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Abstract
Intelligent driving plays a role in significantly 

improving the safety and efficiency of transporta-
tion systems. As the onboard capabilities of per-
ception, comprehension, and decision making are 
limited, vehicles can employ the edge computing 
infrastructure of the smart road to enhance their 
intelligence. Therefore, the smart road is consid-
ered an intelligent Internet of Things system. It 
provides vehicles with not only the road space in 
the transportation domain, but also the communi-
cation, sensing, and computing resources in the 
information domain to improve the composite 
quality of intelligent driving. However, the resourc-
es in the information and transportation domains 
are complicatedly coupled, and the orchestration 
of these cross-domain resources is confronted 
with the huge state-action space, which cannot 
be solved in a real-time manner. In this article, 
we investigate the fundamental research chal-
lenges in cross-domain resource orchestration for 
the smart road, and design a multi-agent-based 
framework. Within the framework, each vehicle 
is associated with an exclusive agent on the edge 
cloud, and the agents utilize swarm intelligence 
to jointly optimize the traffic flow and information 
flow for their respective vehicles. Specifically, a 
value iteration network is used by agents to learn 
the routing behavior of vehicles, and a multi-agent 
deep reinforcement learning method is proposed, 
enabling agents to cooperatively learn decen-
tralized resource optimization policies. To verify 
the effectiveness of the proposed framework, a 
cross-domain resource orchestration prototype is 
implemented and evaluated.

Introduction
Intelligent and connected vehicles (ICVs) are 
the key to safer and more efficient transporta-
tion. Existing intelligent vehicles on the road use 
a combination of sensors, such as cameras, mil-
limeter-wave (mmWave) radars, and lidars, to 
understand the ambient environments and achieve 
automated driving. However, these onboard sen-
sors are limited to line of sight, which cannot 
provide panoramic information for vehicles to 
maneuver correctly. Furthermore, intelligent vehi-
cles usually rely on their respective “brains” (i.e., 
computing platforms including powerful CPUs and 
GPUs) to independently make driving and routing 
decisions. Under the circumstances, each vehicle 
tries to maximize its own profit, which can hardly 
achieve the system optimum for road traffic.

With the deployment of advanced roadside 
infrastructure, which contains plenty of commu-
nication, sensing, and computing resources, the 
road is becoming smarter to boost intelligent 
driving [1]. Thus, the smart road is an intelligent 
Internet of Things (IoT) system. By leveraging the 
multi-dimensional resources, the smart road can 
enhance vehicles’ environment perception and 
decision making capabilities:
•	 5G and beyond: With greater speed, higher 

reliability, and lower latency, the fifth gener-
ation (5G) mobile network can interconnect 
the intelligence/knowledge of vehicles and 
roadside infrastructure [2], which empowers 
distributed artificial intelligence (AI) to effi-
ciently cooperate with them.

•	 Cognitive sensing: The roadside sensors 
usually have better views of the traffic envi-
ronment, which can provide additional 
information for vehicles to maneuver cor-
rectly. As the cooperative comprehension 
of the environment is more efficient than 
the exchange of raw sensing data, the smart 
road provides on-demand features extracted 
from raw sensing data to enhance vehicles’ 
environment perception. 

•	 Ubiquitous computing: By leveraging edge 
computing, the smart road can take the com-
pute-intensive tasks (e.g., semantic image 
segmentation, motion planning, and route 
planning) over from intelligent vehicles. This 
paradigm exploits advanced wireless tech-
nology to extend the computational power 
of vehicles. Furthermore, the smart road can 
jointly solve offloaded tasks from multiple 
vehicles, thus coordinating their actions to 
improve traffic safety and efficiency.
Therefore, the smart road is an essential factor 

to ensure the quality of intelligent driving, while 
reducing the hardware requirements of intelli-
gent vehicles. In this article, the complex inter-
action of cross-domain resources in the smart 
road is studied. We aim to identify and address 
the key challenges in the orchestration of these 
cross-domain resources. To this end, we propose 
a multi-agent learning framework and implement 
a prototype to verify its feasibility. It is expected 
that our research will promote more activities in 
this important area.

Cross-Domain Resources in the Smart Road
In the transportation systems dominated by intelli-
gent vehicles, the smart road consists of cross-do-
main resources to facilitate intelligent driving:
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• In the transportation domain, it provides road 
space for vehicle traveling.

