of Pask’s Musicolour drawn by Usman Haque (Haque, 

2006). Musicolour receives the sound from the played instrument, and generates lights 

as a response to performer, who also, plays the instrument as a response to the 

Musicolour, drawing the feedback loop circle in between performer and Musicolour. 

In addition to this loop there is an inner loop in Musicolour where it memorizes the 

input sound pitches and detects when the inputs are occurring in same pitch range it 

reacts to inform the performer (Pask, 1971). 

  

 

Along with the two concepts from Glynn, Pask’s ideas and his experimental project Musicolour 

(fig.24) demonstrates the conversational interaction that would break the master and slave 

relationship between human and machine. The major aim of my research is to investigate the 

modern developments of shared autonomy in robotics, perhaps, Pask’s original principles 

needs to be explored and considered for future developments of CuGo.  

 

 

Behaviour Tree with Genetic Programming (BT-GP) 

 

Conversational interaction can only formed when there are mutual influences that eventually 

converge to learning (Pask, 1971). However, much current AI research is highly focused on 

Machine Learning (ML) which cannot train itself while performing. Also, ML requires human 
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knowledge and control to clean the data, set optimization function, learning rate, avoid 

overfitting and manual tests in hyper-parameters to achieve higher accuracy and reward. One 

can distinguish the better training method, or updated artificial neural network (ANN), only by 

comparing results, which not only takes from days to months to train ANN but also leaves the 

process of training as black box. Whereas, recent developments of Behaviour Trees (BTs) with 

evolutionary algorithm, affirmed by Rodney Brooks (Brooks, 2018), perform rapid and 

apprehensible adaptation and learning process in multi-agent system.  

 

 

 

 

 
Figure 25: High level BT diagram of decision process of carrying, picking and placing 

(Collendanchise & Ogren, 2018). 

 

 

 
Figure 26: Expanded diagram of Pick Ball in fig. 24 to sub-BT (Collendanchise & 

Ogren, 2018). 

 

 

 

BTs are developed in computer game industry to increase the control structure of Non-Player 

Characters (NPC) (Collendanchise & Ogren, 2018) and it has been used by two thirds of 

world’s video game (Brooks, 2018). The node in BTs, as in figure 25 and 26, could be specified 

by expanding sub-BT (fig. 26).  Although BT’s early purpose of development, it has been 

utilized as a tool for robotic manipulation (Collendanchise & Ogren, 2018; Jones, Studley, 

Hauert, & Winfield, 2018). The assets of BTs are modular and reactive attributes 

(Collendanchise & Ogren, 2018). According to Gonzalo Florez-Puga, Ph.D. from Complutense 

University of Madrid, individual behaviours in BT can be easily reused in another higher-level 

behaviours, without specifying bond to subsequent behaviors (Fĺorez-Puga, Ǵomez-Mart́in, 

D́iaz-Agudo, & Gonźalez-Calero, 2008). Which allows non-expert users to program robotic 

behaviours that are as complex as traditionally hardcore programs (Perez, Nicolau, O’Neill, & 

Brabazon, 2011).  

 

Brook’s behaviour-based robots Creatures has stratified control layer system which are in 

hierarchy, where the execution of decision is one-way control. While top layers can access 

states of lower layers, bottom layers cannot access states of higher layers. However, BTs use 

two-way control transfers, where sub-behaviours are task independent rather than branch 

dependent (Collendanchise & Ogren, 2018). Thus, modular and reactive attributes of BT leads 

its usage not only in highly complicated computer games, such as StarCraft, but also in robotics 

in dynamic environment (Collendanchise & Ogren, 2018).  
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Figure 27: Before the Crossover on BT (Collendanchise & Ogren, 2018). 

 

 

 
Figure 28: After the Crossover on BT (Collendanchise & Ogren, 2018). 

 

 

 

Precedent researches on BTs in robotics achieved adaptation to dynamic environment by using 

Genetic Programming9 (GP) on BTs (Collendanchise & Ogren, 2018; Jones et al., 2018). There 

are three operators applied on BT-GP. Crossover randomly swaps subtrees from one BT with 

another BT at any level (fig.27 and 28) (Collendanchise & Ogren, 2018). Mutation is a unary 

operation replacing a node in a BT with another node of the same type, increasing diversity to 

prevent optimization algorithm from falling into local minima. Initiating the optimization 

function from wide range of node type will avoid local traps. Selection is a step before moving 

to next generation10 that randomly selects individual nodes that are created by mutations and 

crossover on their survival probability11. 

 

 

 

  
Figure 29: BT-GP simulation and real robot experiments. (left) 25 kilobots are placed in the Nest zone (middle) 

First generation of BT-GP (right) 200th generation. However, after 30th generation fitness value almost reaches 

the 200th generation fitness value  (Jones et al., 2018). 
 

 

 
9 Genetic Programming is an optimization algorithm, inspired by biological evolution where a set of individual 

policies are evolved until they solve a given problem good enough.  

