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Abstract

:

Novel developments in artificial intelligence excel in regard to the abilities of rule-based agent-based models (ABMs), but are still limited in their representation of bounded rationality. The future state maximization (FSX) paradigm presents a promising methodology for describing the intelligent behavior of agents. FSX agents explore their future state space using “walkers” as virtual entities probing for a maximization of possible states. Recent studies have demonstrated the applicability of FSX to modeling the cooperative behavior of individuals. Applied to ABMs, the FSX principle should also represent non-cooperative behavior: for example, in microscopic traffic modeling, there is a need to model agents that do not fully adhere to the traffic rules. To examine non-cooperative behavior arising from FSX, we developed a road section model populated by agent-cars endowed with an augmented FSX decision making algorithm. Simulation experiments were conducted in four scenarios modeling various traffic settings. A sensitivity analysis showed that cooperation among the agents was the result of a balance between exploration and exploitation. We showed that our model reproduced several patterns observed in rule-based traffic models. We also demonstrated that agents acting according to FSX can stop cooperating. We concluded that FSX can be useful for studying irrational behavior in certain traffic settings, and that it is suitable for ABMs in general.
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1. Introduction


Agent-based modeling (ABM) is increasingly popular [1]: more powerful computation technologies, and an increasing interest in simulating complex social systems, have led to a surge in such models. The approach is applied ubiquitously—from problems as imminent as pandemics [2] to abstract-use cases, such as modeling cardio-vascular systems [3].



A common understanding of ABM is that individual entities (agents) moving in and independently acting upon a dynamic environment are the constituents of such a model [4]. Methodologically, these models are primarily implemented as rule-based models [5]. The agents follow certain rules set by the modeler [6]: such models starkly contrast with equation-based models, which rely on differential equations to describe their behavior [1,7,8]. The idea behind rule-based modeling is to provide an algorithmic description of the attributed behavior [5]. In many cases of social simulation, this attributed behavior is targeted at simulating intelligent decision making: such intelligent agents are considered the pinnacle of ABM by some scholars [9].



While the individual decisions of agents are driven by the rules imposed by the author of the model, collective intelligent behavior can arise from the model itself—similarly to, for example, colonies of bacteria: an individual bacterium is clearly unconscious; however, when collected in colonies, bacteria appear to conduct intelligent activities, such as competing, working together to search for food, and exchanging chemical and physical signals between cells [10].



However, compressing intelligent decisions into a set of rules has been shown to cause shortcomings [11]: every behavior that is to be described requires a tailored rule [6]; the set of rules is often inadvertently biased [11]; rule-based agents are limited in their ability to learn from their environment and adapt to changing conditions; rules can be too rigid to capture more complex behaviors and interactions; and rule-based agents are limited in their capacity to represent uncertainty and stochasticity. Some of these limitations can be mitigated, for example, by adding probability-based rules [12,13].



To capture the complexity of real-world behavior, the concept of bounded rationality is often used in ABMs, especially when focused on the economic behavior of agents [14]. Bounded rationality is used to account for the limited cognitive abilities of individual agents, such as their limited information processing capacity and their limited ability to learn from experience [15]. It is assumed that agents have a limited set of strategies (rules) that they can use to make decisions, and that they are unable to maximize their utility in all circumstances: this can lead to sub-optimal decisions and behaviors.



Generally speaking, the less bounded the thinking of an agent is, the more intelligent it can be considered, i.e., “agents with higher intelligence have lower bound of rationality” [12]; however, when agents are designed to model human behavior realistically, they should be necessarily boundedly rational [16]. Bounded rationality can be measured by examining the decision making process of an intelligent agent, often in an experimental setting [17,18]: this includes looking at the strategies and tactics used, the time taken to make decisions and the degree of success achieved, e.g., measured by the accuracy of predictions. However, there is no agreed-upon quantitative measure of the bounded rationality of agents in ABMs: one of the possible options is to measure agents’ knowledge [12]. Bounded rationality in ABMs can, however, be explicitly introduced: for example, by varying the percentages of random noise in the decision function [19].



Recently, the idea of incorporating more refined algorithms has gained traction [20,21,22,23]. The past decade has brought about vast advances in the field of artificial intelligence (AI): ABM is often considered a part of this field [24], and it is, therefore, reasonable to consider other advances within this field as possible remedies for a lack of simulated intelligence in the agents.



Machine learning algorithms have gained popularity in many research areas: as such, they have also been incorporated in ABM, to achieve artificial intelligence in agents [20,22,23]. At the same time, the concept of bounded rationality is still rarely used in AI studies [16].



Artificial neural networks (ANNs) are capable of simulating behavior that is too complicated to be described in a reasonable set of rules. The behavior of ANNs can be fitted to existing data, yielding a representative behavior of the agents themselves [20]; however, such algorithms are essentially black boxes, and are prone to overfitting [25,26]. ANNs may exhibit the same result with vastly varying parameters: in some areas, it could be more favorable to have an algorithm with better interpretability. One approach to this is to limit the number of input–output relations of ANNs, and to provide clear meaning to them, with fuzzy cognitive maps (FCMs) [22,27]. In contrast to ANNs and FCMs—both of which are essentially systems of linearly connected rules—another solution could be “one rule to rule them all”.



The behavior of systems ranging from cosmological [28] to biological domains [29] has recently been described using a single, fundamental, entropy-based formalism [30]: similar advances in AI research have incorporated this mechanism as an approach to approximating intelligence in known environments [30,31,32]. These methods have been summarized under the term “future state maximization” (FSX) [33].



Research on FSX has mostly explored the astonishing cooperation emerging among swarms of agents equipped with such decision mechanics [30,31,32,34]. Behavior in ABM, however, should be capable of depicting interaction beyond beneficial effects for all entities [35,36]. In order to examine whether FSX can substitute traditional rule-based ABM, we need to show the boundaries of this emergent cooperation.



This leads us to our research question: can FSX yield an interpretable model of intelligent decision making, ranging from rational to irrational behavior?



After a literature review outlined in Section 2, we will introduce FSX and our methodological approach in Section 3. The results are presented in Section 4, and are further discussed in Section 5. The manuscript concludes with Section 6, which outlines possible future developments.




2. Literature Review


The connection to entropy-based advances in other fields was mostly established by [30], whose causal entropic forcing (CEF) exhibited the first-ever successful accomplishment of the string-pull test by artificial intelligence [30]. Ref. [30] sparked more in-depth research into the matter: in effect, CEF was used to simulate the forming of columns of people in a narrow passageway, and the flocking of birds [32,37]. Ref. [34] expanded their research into a more detailed analysis of interactions within CEF-directed entities.



A similar approach to CEF was taken by [31], who were more focused on the computational part, in what they introduced as fractal-AI. Somewhat earlier, [38] pioneered the idea of CEF with their empowerment prospect: herein, an agent, rather than maximizing the entropy of its state, aimed at maximizing its control over said state [38].



While there are some significant differences between causal entropic forcing, fractal-AI, and the empowerment theory, they still share a common principle, which can be subsumed into Heinz von Foerster’s ethical imperative [33]:




“Act always so as to increase the number of choices”—[39]





It is this notion that aids the interpretability of the agent’s behavior. Ref. [32] embraced future state maximization (FSX) as an umbrella term for this general idea. We shall use this term as an understanding of an agent that aims to enlarge its space of possible future states. A closer explanation of the principle can be found in Section 3.