• In the information domain, it leverages com-
munication, sensing, and computing resourc-
es to enhance vehicles’ perception and 
planning capabilities.

Therefore, the resource scheduling in both 
the transportation domain and the informa-
tion domain are critical to the quality of service 
(QoS) of intelligent driving. Specifically, road 
traffi  c scheduling concerns the resource of road 
capacity to achieve traffi  c equilibria and improve 
traffi  c effi  ciency, while the resource allocation in 
roadside infrastructure for ICVs determines the 
reliability and eff ectiveness of intelligent driving. 
The cross-domain resources in the smart road and 
their interactions are shown in Fig. 1. It should 
be noted that the computation tasks unrelated 
to intelligent driving are not considered in this 
article.

There are many studies on the resource sched-
uling problem in either the transportation domain 
or the information domain. In this section, we fi rst 
review related works, and then analyze the mutu-
al infl uence of cross-domain resource scheduling.

resource schedulIng In the trAnsportAtIon domAIn
Road space is the resource provided for vehicles 
to travel safely and effi  ciently. From a macroscop-
ic perspective, the resource scheduling of road 
space aims to optimize routes for vehicles and 
optimize traffi  c fl ow distribution over the road net-
work. From a microscopic perspective, signalized 
and non-signalized intersections are scheduled to 
reduce traverse delay while ensuring safety.

Route planning is a real-time large-scale opti-
mization problem. To reduce computational com-
plexity, some studies have modeled vehicles as 
distributed agents and performed cooperative 
route planning. In [3], Lin et al. exploited evolu-
tionary game among vehicles to calculate optimal 
routes, and proved that its strategy selection con-
verges to Nash equilibrium. However, the con-
vergence time of multiplayer stochastic games 
will be unacceptable for citywide planning. To 
achieve scalability, Cao et al. [4] trained vehicle 
routing via deep reinforcement learning, which 
maximizes the probability of arriving on time. 
Considering the trade-off between system opti-
mum and user optimum, Groot et al. [5] adopted 
a reverse Stackelberg game between the road 
authority and vehicles to optimize traffi  c fl ow dis-
tribution.

As for intersection scheduling, Chu et al. [6]
applied multi-agent deep reinforcement learning 
to adaptive traffic signal control. Qian et al. [7] 
utilized vehicular networks to implement safe and 
effi  cient driving at non-signalized intersections for 
autonomous vehicles.

resource schedulIng In the InformAtIon domAIn
Multi-dimensional resource scheduling has been 
well investigated in edge-computing-assisted 
vehicular networks. Software-defined network-
ing (SDN) [8] takes advantage of centralized 
intelligence to manage and allocate network 
resources. Based on SDN architecture, Li et al.
[9] modeled multi-dimensional resource sched-
uling as a partially observable Markov decision 
process (POMDP) and used value iteration to 

jointly optimize networking, caching, and comput-
ing. Due to the complicated coupling of multi-di-
mensional resources, the central controller can 
hardly know a priori the effects of its actions on 
system performance. To this end, He et al. [10] 
proposed a deep reinforcement learning (DRL)-
based resource orchestration method, with which 
the central controller learns an eff ective policy via 
trial-and-error search.

The central controller’s action space grows 
exponentially with the number of users, which is 
not scalable to large networks. Through cooper-
ative networks [11], the central controller can be 
decomposed into multiple simpler controllers to 
reduce the complexity of a large action space. In 
this way, Nasir et al. [12] leveraged multi-agent 
deep Q-learning to distributedly schedule power 
allocation in wireless networks. Considering the 
spectrum competition among selfish vehicles, 
Tian et al. [13] utilized the evolutionary game to 
optimize channel access for cognitive vehicular 
networks. In addition, the high mobility of vehi-
cles poses great challenges to eff ective resource 
scheduling in vehicular networks. Aissioui et al.
[14] investigated resource allocation for service 
migration across multiple edge clouds, which sup-
ports service continuity for autonomous vehicles.

resource InterActIon between the
trAnsportAtIon domAIn And the InformAtIon domAIn

The previous subsections have shown that exist-
ing studies usually optimize the resources in the 
transportation domain and information domain 
separately. However, the resources in these two 
domains intensely interact with each other, so 
the separate optimization cannot guarantee the 
composite QoS of intelligent driving. On one 
hand, the already deployed base stations and 
edge servers cannot always accommodate the 
off loaded tasks of nearby vehicles. If the resource 
scheduling (e.g., route planning) of road space 
does not take into account the resource status in 
the information domain, the edge computing of 

