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Abstract: Multi-intersection traffic signal control is the key to improve the overall traffic efficiency. In order to
more realistically reflect the real-time traffic conditions at intersections, this paper first establishes a multi-phase
real-time control model using the average delay time as the objective function, so as to obtain the cycle of each
intersection with the green light time of each phase. Then the communication capability between multiple
intelligences is utilized to coordinate the execution of their own timing schemes. Simulation experiments are run in
Vissim platform to verify the effectiveness of the adaptive traffic signal control algorithm proposed in this paper.
The results show that the adaptive traffic signal control algorithm proposed in this paper is significantly better than
the fixed timing and traffic weight timing algorithms in three aspects, namely, queue length, vehicle waiting time and
average vehicle speed. The average queue length, the average waiting time of vehicles on each road and the average
speed of vehicles on each road are 4.12m, 4.67s and 29.17 km/h, respectively.

Keywords: multi-intelligence; multi-phase real-time control model; adaptive traffic signal control algorithm; traffic
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1. Introduction
With the increase in global population and economic development, the number of automobile

ownership is increasing. According to the data released by the Ministry of Public Security, as of 2023, the
number of motor vehicles in China has reached 435 million, of which 336 million are automobiles. The
number of newly registered automobiles is 24.56 million, an increase of 1.33 million or 5.73% from 2022
[1]. However, according to the Gaode Maps 2023 Annual Traffic Analysis Report for China's Major
Cities, congestion has increased in 85% of China's 50 major cities in 2023 compared to 2022 [2]. Traffic
congestion has many negative impacts on residents and society, mainly including time waste, energy
waste, and environmental pollution [3]. Long periods of slow travel increase commuting time, intensify
fuel consumption and emissions, and lead to wasted energy and reduced air quality [4-6]. In addition,
traffic congestion leads to an increase in traffic accidents [7]. Therefore, effective measures need to be
taken to improve the traffic situation and enhance the quality of life of residents and urban development.

Among the many types of factors contributing to traffic congestion (e.g., inadequate transportation
infrastructure, and irrational road planning), signal-controlled intersections are one of the most prevalent
types of traffic congestion bottlenecks in the urban transportation environment [8-9]. Therefore, it is a
promising approach to achieve effective organization and management of traffic flow at intersections
based on the improvement of the existing traffic infrastructure, i.e., better use of limited road facilities
[10]. In contrast to highway traffic scenarios, which are easier to model the formation and evolution of
traffic congestion, urban traffic has more mixed autonomous stochastic and more complex scenarios
[11-12]. It also features recurring similar traffic scenarios (e.g., high demand during peak traffic hours)
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and non-recurring disruptions with various uncontrollable risks (e.g., traffic accidents and road
expansions) [13]. Among them, intersections are one of the most prevalent bottlenecks of traffic
congestion in urban traffic scenarios [14]. Therefore, traffic signal control for managing intersections is
one of the keys to urban traffic control, and its main task is to assign the right to use the road for different
time periods to vehicles, pedestrians, cyclists, and other road users from different directions of movement
[15-17]. Usually, well-designed traffic signals are expected to be effective in maximizing intersection
capacity, i.e., increasing traffic throughput [18]. It also reduces the frequency and severity of certain
types of collisions, i.e., improves safety, and provides opportunities for certain disadvantaged road users
to use the road safely, i.e., ensures fairness [19].

Therefore, effective traffic signal control algorithms play a crucial role in urban traffic management,
not only for the moving systems in the transportation network (e.g., alleviating traffic congestion,
reducing vehicle travel time, etc.), but also for the other dynamic systems coupled with them (e.g.,
improving the efficiency of the output of socio-economic units, etc.) [20-22]. Currently, traffic signal
control algorithms have been widely used in urban traffic management and play a great role in alleviating
traffic congestion [23]. For example, the intelligent traffic signal control algorithms (ITLC and ATL)
proposed in literature [24], which improve traffic flow and reduce queuing delays by coordinating traffic
signals based on real-time traffic conditions, outperform other algorithms in terms of efficiency and
delay reduction. Literature [25] proposed a two-phase algorithm for optimizing the phase order and
duration of traffic signals, which significantly reduces travel time and is computationally efficient.
Literature [26] proposed and constructed a traffic signal control system based on intelligent
transportation system architecture and reinforcement learning, and the test results showed that the system
can reduce vehicle queuing by 29%, waiting time by 50%, and delay time by 50%. Literature [27]
proposed a novel traffic signal control algorithm based on proximal policy optimization (PPO) in its
study, and demonstrated its superiority over existing methods in improving traffic efficiency through
simulation experiments. The traffic control system proposed in the literature [28] incorporates the
dynamic clustering function of V2X networks and aims to improve traffic flow, reduce waiting time and
prevent congestion, while providing accurate real-time traffic information and balancing the traffic flow.
In the above practical applications in the field of traffic engineering, the methods used are based on
traditional mathematical modeling and optimization calculations, which can effectively facilitate traffic
signal operation in relatively simple traffic environments [29-30]. In addition, traffic signal control
algorithms usually involve pre-programmed cycles that are often obtained by offline optimization based
on historical traffic flow observation data to implement traffic control [31].