10 Generation in genetic algorithm refers to an iteration of elite selection, crossover, and mutation.  

11 Survival probability is a probability which is based upon the reward function, quantitatively measuring the 

fitness of the agent according to the given task- how much does the agent achieved towards the goal. 

 



28 

 

The recent research held at University of Bristol shows promising result on multi-robot 

collective adaptation by using BT-GP (Jones et al., 2018). The research team used kilobot12 to 

test BT-GP algorithm on real environment. All the robots start from the nest zone (fig.29) and 

once the robot reaches the food zone (fig. 29) it is regarded as picked a food and re-entering 

the nest zone is considered as depositing the food. The fitness of collective behaviour is related 

to the total amount of food returned to the nest within simulated time. 25 kilobots were 

simulated with 200 time on virtual environment and via using Box2D13 physics engine with 

addition of Gaussian noise14 to mask simulator deficiencies (Jones et al., 2018). Different BT 

structures, limited to 30 maximum tree depth and 140 nodes, were used for each simulation. 

For every generation three elite trees are transferred to the next generation without change, and 

crossover operation applied to all pairs of non-elite BT (Jones et al., 2018). Kilobots were run 

in real environment for 20 times, and the fitness value showed successful result considering 

reality gap15 effects (Jones et al., 2018).  

 

The experiment held by University of Bristol shows promising results on learning process in 

real environment via implementing BT-GP on multiple robots. Even though there are still many 

challenges remain to set up fitness values and evolutionary parameters 16, it demonstrates 

conversational interaction, where robots learn from the continuously changing environment, 

could be achieved by using BT-GP.  

 
4. Future studies & Potential industry applications 

 

The learning process during interaction is a huge step towards conversational interaction 

between human and robot, softening the boundary between master and slave. However, there 

are three challenges remaining for further exploration; first, the mechanical connection 

between the module and the board, second, the collaboration between multiple robots in the 

same board, third, the possible application beyond the board game.  

 

Current prototype of CuGo uses off-the-shelf actuators which limits the number of modules 

connected in a chain. Customized actuator designed for angular rotational axis will allow CuGo 

to have more than five modules in a chain. The increased number of modules will not only 

allow larger search spaces (fig.3) but also provide variant typologies such as walking on the 

board by mechanically connecting and detaching from the board at the both end modules. 

 

Moreover, CuGo reveals potential attributes of a platform to research multi-agent human 

collaboration. Assigning different time interval for each robot’s response, one interference on 

environment, either from human players or another robot, will affect other robot’s decision 

process. Therefore, human players would be able to interact with multi robots just by re-placing 

passive blocks, averting from master & slave control systems.  

 

In addition, CuGo’s tangible interface could be applied to architectural context. While 

precedent literature on robotics in architecture focuses on manufacturing and autonomous 

construction, CuGo could be a part of the built environment that co-habit with people. Modules 

 
12 Kilobot, developed in Harvard University, is an open-source mini-robot to experiment collective behaviours.  

13 Box2d, developed by Erin Catto, is open-source C++ engine for simulating rigid bodies in 2D. More info 

https://box2d.org/. 

14 Gaussian noise is a probability density function that is same as the normal frequency distribution.  

15 Reality gap is discrepancy between reality and simulation environment. 

16 Evolutionary parameters are; number of generations, population, elite, length of test time, crossover 

probability and mutation rate. 

https://box2d.org/
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of CuGo could form a partition, non-structural wall, of a building. Passive-blocks could be re-

defined as furniture inside the building. Just as human player moved the position of the passive 

blocks in the board game, inhabitant could interact with the architecture by moving positions 

of furniture, which reflects occupant’s usage of space. Thus, people could communicate with 

the building neither via complicated buttons, nor any other control systems that may traps into 

the same hole that HCI and HRI has fallen.  

 
5. Conclusion  

 
The purpose of CuGo was to provide experience of human robot interaction to general public 

without any professional knowledge. Hence, it is developed as a board game context with 

relatively simple rule. This research paper has helped me to understand clear position of CuGo 

both in terms of theoretical topics and technological aspects of interaction with semi-intelligent 

systems that are in between teleoperated and autonomous robots. Furthermore, Pask’s 

conversational interaction steered future direction of CuGo to seek beyond the current shared 

autonomy, mitigating the separation between master and slave. Moreover, it has driven me to 

explore user experience to assess the challenges and changes that needs further development, 

embarking research topics such as live behavior training during interaction, multi-agent human 

interaction, and interactive interior architecture that both occupants and built environment 

forms the interior space. After all, it has accompanied my journey to find genuine interaction 

between human and robots. Providing experience of human robot interaction, CuGo 

encourages people to collaborate with robots. In conclusion, CuGo is not just a tool that 

augments human’s physical and mental strengths but perhaps a partner to share and learn 

knowledge from each other, just as how AlphaGo has taught Lee Sedol to retrospect the way 

Go is played for two thousand years.   
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