FIGURE 1. The cross-domain resources in the smart road.
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vehicles may deteriorate due to the shortage of 
roadside communication and computing resourc-
es. This is because the route planning may make 
the distribution of vehicles as well as their edge 
computing demands not conform to the capacity 
distribution of base stations and edge servers. The 
imbalance between resource demand and supply 
in the information domain will prevent vehicles 
from comprehending correctly and reacting rap-
idly to the traffic environment, which decreases 
the availability and reliability of intelligent driv-
ing. On the other hand, if the allocation of com-
munication, computing, and caching resources 
does not consider the mobility and routing of 
vehicles, the self-directed movements of vehicles 
will cause disorder of resource allocation in the 
information domain. Although existing studies 
have used statistic mobility patterns of vehicles 
to optimize edge computing, the dynamic route 
planning will break the predicted mobility patterns 
and make the resource scheduling in edge clouds 
deviate from the system optimum. This phenom-
enon will diminish the utility of edge computing 
in vehicular networks, and eventually worsen the 
timeliness and correctness of vehicles’ offload-
ed tasks. Therefore, it is necessary to coordinate 
the information flow and the traffic flow. Only by 
orchestrating the cross-domain resources for the 
smart road can the QoS of intelligent driving be 
guaranteed.

Key Research Challenges
In this section, we discuss some key research chal-
lenges of cross-domain resource orchestration for 
the smart road, resulting from the intense interac-
tion of the information flow and the traffic flow.

Multi-Scale Spatiotemporal Optimization
Existing resource allocation methods for edge 
computing in vehicular networks are usually per-
formed according to real-time resource status. 
As the influence of edge resource allocation is 
spatiotemporally limited, the respective optimiza-
tion problem is not hard to solve. However, in a 
smart road system, the vehicles offload intelligent 
driving related tasks constantly, so the distribu-
tion of vehicles has a great impact on the distri-
bution of edge resource demands. Therefore, the 
edge resource demands can be redistributed in 
both space and time by guiding the traffic flow. 
Cross-domain resource orchestration becomes a 
multi-scale spatiotemporal optimization problem, 
considering not only the short-term regional allo-
cation of edge resources, but also the long-term 
global redistribution of edge resource demands.

Multi-scale spatiotemporal optimization cre-
ates new opportunities for improving the utility of 
edge computing, while increasing the complexity 
of solving the problem. Specifically, the coordi-
nation between different spatiotemporal scales 
is challenging. First, it is not trivial to determine 
whether to reactively “borrow” resources from 
nearby edge clouds or proactively reshape the 

distribution of resource demands. Second, the 
rewards for optimizations on different scales are 
asynchronous. The allocation of edge resources 
can receive immediate reward, while the redis-
tribution of edge resources can only receive 
delayed reward. These asynchronous rewards can 
hardly be handled by conventional optimization 
methods, which remains a research issue.

Bounded Rationality of Individuals
In vehicular networks, SDN controllers can ratio-
nally perform resource allocation to optimize net-
working, computing, and caching. By leveraging 
this centralized scheme, the SDN controller can 
accurately anticipate the performance of edge 
resource allocation. However, the routing deci-
sions of intelligent vehicles exhibit bounded ratio-
nality as a result of an individual vehicle’s limited 
knowledge and formed preference. The vehicles 
do not always follow the suggested routing from 
the central controller, causing the distribution of 
edge resource demands to deviate from system 
optimum. To improve routing compliance, the 
cross-domain resource orchestration has to con-
sider the bounded rationality of individuals. Only 
in this way can the resource orchestration per-
form as expected and approximate the system 
optimum.

There are mainly two issues when dealing with 
the bounded rationality of individuals. To begin 
with, it is essential to model the routing behavior 
of each vehicle. The models, which are learned 
from vehicles’ historical trajectories, should be 
able to predict routing actions in different traffic 
environments (e.g., traffic status, traffic events, 
and traffic control schemes). Based on these rout-
ing behavior models, the central controller can 
induce vehicles to select desired routes by using 
traffic control schemes or game theoretic meth-
ods. Additionally, the user optimum and system 
optimum should be balanced for cross-domain 
resource orchestration. For example, it is unac-
ceptable to pursue system-level resource utility at 
the expense of numerous big detours. Therefore, 
Nash equilibria for the central controller and intel-
ligent vehicles should be found, where everyone 
can converge to a satisfactory policy.