In this paper, the multi-phase real-time timing model is combined with the green wave coordination
algorithm of multi-intelligence to design the adaptive traffic signal control algorithm. According to the
acquired real-time traffic flow, the multi-phase real-time timing algorithm is utilized to calculate the
green light time of each intersection cycle and each phase. Then, using the excellent characteristics of
multi-intelligent body system, such as autonomy, distribution, coordination, active learning, etc., each
intersection of the ring road is regarded as an intelligent body, and the neighboring intelligences can
communicate with each other, and use the memory storage and reasoning and learning ability of the
intelligent body system to optimize the green wave coordination of multiple intersections on the ring road.
A 2 × 2 grid-shaped urban road network is used as the simulation task scenario, and simulation
experiments are run on the Vissim platform, so as to verify the effectiveness of the adaptive traffic signal
control algorithm proposed in this paper.

2. Adaptive Traffic Signal Control Algorithm Design
2.1. Description of the Problem

Under the premise of determining the road conditions, the longer the cycle time, the greater the
capacity, but the vehicle stopping rate also grows: at the same time, in the case of low traffic flow
saturation, when the extended cycle time to improve the capacity is greater than the traffic demand, but
increase the delay time. In order to more realistically reflect the intersection traffic condition and
establish an effective real-time intersection signal control model, the average delay time of vehicles in a
cycle is chosen as the optimization objective function as the main performance index. A typical
intersection traffic flow distribution is shown in Figure 1.
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Figure 1. Schematic diagram of the four-phase and four-direction intersection.

Examining the k th phase in the j th direction of an intersection in a certain operating cycle, let sq
be the number of vehicles that can pass in that direction per unit time, r be the time of the red light, and

gn be the number of vehicles waiting at the moment of the arrival of the green light (which includes
a -vehicles that are already waiting at the 0-start moment) [32].

Let nt be the moment of arrival of the n th vehicle. Since the waiting time of any vehicle is equal to

the difference between its departure and arrival moments, the waiting time nd in different cases is
considered as follows.

When n a , for the vehicles that have been waiting at the beginning of the cycle, it is considered
that all of them have arrived at the stop line at the moment 0, then they only need to wait for the end of the
time of the red light to pass in order, i.e., in sequence:

1( 1) ,n
s

d r n n a
q

    (1)

When ga n n  , for vehicles arriving during the red light time, similar to the previous case, i.e.,:

1( 1) ,n n g
s

d r n t a n n
q

      (2)

When gn n , vehicles arriving during the green time are divided into two cases:
If all vehicles have left before the arrival of the n th vehicle, it passes directly without waiting; if

there are still vehicles waiting when the vehicle arrives, it waits for all current vehicles to leave before
passing through the traffic light. i.e.,:
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         


(3)

Considering the limited number of vehicles that can be passed during the green time, the maximum
number of vehicles that can be passed sb q g and g is the green time of the intersection. Depending

on the number of vehicles that can pass, the total waiting time jkD for the k th phase in the j direction
is calculated as follows.