Microscopic Traffic Modeling as Boundary Object


To answer our research question about the rationality-to-irrationality range of FSX, a support model was necessary: we found that microscopic traffic modeling presented a fitting boundary object for such a pilot study. Traffic situations can range from seemingly rational modest driving to irrational and selfish behavior [40]: our aim was to explore the emergence of either situation, and the space in between, within a single framework.



In the realm of traffic modeling, agent-based models continue to gain in popularity [41]. Common models employ a car-following approach, where an agent reacts to a car in front of it according to equations [42,43]. Some car-following models are coupled with a lane-changing model, to accommodate multiple road lanes [42,44]. However, popular models only cover perfect driving behavior, disregarding any misbehavior found in actual human driving [42,45]: there is a need to incorporate the irrational and unpredictable behavior of (human) agents [40,46]. Current car-following models are also lacking in their depiction of the vast heterogeneity of driving behaviors [43].



Microscopic traffic scenarios range from cooperative to competitive behavior [42,44]: recently, there have been attempts to develop a model exposing both phenomena within one framework [42]. Employing findings from psychology, one can achieve agent misbehavior similar to human actions in traffic situations [42,45]: however, these models are still rule-based, with the misbehavior being determined by the modeler a priori. Perhaps, as a result, current car-following models are not generalizable [43].



Note, on the other hand, that FSX as a method is applicable to any agent-based model. A stylized ABM applied to microscopic traffic situations, as developed in this paper, merely serves as a supporting example, which allows us to explore a range of behaviors, from rational to irrational decision making. The two-dimensional nature of such a model facilitates investigation, e.g., future states of the agents are actual trajectories in 2D space and, thus, easy to visualize. The continuous decision space of our model, and the uncertain behavior of other agents, increases the complexity of the model, such that knowledge transfer to other ABMs becomes reasonable.





3. Method


Future state maximization embodies a common principle found in multiple, rather novel, research items [30,31,32,34]. To the best of our knowledge, no comparison exists of the various implementations published to date: however, all of them exhibit somewhat intelligent agents [33].



Formalisms from research on causal entropic forcing (CEF) focus on the calculation of state entropy [30,34]. Ref. [32] were the first to focus on the actual states: their agents scanned the entire future state space up to a horizon   τ  . It is acknowledged that this works for a small   τ   in a discrete state space, but is less applicable to continuous scenarios [32]. The appended continuous method relies on a distance measure between states [32]. By contrast, the algorithm of fractal-AI is applicable to continuous cases, without such a distance measure [31].



The agents in [31] made use of so-called “walkers”, which can be interpreted as particle representations of thought processes, i.e., virtual entities sent out to explore the future state space of an agent through a random walk [31,33,34]. Ref. [31] combined this idea of walkers with a mechanism for their (re-)distribution: thus, in contrast to CEF [30], it features the ability to introduce a utility function [31]. What had previously been a method to sample the future state space of the agent [34], also referred to as its causal cone (see Figure 1), was put into focus by [31].



Walkers are created for each decision an agent faces. The walkers initially reside in the very state of the agent they are spawned from; consequently, according to fractal-AI [31], each walker draws and performs one random action    a 0    from the agent’s action space. The action space can be either discrete or continuous. Each initial action is stored, together with the identity of the walker performing it, as a crucial part of the walker’s integrity [31]. Note that each walker now finds itself in a new state,     s  t + 1   = f  (  s t  ,  a 0  )    , where f is some simulation function, which need not be perfect (i.e., need not represent actual future development perfectly) nor deterministic [31].



This state can now be evaluated via an evaluation function, which maps the state space to the binary result of “dead” or “alive”: for example, an agent could maintain a health bar similar to role-play games; then, the function would yield “dead” in the event that the health bar reached    ≤ 0   , and “alive” otherwise. Dead walkers are not abandoned, but re-initiated. For each walker that vanishes, a random living walker is cloned, yielding two walkers with an identical initial choice and walker state [31]. Each walker draws another, individual, random action, and the process repeats. Similar to CEF, the iterative process ends at the so-called horizon    τ ∈ N   . The walkers ultimately execute action    a τ   , and reach their final walker states [30,31,34].



This can be followed through in Figure 1, where an agent at    t 0    spawns 8 walkers. Note that, once the walkers (depicted as green strings) hit the edge of the cone, and thus cease to exist, another, living, walker is cloned. In effect, even though the walkers collide with the boundary in the process, the algorithm ensures that the number of walkers stays constant.



As a result, the distribution of the walkers approximates the distribution of the survivable future states of the agent that can be reached within the horizon [31]. In discrete action space, the consequent action of the agent is then the initial option taken by most walkers; in continuous action space, it is the average initial decision of all the walkers [31].



A major advantage of the fractal-AI algorithm is the possibility of incorporating a utility function denoted as reward [31]: this is accomplished by skewing the walker distribution, such that it aligns with the distribution of reward [31]. The effective reward in any future state can only be known at the walker positions. Hence, somewhat in contrast to CEF, fractal-AI relies on a sufficient number of walkers to arrive at an appropriate scanning density: this shall become evident in the sensitivity analysis found in Section 4.



As discussed above, previous studies on FSX and related concepts still vary considerably in their methodological approach. Among those studies, our approach was most inspired by [31]: that is, we created agents that explored their future state space using walkers. These walkers were redistributed, according to a utility function, to drive the agents towards an overarching objective.



3.1. Modeling the Environment and Its Development


The notion of the state of an agent relies on the environment it resides in. The environment used in this study was based on an infinite, two-dimensional, Cartesian coordinate system: within these coordinates, areas exist which can be understood to be accessible by agents. Any area inaccessible to agents will render their walkers dead. Other agents are also considered to be inaccessible areas. Hence, the agents are motivated to stay within the bounds of the accessible areas, and clear of other agents.



As [47] argue, any action taken, and thus any decision, sparks an infinite number of future possibilities. Therefore, it is paramount to distinguish two different ways for the environment to evolve:




	
actual time steps (for agents);



	
virtual time steps (for walkers).








The former resembles the intuitive case: every agent executes its decision, and consequently arrives at a new state in    t + 1   ; however, before execution, the decision has to be found. At this stage, the actual development of the environment is unknown. A virtual time step reveals an approximation of such a future state. In this sense, the FSX approach differs from non-anticipatory optimal control algorithms [48], which explore the possible (admissible) future states space on the entire horizon, before the actual decision on where to move at all consequent time steps is made: necessarily, this incorporates an agent’s beliefs about future development. We only considered agents with equal beliefs: however, due to this distinction, it would prove trivial to introduce, for example, the belief that others will slow down if oneself does not.



3.1.1. An Actual Time Step


The movements of the agents were processed sequentially. Similarly to [42], the decisions of the agent were whether to brake or accelerate, and where to steer. These decisions were then executed, such that all agents arrived at their respective actual states    a  t + 1    . Every single agent thus spawned a number of walkers, which in turn performed virtual time steps through the estimated future state space.