Coupling of Cross-Domain Resources
The coupling of cross-domain resources requires 
the joint optimization of information flow and traf-
fic flow. Developing from single-domain resource 
allocation to cross-domain resource orchestration, 
the system will be confronted with the curse of 
dimensionality. The super controller orchestrat-
ing cross-domain resources will see a huge state 
space of the environment and determine the best 
reaction from a huge action space. Specifically, 
the state space covers every factor that affects 
orchestration policies. It is a compound state 
space including road traffic related state (e.g., 
multi-grained traffic status and traffic demands) 
and vehicular network related state (e.g., wire-
less link status, the loads of edge servers, and the 
demands for computation offloading). Accord-
ingly, the compound action space contains the 
resource scheduling for a large number of vehi-
cles in both the information domain (e.g., how to 
transmit, where to compute, and what to cache) 
and the transportation domain (e.g., traffic sig-

Multi-scale spatiotemporal optimization creates new opportunities for improving the utility of edge 
computing, while increasing the complexity to solve the problem. Specifically, the coordination 

between different spatiotemporal scales is challenging.
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nal timing and routing). Furthermore, the action 
space grows exponentially with the number of 
vehicles.

The super controller can hardly solve such a 
complicated optimization problem in real time. 
Even though the super controller can use a deep 
neural network to comprehend the high-dimen-
sional state of the environment, the huge action 
space is still an obstacle. To this end, it is neces-
sary to decompose the joint optimization problem 
into independent subproblems. However, fi nding 
a natural decomposition is not trivial due to the 
tight coupling of cross-domain resources. With 
swarm intelligence, distributed controllers instead 
of a super central controller will make decisions 
based on their local observations, which reduces 
the dimensionality of the action space. Neverthe-
less, it is an important issue to nominate capable 
entities of the smart road as the distributed con-
trollers. Furthermore, how to coordinate these 
distributed controllers to achieve the overall opti-
mization objective remains a great challenge.

generAl frAmeworK And potentIAl solutIons
In this section, we propose the general framework 
and potential solutions, which take advantage of 
swarm intelligence and deep learning, to address 
the above-mentioned research challenges.

A cross-domAIn resource orchestrAtIon frAmeworK
As a single controller cannot cope with the huge 
state space and action space, we propose a multi-
agent-based cross-domain resource orchestration 
framework, which is shown in Fig. 2. In this frame-
work, each vehicle is associated with an always-on 
exclusive agent on the edge cloud. The agent is 
a bundle of individualized data (e.g., preference 
and knowledge) of the vehicle/driver it serves and 
the processing logic (e.g., deep neural networks) 
based on the data. These agents not only help 
their respective vehicles make driving and routing 
decisions, but also schedule edge resources to 
make themselves work normally and effi  ciently. In 
other words, the agents orchestrate cross-domain 
resources for their respective vehicles. It should 
be noted that ICVs and non-ICVs will coexist on 
the smart road. The ICVs can access cross-do-
main resources, and the non-ICVs only access the 
resources in the transportation domain. Therefore, 
in this framework, only ICVs are associated with 
agents, while the road traffi  c formed by non-ICVs 
is considered as part of the environment.

Understanding the environment is a necessary 
condition of resource orchestration. By analyzing 
the sensing data of a vehicle and the resource 
status of the edge cloud, each agent has a local 
view of its environment. Furthermore, multi-agent 
interactions enable each agent to obtain a broad-
er and more accurate view of the environment. 
Then the agents cooperatively perform real-time 
resource scheduling to achieve system-wide 
resource optimization. Furthermore, with the strict 
constraint on service delay, the agents should be 
migrated across edge servers to follow the mobili-
ty of vehicles, which involves cross-edge resource 
scheduling. Finally, edge clouds execute the opti-
mized resource allocation, and vehicles perform 
the planned driving and routing actions. It can be 
seen that the proposed multi-agent-based frame-
work is a typical cyber-physical system. To prevent 

multi-agent interactions from growing exponen-
tially with the number of agents, the interactions 
can be approximated by those between a single 
agent and the total eff ect of the population.

routIng behAvIor leArnIng
Each agent communicates and cooperates with 
other agents to make routing decisions on behalf 
of the vehicle it serves. To make the vehicle com-
ply with the decision, the agent should learn the 
vehicle's routing preference with respect to var-
ious traffic statuses. In this article, we design a 
value iteration network (VIN) to train the agent’s 
routing policy, which is supervised by the vehicle’s 
trajectories. The VIN can learn the nature of the 
routing behavior rather than cloning it. Therefore, 
the VIN can generalize to plan accurate routing 
actions under unseen scenarios. The sketch of the 
method is given as follows, and the details can be 
found in [15].