When b a , the number of vehicles that can pass is very small, and some cars still need to wait for
two and more signal cycles, i.e.,:

1

1( ( 1) ) ( )
gn ab

jk n
n n as

D r n a b r r t
q



 

        (4)

When ga b n  , the vehicles that have arrived during the red light time have not passed through
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the intersection for part of the cycle, i.e.,:

0
1 1 1

1 1( ( 1) ) ( ( 1) )
gna b

jk n a n
n n a n bs s

D r n r t n r t
q q

    

           (5)

When gn b n a   , all vehicles pass through the intersection during the red light time, but some
of the vehicles arriving during the green light moment are stranded due to the long queue, i.e.,:

1 1

1 1( ( 1) ) ( ( 1) )
a b

jk n
n n as s

D r n r t n
q q  

        (6)

When b n a  , i.e., when all vehicles pass in a cycle.
i.e.,:

1 1 1

1 1( ( 1) ) ( ( 1) ) ( )
g c
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n na
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n n a n ns s s

nD r n r t n r t
q q q    

            (7)

2.2. Multi-Phase Real-Time Timing Modeling
Urban road traffic signal timing optimization is based on the traffic flow of the key lanes in each

phase, with the effective green time of the phase as the independent variable, so that the objective
function is minimum [33]. According to the actual demand of the traffic situation, the average delay time

( , )i iF g r minimum as the objective function, the establishment of traffic signal timing nonlinear
optimization model is as follows:

4 4 4

1 1 1
( , ) / ( )i i jk i ri gi

j k j
Min F g r D a n n

  

    (8)

2.3. Algorithm Model and Parameters
The model that defines the multi-intelligence of a roundabout intersection is shown in the following

equation:

, ( , ), , ( , ), , 1,2,
e s

, ; 1,
Both  and  are positiv  integ

2, , ;
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i
t k k nextAgent S i j C T i j P i n j

t k
m    

(9)

where: agent is the set of intersection multi-intelligence; ( , )tS i j is the state of intersection

multi-intelligence i ; kC is the cycle length of intersection multi-intelligence; ( , )kT i j is the maximal

phase time of each phase of intersection multi-intelligence i ; and i
nextP is the next phase of the

intersection multi-intelligence i :

1 2[ , , , ]nAgent agent agent agent  (10)

( , ) [ ( ,1), ( ,2), ( , )]t t t tS i j s i s i s i m  (11)

[ (1), (2), , ( )]k k k kC C C C m  (12)

( , ) [ ( ,1), ( ,2), , ( , )]i i i iT i i t i t i t i m  (13)

where: ( , )ts i j refers to the state value of the j th phase of the i th intersection smart at moment t ;

( )kC i is the period value of the i th smart at the k th cycle; and ( , )kt i j is the j th phase of the i th

smart at the k th cycle at the Maximum phase time.
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After defining the model of ring road intersection intelligences, solving the traffic parameters of each
intersection intelligence is a very core part, and there are 3 main traffic parameters: cycle, green time of
each phase, and phase selection strategy. The following is an elaboration of the solution of these 3
parameters cycle: the solution of cycle is as follows:

Contingency p

1 5 5 0.9
1(

0la
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.9n

i
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YC i

Y

    
 

(14)

When the optimal cycle condition is satisfied, the optimal cycle is found according to Webster's
algorithm, if not, the cycle duration in the preplan is enabled.

Phase green time: based on driving safety considerations, each phase should have a minimum passing
time mint , which is usually taken as 10 s. Here, the flow rate of the j th phase of the i th intersection

smart body is defined as ( , )i jq , and at the moment of t , the total passing traffic flow of the i th

intersection is ( )iQ t , and ( , )i jt is the green light duration that the i th phase of the i th intersection
intelligence should acquire. Then, according to the traffic allocation principle:

( , )
( , ) ( )

( )
i j

i j k
i

q
t C i

Q t
 (15)

Phase selection strategy: at this point, the design utilizes the characteristics of communication and
information sharing of multi-intelligent body systems. Design Ideas: suppose the intersection intelligent
body iagent . At this time, it is releasing the traffic flow Tf , at this time, the intersection intelligent

body iagent ; sends a notification Notification to the neighboring intersection intelligent body

1iagent  , where 1iagent  denotes the downstream intersection intelligent body. Based on the sent

notification, the intelligent body 1iagent  gets the moment of release and calculates the moment of
arrival of the green wave traffic, so as to adaptively adjust itself to optimize the capacity of the road [34].

To further illustrate the selection strategy of coordinated phases, here, the time-distance diagrams of
adjacent intersections are analyzed to explain some parameters of the elevation, and the time-distance of
2 intersection intelligences is shown in Fig. 2.