3.1.2. A Virtual Time Step


Virtual time steps require an estimate for the dynamic development of future state space. Agents are not capable of introspecting the causal cones of any other agent: such a mechanism would lead to infinite circularity. The necessary consequence is to incorporate a prediction of agent movements [49]: this is accomplished by assuming that agents pursue their recent trajectory. Thus, virtual state    vs  t + 1     can be found through the realized states    a t    and    a  t − 1    :


       vs  t + 1   =  a t  +  a t  −  a  t − 1        



(1)







Any further virtual state is then found by extrapolating these trajectories:


       vs  t + n   =  vs  t + ( n − 1 )   +  a t  −  a  t − 1   ∣ n > 1      



(2)







These virtual time steps construct the environment scanned by the walker entities. The future states that a walker experiences may differ from the actual state space the agent ultimately encounters: hence, a virtual time step can be regarded as the expectations of an agent about future development.





3.2. Implementation of the Agents


The agents—stylized cars—were rectangles with a length    l a    and a width    w a   . Movement forwards and backwards was restricted by the respective limited speeds,    v  f w d     and    v  b w d    . A minimum absolute speed,    v  m i n    , was required to turn in any direction; however, the vehicle turning radius was limited by    δ t   . The pivot point for turning was set in the center of the rear end of the vehicle. Acceleration and deceleration were idealized as being linear, and were limited by     a c c   f w d     and     a c c   b w d    : the movement of the walkers was restricted equally.



All these parameters of movement were set to closely resemble the parameters of [50]: they are listed in Table 1.



To endow the agents with future state maximizing capability, three additional parameters for the decision making process had to be considered: the horizon   τ  ; the number of walkers    n w   ; and the urgency to reach the objective   α   (more details on the types of objectives are given below). While the parameters of movement, i.e., those listed in Table 1, remained constant, these three parameters were the subject of investigation.



3.2.1. Driving Behavior


The driving behavior of the agents emerged from the limits set, and from their decision making process. The decision was composed of two objectives: (i) survival, i.e., avoiding collision with other agents or with the boundaries of the model environment; (ii) optimizing a reward function. In contrast to [31], we refrained from a single reward function encoding survival and utility functionality: this rendered balancing and assessing the influence of each single objective more accessible.



Survival was the primary objective. The state variable encoding the survival of a walker was binary: it equaled 1 if the walker was alive, and 0 if it was dead. After each virtual time step, walkers intersecting or going beyond the boundary of the accessible area were marked as dead according to Equation (3):


       a l i v e ( w , i , t )  =     1    for  A ( w ∩ b +  ∑  j ≠ i    w ∩ p ( t ,  a j  )  ) = 0      0    for  A ( w ∩ b +  ∑  j ≠ i    w ∩ p ( t ,  a j  )  ) ≠ 0            



(3)




where i was the index of an agent spawning the walker w, and    p ( t ,  a j  )    was the extrapolated position of the agent    a j    at virtual time t. The boundary was given through b, and A took the area of the intersections. If the intersected area was zero, the walker remained alive.



Additionally, a reward was introduced, to motivate the agents to move. This reward function was defined as    r  ( d )  =  1 d    , where d was the distance of the walker’s position,    x i   , relative to the position of the agent’s goal    x g   :


      d = ∣  x g  −  x i  ∣      



(4)







To redistribute walkers according to reward density, ref. [31] introduced a quantity called “virtual reward”,    VR i   . This normalized measure of individual reward enabled comparison among walkers [31]:


       VR i  =   R i   D i        



(5)




where    D i    was the density of the walkers in the vicinity of the state of walker i, and    R i    was the reward. To align the walker density with the reward density, the virtual reward was balanced among all the walkers [31]: this was achieved via a randomized redistribution process.



Firstly, ref. [31] approximated    D i   , in order to spare computational demand, by finding the distance to another random walker:


       D i  =  D i s t   (  w i  ,  w j  )   with  i ≠ j ,  j  randomly  chosen  ∈  [ 1 , N ]       



(6)







In our case, of a Euclidean space, the distance function     D i s t  (  w i  ,  w j  )    was trivially chosen as Euclidean distance: ref. [31] does not specify any properties that such a function has to fulfill. Then, normalization functions    N o r m    and    S c a l e    were introduced:


   N o r m  ( x , σ , μ )  =   x − μ  σ    



(7)






   S c a l e  ( x )  =      1 + ln ( x )     for  x > 1.0      e x     for  x ≤ 1.0      ,   



(8)




where   μ   was intended to be the mean of the distribution containing x, and   σ   its standard deviation. Finally,    VR i    could be calculated as:


       VR i  = S c a l e   ( N o r m  (  R i  )  )  α  * S c a l e  ( N o r m  (  D i  )  )       



(9)







Equation (9) introduces an additional parameter    α ∈ [ 0 , 2 ]   : this parameter is intended to balance exploitation versus exploration [31]. The idea is that a high   α   increases the weight of the reward: hence, agents will increasingly strive for reward as   α   increases. With    α ⟶ 0   , the entropy of the walkers is emphasized. Agents explore their environment, disregarding the areas with higher pay-offs.



Aligning the walker distribution with the reward distribution works similarly to Algorithm 1; however, in contrast to the survival objective, a probability    p i    of a walker being substituted is introduced:


    p i  =     0    for   VR i  >  VR j       1    for   VR i  = 0         VR j  −  VR i    VR i      for   VR i  ≤  VR j        ,   



(10)







This probability again relies on a randomly drawn walker, j, where    j ≠ i   . A complete lack of virtual reward immediately renders a walker due to be substituted, whereas a superior virtual reward ensures its survival. In the case of an inferior virtual reward, a normalized difference in the virtual reward establishes the probability of the walker i to be substituted. This mechanism is outlined in Algorithm 2.




3.2.2. Decision Making


With the walker redistribution functions defined, the formulation of an agent’s thought process is straightforward. As our model operated in continuous state space, we will focus on the description of this specific case.



In Algorithms 1 and 2, upon the cloning of a walker, its initial action was also duplicated; therefore, the ultimate distribution of initial decisions was skewed towards walkers which (a) survived, and (b) achieved a high reward. The decision of the agent was the mean of the surviving walkers’ initial decisions. A detailed description of this decision mechanism is given in Algorithm 3.



	
Algorithm 1: Walker redistribution step 1: survival as objective.




	
1: walkersNew ← Set()

	
▹ Collect all the surviving N walkers




	
2: for i← 0 TO N do




	
3:     if walkers(i).alive then




	
4:         walkersNew.add(walkers(i))




	
5:     end if




	
6: end for




	
7: missing ← walkers.length – walkersNew.length




	
8: for j← 0 TO missing do

	
▹ Account for dead walkers




	
9:       clone ← Walker()

	
▹ Create a new walker entity copying an alive one




	
10:     randomWalker ← randomChoice(walkersNew)




	
11:     clone.state ← randomWalker.state




	
12:     clone.initDecision ← randomWalker.initDecision




	
13:     walkersNew.add(clone)




	
14: end for











	
Algorithm 2: Walker redistribution step 2: reward as objective.