The architecture of VIN is shown in Fig. 3, and 
it maps the destination and real-time traffi  c status 
to the values of possible routing actions. Specif-
ically, the traffic status is represented in a mac-
roscopic way: the urban area is partitioned into 
disjoint grids, and the traffi  c status is denoted as 
the average traverse time between adjacent grids. 
The VIN uses a neural network to compute the 
following value iteration,

Vi+1(s)=max
a
Qi (s,a), (1)

Qi (s,a)= R(s,a)+ γ P
ʹs
∑ ( ʹs | s,a)Vi ( ʹs ),

(2)

where state s  S denotes the vehicle position; 
action a   denotes a possible routing action; 
Q() and V() are the state-action value function 
and the state value function, respectively; R() is 
the reward function; P() is the state transmission 
probability function; and  is a discount factor. Let 
V* denote the state value function for optimal rout-
ing policy. By value iteration, Vi can converge to 
V* when i  , and the vehicle’s routing behavior 
can be learned. In Fig. 3, R() is converted from 
the routing destination and current traffic status, 
and P() is implemented through the convolution 
operator. Next, Eq. 2 is calculated via sum-pool-
ing, which obtains the value of each state-action 

FIGURE 2. Multi-agent-based cross-domain resource orchestration.
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pair; and Eq. 1 is calculated via max-pooling, which 
obtains the value of each state. Then the state 
values are fed back to perform the next round of 
value iterations. After N iterations, the final state 
value V* is achieved, and the cross-entropy loss 
between the routing action derived from V* and 
the actual action of the vehicle is back-propagat-
ed. By training with the historical trajectory data, 
VIN can provide the state value that reflects the 
vehicle's routing preference. Let Ns  S be the set 
of neighboring grids of s; then ŝ = arg maxsNs-
V*(s) will be the next grid selected by the vehicle 
according to the learned routing preference from 
s to the destination.

Multi-Agent Deep-Reinforcement- 
Learning-Based Resource Orchestration

Based on the framework in Fig. 2, we propose 
a multi-agent deep reinforcement learning 
(MADRL) method, which enables a set of agents 
to learn resource orchestration policies by inter-
acting with the complex environment. Compared 
to traditional optimization methods, MADRL has 
better scalability because its complexity grows 
linearly instead of exponentially with the number 
of vehicles. In this subsection, the basic ideas of 
MADRL-based resource orchestration are intro-
duced. The smart road network is segmented 
into hexagonal grids based on the wireless cov-
erage of macrocells. We focus on the grid-level 
orchestration, where the resources in the infor-
mation domain and those in the transportation 
domain can be abstracted at the same granularity. 
It is considered that the intra-grid resources are 
allocated effectively by adopting state-of-the-art 
methods (e.g., game-theory-based route planning, 
and DRL-based communication, computing, and 
caching). In the remainder of this subsection, 
the key points to construct state-action space for 
the MADRL are described, and then a convolu-
tion-based deep Q-network is designed.

With the observed environment states, all 
agents learn to select actions that jointly maximize 
a single reward signal accumulated over time. As 
the environment involves cross-domain resourc-
es, the state space should contain the vehicle’s 

origin-destination (OD), the agent’s host server, 
macroscopic traffic conditions, the loads of base 
stations and edge servers, and so on. It can be 
seen that the state space reflects the total effect 
of population and the status of the ego agent. As 
for the action space, it consists of vehicle routing 
and agent migration, which coordinates traffic 
flow and information flow.