Figure 2. Phase time interval diagram of the intersection.

In the figure, , 1i iI I  are the adjacent intersections, ( )kC i is the k th signal cycle duration of the

intersection iI , 1kt is the beginning moment of the signal cycle, 6kt is the ending moment, 2kt is the
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start moment of downstream green time, 3kt is the end moment of downstream green time, downstream

green time is the green time of traffic flow from intersection iI to 1iI  , and similarly, 4 5,k kt t is the start

and end moment of upstream green time. The kit is the time interval between the 2 green wave bands,

that is, the difference between 4kt and 3kt . Here the set of time intervals

 2 1 6 5, ,k k k ki k kt t t t t t     The choice of time interval kt directly affects the coordinated green
wave control effect at the intersection of neighboring intelligences.

The phase selection of the intersection intelligent body is based on 2 considerations: 1) one is the
current state of the intelligent body itself, a single intersection is an adaptive control strategy, a single
intersection is considered as an intelligent body, and if you do the selection of the current phase, it will
inevitably affect the control effect of the adaptive control. 2) It is necessary to consider the time interval
between the moment of the coordinated traffic (that is, the green-wave traffic) arriving at this intersection
and the current moment. On the basis of 2 neighboring intersections intelligent body to meet the green
wave conditions, to be coordinated traffic arrival time and the intersection of the intelligent body of the
remaining optional phase time duration of the size of the difference, that is, the degree of matching
between the two will affect the control effect of the intelligent body: if the two are equal, then the
coordinated traffic can be without stopping continuously through the 2 neighboring intersections, if not
equal, certainly have an impact on the effect of the green wave.

After the above analysis, it can be obtained that the current phase selection strategy of the intelligent
body is mainly determined by 2 factors, i.e.: the current state of the intelligent body and the time
matching degree. The current state parameter of the intelligent body is denoted by ( , )is i j , and the Time
Match is denoted by Time Match, respectively. Where Time Match is defined as follows:

( , )

min
( , )

( , )

1 ,

,

i j k

i j k
i j

t t t t
t tTimeMatch t t t t
t t

   
        

(16)

where mint is the minimum phase time mentioned and t is the value taken in the set of time intervals

kt .
Since the phase selection strategy is mainly determined by the above 2 parameters, the coordinated

adaptation variable of the current intelligence is defined:

( , )tAdapt s i j TimeMatch  (17)

2.4. Algorithmic Flow
After analysis, the green wave coordination algorithm based on multiple intelligences utilizes the

communication ability between intelligences to transmit the useful information needed to be transmitted
to the neighboring intelligences, and after the reasoning and calculation of the intelligences, the
coordinated control parameters as well as the next execution strategy of the intelligences are obtained.

Here the expression of sending information communication between neighboring intelligences is
defined as:

_ { ( ), ( ), ( ), ( )}u u d d
s e s eSend Info t i t i t i t i (18)

where: ( )ut i is the starting moment of the coordinated green light in the upward direction; ( )u
et i is the

ending moment of the coordinated green light in the upward direction. Similarly ( ), ( )d d
s et i t i are the

start as well as the end moments of the coordinated green light in the downstream direction.
In addition, define the accepted information exchange expression between neighboring

intelligences as:

_ ( 1), ( 1), ( 1), ( 1)}{ u u d d
s e s eReceive Info i t i t i t it     (19)

Combining the multi-phase real-time timing algorithm and the multi-intelligent body based filtering
coordination algorithm, the total flow of the algorithm is shown in Fig. 3, and the proposed algorithm is
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described as follows:
1) Obtain the real-time traffic flow in different directions at each intersection.
2) Get the cycle of each intersection and the green light time of each phase according to the

multi-phase real-time timing algorithm.
3) Based on the idea of multi-intelligent body information interoperability, different intersections

send their own cycle and green light time of each phase to neighboring intersections.
4) Judge whether the period between each intersection is the same or an integer multiple, if yes, then

the filter coordination control can be carried out, each intersection intelligent body according to the
neighboring intersection's period and the coordinated phase green light time, adjust their own
coordinated phase green light time; if not, it does not satisfy the conditions of the green wave
coordination, each intersection intelligent body to implement their own time allocation scheme can be
[35].