	
1: walkersNew ← Set()

	
▹ Create a set for all the N walkers to continue scanning




	
2: for i← 0 TO Ndo

	
▹ Traverse over all N walkers




	
3:     randomWalker ← randomChoice(walkers)

	
▹ Draw a random walker




	
4:        VR i   ← walkers(i).virtualReward

	
▹ Get the virtual reward of both the walker at i and the sampled one




	
5:        VR r   ← randomWalker.virtualReward




	
6:     if     VR i  >  VR r    then

	
▹ Compare the virtual rewards




	
7:         p ← 0

	
▹ If the walker at i has a superior reward, it will continue




	
8:     else




	
9:         if     VR i  = 0    then




	
10:            p ← 1

	
▹ If the walker at i has 0 VR, it will be replaced




	
11:         else




	
12:            p ←    (  VR r  −  VR i  )  ÷  VR i    

	
▹ In all other cases, the probability of replacement is determined as normalized difference




	
13:         end if




	
14:     end if




	
15:     r ← rand()

	
▹ Random number uniformly distributed between 0 and 1




	
16:     if p < r then




	
17:         walkersNew.add(walkers(i))

	
▹ Keep walker at i




	
18:     else




	
19:         clone ← Walker()

	
▹ Clone the randomly chosen walker




	
20:         clone.state ← randomWalker.state




	
21:         clone.initDecision ← randomWalker.initDecision




	
22:         walkersNew.add(clone)




	
23:     end if




	
24: end for









	
Algorithm 3: Agent decision mechanism.




	
1: walkers ← Set()

	
▹Start: Initialize N walkers




	
2: for i← 0 TO N do




	
3:     walker ← Walker()

	
▹ Initialize a walker entity




	
4:     walker.state ← self.state

	
▹ Copy the agent’s state to the new walker




	
5:     walker.initAction ← DecisionSpace.sample()

	
▹ Store and execute random initial action




	
6:     walker.execute(walker.initAction)




	
7:     walkers.add(walker)




	
8: end for




	
9: for h ← 1 TO   τ  do

	
▹Thought process: Virtual time steps until horizon   τ  




	
10:     walkers ← survivingWalkers(walkers)

	
▹ Execute Algorithm 1




	
11:     walkers ← rewardedWalkers(walkers)

	
▹ Execute Algorithm 2




	
12:     for j← 0 TO N do




	
13:         walkers(j).execute(DecisionSpace.sample())




	
14:     end for




	
15: end for




	
16: actions.decision ← mean(walkers.initActions)

	
▹ Decision: The final set of walkers dictates the agent’s decision. In the continuous case, this is the mean of all initial actions.









3.3. Scenarios


Four different scenarios were developed to assess the performance of the FSX principle: basic; single lane; primary; and secondary. The basic scenario was an open road with a width of 6 m: this width approximately accounted for a two-lane road. The single lane scenario, which was a variant of the basic scenario, was useful to prevent agents from circumventing one another when testing an artificial perturbation of traffic flow. In both the basic and single lane scenarios, the road had no formal end, but looped after 200 m. The primary scenario was built on a similar road, with a single object blocking one lane. The secondary scenario introduced a second obstacle in the opposite lane, at some distance from the first obstacle. In both the primary and secondary scenarios, the road did not loop, but ended. The scenarios are listed in Table 2, and depicted in Figure 2.



The starting coordinates were the only distinct feature in the setup of the agents: these coordinates marked the pivot point of the agents, as outlined in Section 3.2. The initial placement put 3 m between the agents, in their driving direction. The agents all faced towards the same direction, which was also the direction in which their utility function increased. In scenarios with two lanes, the agents were placed in pairs—one in each lane: in this case, the initial lateral distance of their pivot points was 3 m, accounting for    1.2   m of actual distance, agent-to-agent. The single agent in scenarios (a) and (b), shown in Figure 2, was placed    0.5   m in front of its follower: this allowed it    5.5   m to circumvent the obstacle.





4. Results


Our analysis was twofold: first, a sensitivity analysis was performed, which also helped to determine the optimal parameters for our FSX agents; these parameters were then used for further analysis, using patterns [4]. The patterns to compare to were drawn from the well-adopted model of [50]. In fact, ref. [50] was itself validated against patterns appearing in real-world traffic. These were the patterns against which we aimed to validate the plausibility of our model. The pattern-based analysis constituted the second part of Section 4.



4.1. Sensitivity Analysis


The sensitivity analysis covered all three parameters introduced through the future state maximization algorithm, as given in Section 3:




	
N—the number of walkers;



	
  τ  —the horizon of future states;



	
  α  —parameter balancing exploitation versus exploration.








Additionally, the resolution of the temporal dimension (1 Hz) was doubled for a second assessment with 2 Hz. The result of every set of parameters was calculated as the mean of a total of 30 simulations.



The scenario we chose to assess here was the primary scenario, as given in Section 3.3. The agents had to make a shared effort to circumvent the obstacle: this enabled the assessment of collaborative behavior and its success. To measure the impact of the parameters on the success of the agents, we observed two output variables:




	
Time—the time it took for the last agent to go beyond the 60 m mark;



	
Damage—the total of the intersecting area in between the agents and the inaccessible areas (see Section 3.1).








The quicker the agents reached their objective, the better. Trivially, the temporal aspect was the first objective for our investigations. Additionally, our model allowed the agents to misjudge and make mistakes. The damage value was used as a rough proxy for too-aggressive driving, to account for such behavior. We will demonstrate that both values showed similarities in the location of their optima.



4.1.1. Horizon and Number of Walkers


As shown in Figure 3a, when comparing the number of walkers N to the horizon   τ  , there existed a rather linear relationship. Scanning the future state space as far and as densely as possible was beneficial: thus, the quickest ways around the obstacle were found using a maximum of walkers and horizon. The damage also decreased with the rising number of walkers; however, it appeared to increase slightly when the horizon was extended: this was likely due to the effective density of walkers at horizon   τ   decreasing exponentially as the number of states to be scanned rose.



One possible solution was to increase the temporal resolution of the walker process: thus, scanning the future state space, not every second, but every half-second. This method decreased the reaction time of the agents, but increased the computational demand. As expected, the results shown in Figure 3b improved. Especially at a low horizon, the agents profited from the additional temporal steps in their thought processes.




4.1.2. Alpha and Horizon


A non-linear effect could be observed in the plot depicting the   α   value against the horizon   τ  . As expected, a low horizon value yielded inferior results. The beneficial effect of a rising horizon, however, was only significant in a certain regime, as depicted in Figure 4.



This effect could be observed with samples using 25 and 50 walkers as well: with the number of walkers, its prominence increased.



As shown in Figure 4a, the range of ideal   α   values in our model appeared to be between    0.3   to    0.5  . A very low   α   rendered the agents unwilling to strive for their objective. At the other end of the range, a higher   α   led to the detrimental effect of agents being unwilling to cooperate with one another. Only by coordinating their respective advance through the single unblocked lane, did the agents assure good traffic flow and, in effect, low overall time and damage values.



This effect seemed to shift in Figure 4b: a higher sampling rate led to a lower reaction time of the agents, and allowed for better performance overall, as comparison of the scales in (a) and (b) shows. The detrimental effects of a high   α   were somewhat mitigated. The stronger pull towards the objective served the performance of the agents.





4.2. Patterns


Ref. [50] presented two patterns featured by their car-following model: (i) the horseshoe-shaped speed–vehicle density curve; and (ii) the propagation of disturbances through traffic.