A deep Q-network (DQN) is used to map 
the current observed environment state to the 
state-action values. As the environment state has 
spatial structures, we use multi-channel matrix sig-
nals to represent the environment state and then 
take advantage of convolution to capture the spa-
tial features. The architecture of DQN for each 
agent is shown in Fig. 4. The DQN consists of two 
branches: an agent migration network branch and 
a route planning network branch. The training of 
these two branches is governed by a joint reward,

rv = !rv − pv − cv
mgt +ωcv

t f c( ),  	
(3)

where ~rv is a reward for vehicle v reaching its des-
tination, pv is the penalty carried when the service 
delay (i.e., wireless transmission delay, backhaul 
delay, and computing delay) is not satisfied, cvmgt 
is the agent migration cost, cvtfc is the travel time 
for the OD pair, and w is the weight parameter. 
The joint reward coordinates two branches to 
achieve the joint optimization of the information 
and transportation domains.

MADRL takes advantage of efficient coopera-
tion among agents to solve complex optimization 
problems. A straightforward method enables each 
agent to independently learn an individual Q func-
tion, but this method may not converge because 
each agent’s learning is confused by the explo-
ration and exploitation of others. To overcome 
this problem, we train decentralized policies in a 
centralized way, that is, centralized training with 
decentralized execution. Considering the homo-
geneity of agents, we train a single DQN using 
the experiences gathered from all agents, which 
effectively increases the amount of training data 
generated per step of the environment. In addi-
tion, to decrease convergence time, we just train 

FIGURE 3. VIN-based routing behavior learning.
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one branch during a period of time and keep the 
other branch fi xed during this period. In this way, 
the optimal migration is learned under a stable 
route planning policy, and then the optimal rout-
ing is learned under a stable agent migration pol-
icy. This procedure should be repeated until the 
training converges.

As the number of intelligent vehicles increas-
es, more and more agents are created in the sys-
tem. The newly created agents can obtain model 
parameters directly from the central trainer. Since 
each agent’s policy depends on the total eff ect of 
the population, the system can admit a number 
of new agents while keeping the overall perfor-
mance nearly unchanged. Furthermore, the con-
tinuous centralized training based on the newly 
gathered experience should periodically transfer 
the up-to-date model parameters to all agents. In 
this way, the system can smoothly adapt to the 
increase in the number of agents.

performAnce evAluAtIon
In this section, we implement a prototype of 
the proposed multi-agent-based cross-domain 
resource orchestration framework, and the per-
formance of the discussed techniques is evaluated 
using trace-driven simulations.

evAluAtIon of routIng behAvIor leArnIng
This section evaluates the proposed VIN-based 
routing behavior learning method. To represent 
the macroscopic traffi  c status, the area within the 

4th Ring Road of Beijing is partitioned into 20 
20 grids. The trajectory dataset was recorded by 
over 12,000 taxicabs in November 2012. Focus-
ing on the routing patterns with respect to gener-
al traffi  c conditions, we only use the trajectories 
of occupied taxicabs in peak and mid-peak hours 
(i.e., 8:00–20:00) on weekdays in the experi-
ments. The average traverse time of all vehicles 
passing through a grid in each direction is used 
to represent the reward of the corresponding 
routing action. The VIN can use the learned state 
value function to predict a route from origin to 
destination by selecting the neighboring grid with 
maximum state value in a stepwise manner. Thus, 
the VIN can imitate the routing behavior of taxi-
cab drivers.

The performance of VIN-based routing behav-
ior learning is shown in Fig. 5. From Figs. 5a–c, it 
can be seen that VIN is able to imitate vehicles’ 
routing actions with possible deviation. Figure 5d 
shows the accuracy of predicted routes; top-k
accuracy measures the accuracy of the correct 
prediction being in the top-k predictions. Top-1 
accuracy is not high due to the intrinsic uncertain-
ty of route planning, while top-2 accuracy indi-
cates that the VIN has successfully learned most 
routing patterns considering alternative routes.

evAluAtIon for cross-domAIn resource orchestrAtIon
As shown in Fig. 6a, we consider a road network 
covered by hexagonal grids, which are deter-
mined by the coverage areas of macrocells. The 

FIGURE 4. The deep Q-network architecture for MADRL-based resource orchestration.
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traffi  c simulation is performed based on the Mac-
roscopic Bureau of Public Roads (MBPR) func-
tion, which models the relationship between travel 
time and traffi  c fl ow over a region-wide road net-
work. In the following simulations, the computing 
capacity of each edge server is 100 GHz, and the 
communication system has 50 resource blocks, 
each with bandwidth of 180 kHz. There are 30 
ICVs taking computation offloading. The size of 
each off loaded task is 500 MB, while the required 
CPU cycles follow a uniform distribution (2,4) 
108. The proposed MADRL-based joint optimiza-
tion method (MAJO) is compared to the follow-
ing methods:
• Shortest-distance routing and lazy migration 

(SRLM): Dijkstra’s algorithm is used to find 
the shortest-distance route. In the meantime, 
once the service delay exceeds the upper 
bound, the agent will be migrated to the 
edge server nearest to its serving vehicle.