5) The update frequency of real-time traffic flow data is 5min, so the number of times each
intersection signal timing program is executed: 5 /n T    , that is, the time of n cycles is the closest
to 5min, n that is, the number of times the cycle is executed during this time period. After executing n
cycles, continue to obtain the real-time traffic flow and continue step 1.

Figure 3. General flowchart of the algorithm.

3. Experimental Simulation
In order to verify the effectiveness of the adaptive traffic signal control algorithm proposed in this

paper, the control algorithm is simulated on the Vissim platform, which is a microscopic, discrete-time
based driving behavior simulation modeling tool that can accurately simulate urban traffic scenarios and
be used to model and analyze urban traffic.

3.1. Experimental Setup
The simulation task scenario is a 2 × 2 grid-shaped urban road network. All intersections have the

same structure and are separated from each other by 400 m. Each intersection has the same entering
traffic volume, and the initial traffic volume is set to 650 vehicles per hour (veh/h). It is assumed that the
signal controller does not have a buffer time for an all-red light, i.e., it enters the next phase immediately
after the end of one phase. In the Agent training phase, each scenario contains 150 time steps, which is
equivalent to 30 min of simulation time. In the next experiments, the stability of Agent performance will
be improved by optimizing the hyperparameters, and methods that can effectively improve the
performance and stability of the intelligences will be proposed.

3.2. Hyperparameter Optimization
In the initial stage of training, the hyperparameters of the Agent are set as usual: the learning rate is

10-4, the size of the cache pool is 3200, the discount factor is 0.9, the initial epsilon is 0.6, the decay rate
is 0.99, and the minimum epsilon is 0.02. In the testing stage after the training, the Agent is tested for 30
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min in the reset Vissim environment. In this paper, the global average speed is used as the evaluation
metric, because this metric not only describes the state of the traffic network, but also correlates with the
objective function of the Agent, i.e., the cumulative reward value.

The four Agents with different hyperparameters are shown in Table 1, in which the traffic flow in the
training phase of Agent1~Agent3 is fixed at 650 veh/h, while the traffic flow in the training phase of
Agent4 fluctuates between 450~550 veh/h. The reason is that the changing traffic volume can increase
the diversity of the training scenarios, which in turn prompts the Agent to learn more strategies. In
addition, in order to better evaluate the method in this paper, the baseline method is introduced for
comparison. The control algorithm represented by the baseline uses the DQN algorithm to implement
traffic signal control at a single intersection, in which the Agent structure is a small deep-stack
self-coding neural network. The state of the network is represented by the length of the waiting queue
entering the intersection; the reward value function is defined as the absolute value of the difference
between the waiting queue lengths in the north-south and east-west directions. In this paper, this method
is extended to road network control, where each intersection is controlled by one Agent, and the average
performance index of this method is used as a baseline.

Table 1. Hyperparameter settings of DQN Agents.

Agent Replay size Epsilon Train steps Flow rate
Agent 1 3200 0.73 3200 650
Agent 2 1200 0.73 3200 650
Agent 3 1200 0.94 3200 650
Agent 4 1200 0.94 4800 mix

In addition, the average waiting queue length was introduced as a supplementary evaluation index.
The experimental results are shown in Fig. 4: After the 50th time step, Agent1 makes wrong decisions
continuously, which will lead to the deterioration of the traffic condition of the road network. Next, the
performance of Agent will be improved by optimizing the hyperparameters. The Xavier method is used
to initialize the neural network weights of Agent in the training phase. From the figure, it can be seen that
Agent3 and Agent4 can effectively control traffic signals and have stable performance, i.e., reducing the
size of the experience playback cache and eliminating the old experience in time are beneficial to the
learning of the Agents.

(a) Global average velocit
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(b) Total length of the queue
Figure 4. Performance evaluation of Agent1~Agent4.

Comparison of Agent3~Agent5 performance metrics is shown in Table 2.In addition,it is noted that
Agent4 slightly outperforms Agent3.Compared to the baseline method its global average speed is
improved by about 1.17(km·h-1) and the average waiting time captain is reduced by about 4.73/veh.The
difference between Agent3 and Agent4 is that In the training phase, Agent4 is trained in an environment
where the traffic flow fluctuates over a wider range. It can be seen that the traffic flow has an important
influence on the final performance and stability of the Agent.

Table 2. Performance index comparison of Agent3~Agent5.