The horseshoe shape of the plotted vehicle density against the average speed could also be observed in real-world traffic [50]. In fact, it appears intuitive that, as average speed and vehicle density rise, the road capacity would induce a limit. In turn, with a higher density, the speed has to decrease, which, in effect, reduces the number of vehicles per hour.



For the assessment of this pattern, an open road was required; therefore, we used the basic scenario, as described in Section 3.3. Using the parameters found to yield an optimal result at circumventing obstacles in Section 4.1, we observed the same pattern in our model as shown in Figure 5. In comparison to the model developed in [50], the absolute values differed slightly; however, they were within reasonable bounds, and might stem from the three-lane road used by [50], while the road in our model only featured two lanes of width.



To introduce disturbances into our model, we reduced the width of our road, so that it only accommodated one car at a time. We then brought the foremost car to a halt, and let it accelerate after a short stop, to observe how the other agents reacted. The pattern observed in Figure 6 was also similar to the one shown in [50], rendering the pattern-oriented analysis successful.



As our model did not possess any categorization of agents, we compared the patterns found in [42], based on their “resilient” agents. Figure 7 shows the average speed of our agents, dependent on vehicle density. The patterns show good agreement.





5. Discussion


The discussion of the results is split into two parts: the performance of the developed model itself, followed by the more general topic of utilizing FSX for ABM.



5.1. Model Performance


Using an adaptation of the algorithm developed in [31], FSX reduced the number of parameters to merely three factors: horizon   τ  ; number of walkers N; and the parameter responsible for balancing exploitation versus exploration,   α  . With our adaptation, multiple objectives could be separated, allowing for parameterization of single-utility functions using multiple    α x    parameters. While such investigations were beyond the scope of this work, the three parameters assessed in our sensitivity analysis showed significant and distinct influences on the agents’ behavior.



The horizon   τ   and the number of walkers N work together to increase the density of future state space scanning. While the horizon defines how much an agent anticipates the future, the number of walkers is the actual adjustment of the scanning density [31]. Our model could not show a significant difference in the influence of horizon versus the number of walkers; however, it seems intuitive that a high number of walkers could not share the effect of a high   τ   in some dynamic environments.



The   α   parameter showed a significant effect on the performance of the agents. In the case of a high   α   value, the urgency of the agents to reach their goal on the very right of their map outweighed their struggle to survive: in effect, the agents refused to cooperate, and often consecutively blocked one another. The upper bound of the   α   parameter in the sensitivity analysis was chosen to be    2.0  : this value was in line with the interval given by [31].



However, while it was paramount to also assess the mistakes made by the agents, the damage measure could be improved. If the agents got locked into an unfavorable position, the damage value could increase vastly, while a fast agent might not collect much overlap with an opponent before it had crossed the area. A more realistic damage measure, including impact velocity, would be necessary for a closer look into the severity of the mistakes made by our agents.




5.2. FSX as a Framework for Agent Intelligence


As the ABM approach progresses, the challenge remains of representing human behavior [1]. The use of machine learning techniques has thus far been hampered by their demand for large data [1]. We propose FSX as one “theory of behavior” [1] by which to model human agents without machine learning. Utilizing FSX, the author of an ABM no longer imposes specific rules of behavior: instead, the agents leverage the ethical imperative of constructivist Heinz von Foerster [39] as the decision making mechanism. Rules are superseded by the definition of boundaries. Future state spaces external to the model can be introduced via a utility function.



This design principle changes the way that the model author is led to think about the agents’ behavior. The agents utilize their artificial intelligence to their benefit. Instead of imposing what the agents should do, we design their capabilities, i.e., acceleration or deceleration, and boundaries given by the shape of the agent and environment, etc. By shifting the thought process from imposing rules to expressing boundaries, we argue that it becomes more intuitive. In a similar way, defining differential equations comes more naturally than expressing the evolution of state variables directly.



The definition of bounded rationality brought forward by [15] is based on the two concepts of “search” and “satisficing”: it is possible to interpret FSX in the light of this definition. The search concept is embodied in the walker process. Satisfaction is completed once the horizon is reached, as a result of the walker redistribution process. The density of the search is characterized by the number of walkers. The limit of satisfaction is guarded by the horizon. Thus, a high number of walkers and a high horizon lowers the bound of rationality. This is associated with higher intelligence [12].



Our analysis of the model patterns suggests that this method, being rule-less, can reproduce the behavior of rule-based models. A traditional, but still widely used [43] model [50], and a modern study [42] serve as a comparison. Future state maximization appears to replicate well the patterns found by [42,50]: it is, however, not clear if these patterns are not mere emergent phenomena found in any traffic system. No clear connection between the patterns, pointing to specific human behavior, has been found. Nevertheless, the patterns show some key features predominant in human driving: in particular, the disturbance of the traffic flow shows clear signs of a reaction time. This is also implicit in the horseshoe pattern, as it displays a slowdown of the traffic flow in scenarios with a high car density.



As argued by [51], an actual agent-based traffic simulation distinguishes between the traffic system and its internalized representation used by an agent: this notion agrees with the constructivist interpretation of an agent’s epistemic capabilities. It has been shown that FSX can serve as a computational model of such a notion [33]. While [51] modeled a large traffic system, we focused on the microscopical interaction of agents. Internalized information that was crucial to our agents included the estimates of future trajectories. Our model has already succeeded, using a simple extrapolation: however, other heuristics could also be utilized [32]. More complex models could be exploited to derive trajectories from human behavior [52].



The low number of the FSX parameters (  α  ,   τ  , N) in conjunction with the intuitive definition of the degrees of freedom for our agents showed how FSX could be a promising alternative to other artificially intelligent agents, as in [20], or to rule-based ABMs, as described by [6]. The damage values showed that the agents were not perfectly rational, but rather acted in certain interests. Moreover, the agents appeared to be interacting independently, as proposed in the definition of an agent by [4].



A novel finding that we can report is that FSX agents can, in fact, stop cooperating: this could be closely related to the breakdown and respective emergence of structure within the collectivism of the CEF agents, as shown in [34]. What is novel in our investigations is the introduction of a utility function, as pioneered by [31].



The separation of objectives, which we conducted within this work, enabled us to independently steer the influence of both survival (exploration) and utility (exploitation): we argue that the   α   parameter alone, as previously stated by [31], cannot balance these using a single reward function encoding both survival and utility. Reducing   α  , in this case, also rendered the agent incapable of striving for survival, as all information about the survival of the walkers was lost. The exploring agent was prone to run into states which were not survivable: this goes against the idea of exploitation versus exploration, which is more aligned with risk-taking versus conservatism.



With our modification, this could no longer happen. For cooperation, a balance between exploration and exploitation had to be struck. Urgency to reach an objective yielded agents too egoistic to make way for a fellow. On the other end of the spectrum, absence of urgency left the agents indifferent enough about the objective to get stuck in sub-optimal situations: it seems that urgency is required to collectively strive for the greater good. This is reminiscent of the finding by [35], that cooperative behavior can follow from the interaction of egoistic agents.