• DQN-based routing and DQN-based migra-
tion (DRDM): One DQN is used to plan 
routes based on resource status in the trans-
portation domain, and another DQN is used 
to migrate agents based on the resource 
status in the information domain. These two 
DQNs are trained separately.
The performance of MADRL-based cross-do-

main resource orchestration is shown in Figs. 
6b–d. The joint reward defined in Eq. 3 reflects 
how well the cross-domain resources are orches-
trated, so the joint reward accumulated by all 
vehicles is used as a metric in Fig. 6b. The results 
show that MAJO converges quickly and achieves 
the highest reward. It is worth noting that MAJO 
outperforms DRDM, although their network archi-
tecture is nearly the same. This demonstrates that 
cross-domain resource orchestration can largely 
improve the quality of edge-assisted intelligent 
driving. In Figs. 6c and 6d, the average service 
delay and average travel velocity for different 
methods are shown. It can be seen that MAJO 
has the ability to balance the performance across 
the information and transportation domains.

conclusIon And future dIrectIons
In this article, we have studied the key issues of 
cross-domain resource orchestration for smart 
road. To meet the challenges of jointly optimizing 
information flow and traffic flow, we have pro-
posed a multi-agent-based cross-domain resource 
orchestration framework. In this framework, a 
value iteration network has been used to learn the 

routing behavior of each vehicle, which makes the 
vehicle comply with the agent’s routing decision. 
Furthermore, a resource orchestration method 
based on multi-agent deep reinforcement learning 
has been proposed to improve the quality of intel-
ligent driving. To fully leverage the smart road to 
assist intelligent driving, further research issues are 
discussed as follows.

Cooperative sensing and communication: In 
existing intelligent transportation systems, sensing 
and communication work separately; only their 
application data may interact. This poses the chal-
lenge of matching the sensed physical entity (e.g., 
vehicle, pedestrian) with its network identity (i.e., 
IP address). Therefore, the smart road can hardly 
monitor and control the vehicle behavior in a spe-
cific scenario (e.g., non-signalized intersection). 
In 5G/6G systems, mmWave and terahertz have 
unique features such as directional communica-
tions, high-quality imaging, and high-accuracy 
localization. Therefore, sensing, communication, 
and localization can be deeply integrated at the 
signal level. In this way, the smart road can simul-
taneously monitor vehicle/pedestrian behavior 
and send guiding instructions to the exact vehi-
cle/pedestrian (without knowing its IP address), 
which improves system reliability and reduces 
end-to-end delay.

Air-ground integrated networking and 
transportation: With the vision of seamless and 
multi-modal mobility, urban transportation will 
move into the third dimension, exploring vast 
skies to relieve the congested roads. To provide 
required network coverage for the multi-modal 
transportation, air-ground integrated vehicular net-
works are needed for future smart roads. An aerial 
network formed by quasi-stationary high-altitude 
platforms is employed to assist the terrestrial net-
work provide broadband connectivity. Therefore, 
the resources in both the information and trans-
portation domains are expanded to a three-di-
mensional space, which increases the complexity 
of cross-domain resource orchestration.

Energy fl ow scheduling: Electric vehicles (EVs) 
are going to replace gas vehicles to contribute to 
greener transportation. Besides the resources in 
the information and transportation domains, ener-
gy resources will become a new domain to be 
scheduled for the smart road. The distribution of 
EV charging stations and wireless charging roads 
will have quite an impact on the route planning 
of EVs. In addition, the powerful sensors, CPUs, 
and GPUs on EVs consume a lot of energy, so the 

FIGURE 6. Performance of MADRL-based cross-domain resource orchestration: a) simulation scenario; b) joint reward; c) average ser-
vice delay; d) average travel velocity. In b) and c), the solid lines are smoothed by window size of 20 epochs, while shaded areas 
show the standard deviations.
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scheduling of energy flow affects the computation 
offloading policies. Orchestrating cross-domain 
resources for the smart road to coordinate infor-
mation flow, traffic flow, and energy flow remains 
a challenge.
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