Agent Global average
velocity/(km·h-1)

Total length of the queue/veh

Agent3 31.89 28.89
Agent4 33.46 29.04
Agent5 34.85 21.57

Base line 30.72 33.62

3.3. Comparison Algorithm Analysis

3.3.1. Fixed Timing
According to the overall law of traffic flow design to determine the fixed timing for each intersection,

the four phases of north-south straight, north-south left turn, east-west straight, east-west left turn timing
for 23s, 14s, 38s, 15s, respectively. The rest of the parameter settings are shown in Table 3.

Table 3. Remaining parameter Settings.

Parameter name Numerical value
Actor network learning rate 0.0006

The learning rate of the student network 0.0006
Discount factor gamma  0.98

Soft exchange coefficient  0.99
Memory size 12200

Batch size 33
Bonus coefficient 1 2 3 4, , , ,w w w w -1,-1,-0.03,0.03

Periodic coefficient minc , maxc 0.7,3
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Fixed period T 82

3.3.2. Flow Weight Timing
The traffic weight timing algorithm observes the traffic flow data of each phase in the previous cycle,

and then traverses the weights of each phase in the scheme library, and compares the two to find the
scheme with the smallest Euclidean distance as the optimal timing strategy for the next cycle, which is
adaptive to a certain extent, but due to the limitation of the number of square sets in the scheme library, it
is not possible to find the optimal strategy every time. Given the number of phases, cycle length and
number of schemes, the K-Means clustering method is used to realize the uniform distribution of time,
generate a list of schemes, and based on this, the fixed time allocation scheme data are added to form the
final flow weight time allocation scheme library as shown in Table 4.

Table 4. Flow weight matching program library.

Scheme number Phase 1 Phase 2 Phase 3 Phase 4
0 25 15 40 20
1 15 15 55 15
2 15 55 15 15
3 15 15 15 55
4 15 30 40 15
5 15 15 35 35
6 15 40 15 30
7 35 35 15 15
8 35 15 30 20
9 35 20 15 30
10 55 15 15 15

3.4. Experimental Evaluation and Analysis of Results
Queue length, waiting time, average speed of vehicles and other indicators can well reflect the

capacity of the intersection, in this subsection, three intersections are evaluated and analyzed in these
aspects of performance. In this subsection, the performance of the three intersections in these aspects is
evaluated and analyzed. 400 rounds of training are conducted for the three intersection scenarios, and the
reward value changes in each round are shown in Fig. 5. At the beginning, when the intelligent body is in
the exploratory stage, the reward value is in the range of -45,000~5,000, and the reward value starts to
change obviously near 100 rounds, and gradually tends to stabilize after 300 rounds, and finally stabilizes
at about -10,000. Next, the trained adaptive traffic signal control algorithm is compared and analyzed
with the remaining two timing algorithms.

Figure 5. Changes in the reward value of the round in the course of the training.
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For the multi-intersection scenario in the simulation time period, the average queue length, vehicle
waiting time and average vehicle speed of the three intersections are shown in Fig. 6, which divides
10800 s into 10 time periods according to the interval of 1080 s, and draws its average data for each time
period. From the figure, we can visualize the changes of traffic flow in different time periods, and it can
be seen from the figure that the proposed adaptive traffic signal control algorithm is significantly better
than the other two timing algorithms in the three aspects of queue length, vehicle waiting time and
average vehicle speed. In the case of using adaptive traffic signal control algorithm, the average queue
length of each road is 4.12 m, the average waiting time of vehicles on each road is 4.67 s, and the average
speed of vehicles is 29.17 km/h.

(a) Line length contrast

(b) Vehicle waiting time contrast
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(c) Average velocity contrast of vehicle
Figure 6. Experimental evaluation and results analysis.

4. Conclusion
The adaptive traffic signal control algorithm proposed in this paper combines a multi-phase real-time

timing model with a multi-intelligent green wave coordination algorithm to alleviate the surging traffic
flow and improve the road capacity. The urban traffic scenario is simulated and validated in a 2 × 2
grid-shaped urban road network. The results show that compared with the fixed timing and traffic weight
timing algorithms, this method improves the efficiency of multi-intersection traffic signal control and
reduces the overall vehicle travel time in both simple and dynamic complex environments. It reduces the
traffic delay than the traditional fixed traffic signal timing scheme, and at the same time, the method has
good generalizability.
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