Another reason why other researchers, such as [32], discovered the collaboration of their agents could be due to the sequential evaluation of their agents’ decisions and high sample rates. As can be seen in Figure 3 and Figure 4, an increased number of decision steps improves the result: it, effectively, reduces the reaction time to the actions of other agents. Due to the sequential calculation, every agent has complete information about its surroundings. If the interval between the time steps is made small enough, the agents can effectively react to everything, and appear to be cooperative. Computationally, however, this is not feasible. A possible alternative would be to ensure a certain scanning density through a “dynamic horizon”. Once the walkers are too dispersed, the scanning is interrupted, and the intermediate result is used.




5.3. Limitations and Further Research


The computational demand of agents utilizing the FSX principle is high: this could render more elaborate investigations time-consuming and expensive. The FSX principle is thus only applicable in cases of systems comprising a few agents. One of the possible options to decrease the demand for computing resources is to reduce the option and/or state space to a low number of discrete points when this is feasible.



However, the research on this novel method is still in its infancy. It is possible that future exploration will decrease the computational demand. The parallel nature of the walker entities offers itself for concurrent computing: one such frontier could be found in a “dynamic horizon” which could reduce the computational demand in certain situations, and improve both computational and intelligent performance. For example, decreasing computational demand would enable robustness and scalability assessment for larger populations of agents, which could be beneficial for studying large networks typical for traffic simulations [53].



Thus far, only equivalent (homogeneous) agents have been considered. The small number of parameters compared to, for example, an artificial neural network or an accumulation of several rules would make it straightforward to define a heterogeneous population. In addition, the intuitive description of future state expectations also enables creating agents with specific beliefs. One of the future development directions could be the explicit integration of sleepiness, distraction, or aggression into the decision making process of the vehicle driver [46]: for example, reduced scanning density (considering fewer options) could be employed in case of sleepiness, or a decreased planning horizon, and tolerating more anticipated damage, to model aggression [54].



Our sensitivity analysis could also establish some foundation for the understanding of the social behavior among future state maximizing agents: however, a microscopic traffic model has only a limited capacity for explaining it. For a more clear insight into the interaction of individual FSX agents, a purpose-made model would be beneficial. Future research could employ simpler models, such as a public-good game, to strengthen the insights into cooperation and its breakdown among such agents.





6. Conclusions


An assessment of the developed agent-based model of small road sections, using FSX agents, shows qualitative similarities to the common car-following model of [50]. Furthermore, patterns observed in real-world traffic can also be observed when using FSX agents: however, in contrast to the model of [50], the behavior of these agents is emergent from their thought process, using the FSX principle and the (physical) boundaries applying to them.



Cooperation among FSX agents can, in fact, break down due to limited rationale. The agents can exhibit behavior which could be utilized for models lacking traffic regulations, such as shared spaces. Moreover, scenarios where some agents do not totally abide by the law, are plausible. Hence, FSX could serve as a theoretical foundation for agent-based modeling as an alternative to machine learning algorithms: it could be especially useful in cases with a low abundance of data.



The future state maximization principle shows qualities that render it applicable to ABM. Bounded rationality is implicit in our model: the agents exhibit what could be interpreted as intelligent behavior; moreover, this behavior can be adjusted by varying the horizon and the number of walkers an agent spawns. An additional parameter (  α  ) is available to adjust the influence of a utility function [31]. We successfully extended the algorithm of [31], to separate survival from utility dynamics. As the sensitivity analysis shows, these parameters are rather influential: therefore, they can be useful for fitting the model to data.



Models like the one presented can be useful when it comes to training algorithms for autonomous cars in challenging traffic scenarios. Most agent-based models for autonomous vehicles have thus far only considered mesoscopic scenarios of mode and route choice [41,55]. Common models cannot depict irrational driving behavior [42,45]: FSX agents, like the ones presented in this paper, could fill this gap.



The FSX approach could also be useful for modeling the boundedly rational behavior of human agents in other dynamic situations, such as movement of pedestrians or crowd behavior in emergencies [56,57].







Author Contributions


Conceptualization, S.P. and N.S.; methodology, S.P.; software, S.P.; validation, S.P.; investigation, S.P.; writing—original draft preparation, S.P.; writing—review and editing, N.S.; visualization, S.P.; supervision, N.S. All authors have read and agreed to the published version of the manuscript.




Funding


Nikita Strelkovskii gratefully acknowledges funding from IIASA and the National Member Organizations that support the institute.




Data Availability Statement


Not applicable.




Acknowledgments


The authors acknowledge the financial support by the University of Graz.




Conflicts of Interest


The authors declare no conflict of interest.




Abbreviations


The following abbreviations are used in this manuscript:



	ABM
	agent-based modeling



	ABMs
	agent-based models



	AI
	artificial intelligence



	ANN
	artificial neural network



	CEF
	causal entropic forcing



	FCM
	fuzzy cognitive map



	FSX
	future state maximization









References


	



An, L.; Grimm, V.; Sullivan, A.; Turner II, B.L.; Malleson, N.; Heppenstall, A.; Vincenot, C.; Robinson, D.; Ye, X.; Liu, J.; et al. Challenges, tasks, and opportunities in modeling agent-based complex systems. Ecol. Model. 2021, 457, 109685. [Google Scholar] [CrossRef]

	



Rockett, R.J.; Arnott, A.; Lam, C.; Sadsad, R.; Timms, V.; Gray, K.A.; Eden, J.S.; Chang, S.; Gall, M.; Draper, J.; et al. Revealing COVID-19 transmission in Australia by SARS-CoV-2 genome sequencing and agent-based modeling. Nat. Med. 2020, 26, 1398–1404. [Google Scholar] [CrossRef] [PubMed]

	



Bora, S.; Evren, V.; Emek, S.; Cakirlar, I. Agent-based modeling and simulation of blood vessels in the cardiovascular system. Simulation 2019, 95, 297–312. [Google Scholar] [CrossRef]

	



Grimm, V.; Revilla, E.; Berger, U.; Jeltsch, F.; Mooij, W.M.; Railsback, S.F.; Thulke, H.H.; Weiner, J.; Wiegand, T.; DeAngelis, D.L. Pattern-Oriented Modeling of Agent-Based Complex Systems: Lessons from Ecology. Science 2005, 310, 987–991. [Google Scholar] [CrossRef] [PubMed]

	



Grimm, V.; Berger, U.; Bastiansen, F.; Eliassen, S.; Ginot, V.; Giske, J.; Goss-Custard, J.; Grand, T.; Heinz, S.K.; Huse, G.; et al. A standard protocol for describing individual-based and agent-based models. Ecol. Model. 2006, 198, 115–126. [Google Scholar] [CrossRef]

	



Epstein, J.M. Agent-based computational models and generative social science. Complexity 1999, 4, 41–60. [Google Scholar] [CrossRef]

	



Füllsack, M.; Plakolb, S.; Jäger, G. Predicting regime shifts in social systems modelled with agent-based methods. J. Comput. Soc. Sci. 2021, 4, 163–185. [Google Scholar] [CrossRef]

	



Van Dyke Parunak, H.; Savit, R.; Riolo, R.L. Agent-Based Modeling vs. Equation-Based Modeling: A Case Study and Users’ Guide. In Multi-Agent Systems and Agent-Based Simulation; Sichman, J.S., Conte, R., Gilbert, N., Eds.; Lecture Notes in Computer Science; Springer: Berlin/Heidelberg, Germany, 1998; pp. 10–25. [Google Scholar] [CrossRef]

	



Bonabeau, E. Agent-based modeling: Methods and techniques for simulating human systems. Proc. Natl. Acad. Sci. USA 2002, 99, 7280–7287. [Google Scholar] [CrossRef] [PubMed]

	



Brennan, T.J.; Lo, A.W. An Evolutionary Model of Bounded Rationality and Intelligence. PLoS ONE 2012, 7, e50310. [Google Scholar] [CrossRef] [PubMed]

	



Jäger, G. Replacing Rules by Neural Networks A Framework for Agent-Based Modelling. Big Data Cogn. Comput. 2019, 3, 51. [Google Scholar] [CrossRef]

	



Ioannidis, E.; Varsakelis, N.; Antoniou, I. Intelligent Agents in Co-Evolving Knowledge Networks. Mathematics 2021, 9, 103. [Google Scholar] [CrossRef]

	



Vodovotz, Y.; An, G. Chapter 4.4—Agent-Based Modeling and Translational Systems Biology: An Evolution in Parallel. In Translational Systems Biology; Vodovotz, Y., An, G., Eds.; Academic Press: Boston, MA, USA, 2015; pp. 111–135. [Google Scholar] [CrossRef]

	



Richiardi, M.G. Agent-based computational economics: A short introduction. Knowl. Eng. Rev. 2012, 27, 137–149. [Google Scholar] [CrossRef]

	



Simon, H.A. A Behavioral Model of Rational Choice. Q. J. Econ. 1955, 69, 99–118. [Google Scholar] [CrossRef]

	



Lee, C. The game of go: Bounded rationality and artificial intelligence. In Complex Systems in the Social and Behavioral Sciences: Theory, Method and Application; Chicago Distribution Center: Chicago, IL, USA, 2021; pp. 157–179. [Google Scholar] [CrossRef]

	



Bennato, A.R.; Gourlay, A.; Wilson, C.M. A classroom experiment on the causes and forms of bounded rationality in individual choice. J. Econ. Educ. 2020, 51, 31–41. [Google Scholar] [CrossRef]

	



McKinney, C.N., Jr.; Van Huyck, J.B. Estimating bounded rationality and pricing performance uncertainty. J. Econ. Behav. Organ. 2007, 62, 625–639. [Google Scholar] [CrossRef]

	



Rauhut, H.; Junker, M. Punishment Deters Crime Because Humans Are Bounded in Their Strategic Decision-Making. J. Artif. Soc. Soc. Simul. 2009, 12, 1. [Google Scholar]

	



Jäger, G. Using Neural Networks for a Universal Framework for Agent-based Models. Math. Comput. Model. Dyn. Syst. 2021, 27, 162–178. [Google Scholar] [CrossRef]

	



Manson, S.; An, L.; Clarke, K.C.; Heppenstall, A.; Koch, J.; Krzyzanowski, B.; Morgan, F.; O’Sullivan, D.; Runck, B.C.; Shook, E.; et al. Methodological Issues of Spatial Agent-Based Models. J. Artif. Soc. Soc. Simul. 2020, 23, 3. [Google Scholar] [CrossRef]

	



Davis, C.W.H.; Giabbanelli, P.J.; Jetter, A.J. The Intersection of Agent Based Models and Fuzzy Cognitive Maps: A Review of an Emerging Hybrid Modeling Practice. In Proceedings of the 2019 Winter Simulation Conference (WSC), National Harbor, MD, USA, 8–11 December 2019; pp. 1292–4305, ISSN: 1558–4305. [Google Scholar] [CrossRef]

	



Algar, S.D.; Lymburn, T.; Stemler, T.; Small, M.; Jüngling, T. Learned emergence in selfish collective motion. Chaos Interdiscip. J. Nonlinear Sci. 2019, 29, 123101. [Google Scholar] [CrossRef] [PubMed]

	



Jennings, N.R. On agent-based software engineering. Artif. Intell. 2000, 117, 277–296. [Google Scholar] [CrossRef]

	



Bilbao, I.; Bilbao, J. Overfitting problem and the over-training in the era of data: Particularly for Artificial Neural Networks. In Proceedings of the 2017 Eighth International Conference on Intelligent Computing and Information Systems (ICICIS), Cairo, Egypt, 5–7 December 2017; pp. 173–177. [Google Scholar] [CrossRef]

	



Rice, L.; Wong, E.; Kolter, Z. Overfitting in adversarially robust deep learning. In Proceedings of the International Conference on Machine Learning, Online, 26–28 August 2020; pp. 8093–8104, ISSN: 2640-3498. [Google Scholar]

	



Kosko, B. Fuzzy cognitive maps. Int. J. Man-Mach. Stud. 1986, 24, 65–75. [Google Scholar] [CrossRef]

	



Bousso, R.; Harnik, R.; Kribs, G.D.; Perez, G. Predicting the cosmological constant from the causal entropic principle. Phys. Rev. D 2007, 76, 043513. [Google Scholar] [CrossRef]

	



Martyushev, L.M.; Seleznev, V.D. Maximum entropy production principle in physics, chemistry and biology. Phys. Rep. 2006, 426, 1–45. [Google Scholar] [CrossRef]

	



Wissner-Gross, A.D.; Freer, C.E. Causal Entropic Forces. Phys. Rev. Lett. 2013, 110, 168702. [Google Scholar] [CrossRef]

	



Cerezo, S.H.; Ballester, G.D. Fractal AI: A fragile theory of intelligence. arXiv 2020, arXiv:1803.05049v5. [Google Scholar]

	



Charlesworth, H.J.; Turner, M.S. Intrinsically motivated collective motion. Proc. Natl. Acad. Sci. USA 2019, 116, 15362. [Google Scholar] [CrossRef]

	



Hornischer, H.; Plakolb, S.; Jäger, G.; Füllsack, M. Foresight Rather than Hindsight? Future State Maximization As a Computational Interpretation of Heinz von Foerster’s Ethical Imperative. Constr. Found. 2020, 16, 036–049. [Google Scholar]

	



Hornischer, H.; Herminghaus, S.; Mazza, M.G. Structural transition in the collective behavior of cognitive agents. Sci. Rep. 2019, 9, 12477. [Google Scholar] [CrossRef] [PubMed]

	



Axelrod, R.M. The Evolution of Cooperation; Perseus Books Group: New York, NY, USA, 2006. [Google Scholar]

	



Axelrod, R. The Complexity of Cooperation: Agent-Based Models of Competition and Collaboration; Princeton University Press: Princeton, NJ, USA, 1997. [Google Scholar] [CrossRef]

	



Ebmeier, F. Simulations of Pedestrian Flow and Lane Formation through Causal Entropy. Bachelor’s Thesis, Georg-August-Universität, Göttingen, Germany, 2017. [Google Scholar]

	



Klyubin, E.S.; Polani, D.; Nehaniv, C.L. Empowerment: A universal agent-centric measure of control. In Proceedings of the 2005 IEEE Congress on Evolutionary Computation, Edinburgh, UK, 2–5 September 2005. [Google Scholar]

	



von Foerster, H. On Constructing a Reality. In Understanding Understanding: Essays on Cybernetics and Cognition; Springer: New York, NY, USA, 2003; pp. 211–227. [Google Scholar]

	



Tang, T.Q.; Huang, H.J.; Shang, H.Y. Influences of the driver’s bounded rationality on micro driving behavior, fuel consumption and emissions. Transp. Res. Part D Transp. Environ. 2015, 41, 423–432. [Google Scholar] [CrossRef]

	



Li, J.; Rombaut, E.; Vanhaverbeke, L. A systematic review of agent-based models for autonomous vehicles in urban mobility and logistics: Possibilities for integrated simulation models. Comput. Environ. Urban Syst. 2021, 89, 101686. [Google Scholar] [CrossRef]

	



Mian, M.; Jaffry, W. Modeling of individual differences in driver behavior. J. Ambient Intell. Humaniz. Comput. 2020, 11, 705–718. [Google Scholar] [CrossRef]

	



Han, J.; Wang, X.; Wang, G. Modeling the Car-Following Behavior with Consideration of Driver, Vehicle, and Environment Factors: A Historical Review. Sustainability 2022, 14, 8179. [Google Scholar] [CrossRef]

	



Kesting, A.; Treiber, M.; Helbing, D. General Lane-Changing Model MOBIL for Car-Following Models. Transp. Res. Rec. 2007, 1999, 86–94. [Google Scholar] [CrossRef]

	



Seele, S.; Herpers, R.; Bauckhage, C. Cognitive Agents for Microscopic Traffic Simulations in Virtual Environments. In Entertainment Computing—ICEC 2012; Herrlich, M., Malaka, R., Masuch, M., Eds.; Lecture Notes in Computer Science; Springer: Berlin/Heidelberg, Germany, 2012; Volume 7522, pp. 318–325. [Google Scholar]

	



Ivanchev, J.; Braud, T.; Eckhoff, D.; Zehe, D.; Knoll, A.; Sangiovanni-Vincentelli, A. On the Need for Novel Tools and Models for Mixed Traffic Analysis. In Proceedings of the 26th ITS World Congress, Singapore, 21–25 October 2019. [Google Scholar]

	



Cazzolla Gatti, R.; Koppl, R.; Fath, B.D.; Kauffman, S.; Hordijk, W.; Ulanowicz, R.E. On the emergence of ecological and economic niches. J. Bioecon. 2020, 22, 99–127. [Google Scholar] [CrossRef]

	



Kryazhimskii, A.V.; Strelkovskii, N.V. An Open-loop criterion for the solvability of a closed-loop guidance problem with incomplete information: Linear control systems. Proc. Steklov Inst. Math. 2015, 291, 113–127. [Google Scholar] [CrossRef]

	



Watzlawick, P. How Real Is Real? 1st ed.; Random House, Inc.: New York, NY, USA, 1976. [Google Scholar]

	



Gipps, P.G. A behavioural car-following model for computer simulation. Transp. Res. Part B Methodol. 1981, 15, 105–111. [Google Scholar] [CrossRef]

	



Balmer, M.; Cetin, N.; Nagel, K.; Raney, B. Towards truly agent-based traffic and mobility simulations. In Proceedings of the Third International Joint Conference on Autonomous Agents and Multiagent Systems, 2004. AAMAS 2004, New York, NY, USA, 23 July 2004; pp. 60–67. [Google Scholar]

	



Schwarting, W.; Pierson, A.; Alonso-Mora, J.; Karaman, S.; Rus, D. Social behavior for autonomous vehicles. Proc. Natl. Acad. Sci. USA 2019, 116, 24972–24978. [Google Scholar] [CrossRef]

	



Hu, Z.; Zhuge, C.; Ma, W. Towards a Very Large Scale Traffic Simulator for Multi-Agent Reinforcement Learning Testbeds. In Proceedings of the 2022 IEEE 25th International Conference on Intelligent Transportation Systems (ITSC), Macau, China, 8–12 October 2022; pp. 363–368. [Google Scholar] [CrossRef]

	



Gundana, D.; Dollar, R.A.; Vahidi, A. To Merge Early or Late: Analysis of Traffic Flow and Energy Impact in a Reduced Lane Scenario. In Proceedings of the 2018 21st International Conference on Intelligent Transportation Systems (ITSC), Maui, HI, USA, 4–7 November 2018; pp. 525–530. [Google Scholar] [CrossRef]

	



Jing, P.; Hu, H.; Zhan, F.; Chen, Y.; Shi, Y. Agent-Based Simulation of Autonomous Vehicles: A Systematic Literature Review. IEEE Access 2020, 8, 79089–79103. [Google Scholar] [CrossRef]

	



Akopov, A.S.; Beklaryan, L.A. An agent model of crowd behavior in emergencies. Autom. Remote Control 2015, 76, 1817–1827. [Google Scholar] [CrossRef]

	



Wang, X.; Mohcine, C.; Chen, J.; Li, R.; Ma, J. Modeling boundedly rational route choice in crowd evacuation processes. Saf. Sci. 2022, 147, 105590. [Google Scholar] [CrossRef]








[image: Systems 11 00105 g001 550] 





Figure 1. Illustration of the causal cone explored by 8 walkers from the agent’s current state at    t 0    up to the horizon   τ  . 
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Figure 2. The scenarios as described in Table 2: (a) primary scenario; (b) secondary scenario; (c) basic scenario; (d) single lane scenario. Graphs show the environment without agents, with agents at their starting positions below, and a frame taken out of the simulation at the bottom. 
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Figure 3. Comparison of sensitivity analysis results of the parameters   τ   (horizon) and N (number of walkers) for (a) sampling once per second, and (b) doubled temporal resolution. 
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Figure 4. Comparison of sensitivity analysis using    N = 100    walkers. Results of the parameters   α   (balancing exploitation versus exploration) and   τ   (horizon) for (a) sampling once per second, and (b) doubled temporal resolution. 
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Figure 5. The typical horseshoe pattern arising when plotting average speed versus vehicle density using the basic scenario. 
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Figure 6. Pattern of speed adjustment of following cars after an artificially introduced perturbation using the single lane scenario. 
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Figure 7. Average speed for different vehicle densities on an open road using the basic scenario. 
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Table 1. Parameters used for agent and walker dimensions and movement.
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	Parameter
	Name
	Value
	Unit
	Original Value in [50]





	Length
	   l a   
	   4.0  
	m
	   ∼ 6.5  



	Width
	   w a   
	   1.8  
	m
	-



	Max. speed forwards
	   v  f w d    
	   24.0  
	m/s
	   ∼ 20.0  



	Max. speed backwards
	   v  b w d    
	   3.0  
	m/s
	-



	Min. turning speed
	   v  m i n    
	   1.0  
	m/s
	-



	Max. turning angle
	   δ t   
	   0.28  
	rad
	-



	Max. acceleration
	    a c c   f w d    
	   3.0  
	m/s²
	∼1.7



	Max. deceleration
	    a c c   b w d    
	   6.0  
	m/s²
	   2 ×   a c c   f w d     
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Table 2. Simulation scenarios used.






Table 2. Simulation scenarios used.





	Scenario
	Number of Lanes
	Obstacles
	Road Length





	Primary scenario
	2 á 3 m
	1; on the right lane at 23 m
	200 m



	Secondary scenario
	2 á 3 m
	2; right at 23 m & left at 48 m
	200 m



	Basic scenario
	2 á 3 m
	-
	infinite



	Single lane scenario
	1 á 3 m
	-
	infinite
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