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Motivation
§ Air traffic control (ATC)

§Monitor current state of aircrafts and recommend real-time decisions.
§ Need to optimize a complex objective function

§ Minimize congestion, conflicts, arrival delay and fuel consumption cost.
§ Heavy traffic volume might lead to (human) operational errors.
§ A sequential decision-making problem involving multiple actors
influencing each other.
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Our Contributions
§ Modelled ATC problem within a multi-agent reinforcement
learning (MARL) framework.

§ Solved the MARL problem with a model-based Kernel RL and
a model-free Deep RL methods.

§ Proposed a general-purpose novel deep ensemble MARL
method to combine the power of deep RL and kernel RL.

§ Demonstrated the efficacy of ensemble MARL method on a
real-world dataset consisting of ~1600 active aircrafts.
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Multi-agent Reinforcement Learning (MARL)

Centralized learning & decentralized 
execution in MARL [Gupta et. al., 2017]
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§ Single Agent RL:

§ Learn a policy 𝜋 to maximize 
long term reward 𝑄∗(𝑠, 𝑎):

§ Multi-agent RL

Observation: 

Transition:

Reward: 
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MARL Formulation for ATC 

Neighborhood 
Radius (1000 KM)

Conflicting
Radius (10 KM)

Congestion
Radius (300 KM)

§ State space
§ Local features: Aircraft’s location, 

speed, direction, timeliness
§ Neighborhood features: N nearest 

aircrafts’ relative velocity & direction
§ Extended feature: Coarse and fine 

grid image information (for deep RL)

Figure 2: Fuel cost penalty function

Formally, the reward for an agent i at time t is:

rit=↵·I(oit,Rs)+�·I(oit,Rc,Nc)+�·max(0, d̃it�dit)+�·F (vit�vi0)

The value of I(oi
t, R

s) is set to 1 if the relative distance
from the nearest aircraft is less than the separation radius
Rs according to the current observation oi

t, and otherwise
it is set to 0. The value of I(oi

t, R
c, N c) is set to 1 if the

number of aircraft within the congestion radius Rc exceeds
the threshold value N c, and 0 otherwise. Let d̃i

t denote the
expected distance to travel by aircraft i at time t according
to the given schedule and di

t denote the actual distance trav-
eled; then max(0, d̃i

t � di
t) characterizes the amount of de-

lay at time t. F (vi
t � vi

0) represents the quadratic fuel cost
function depending on the deviation of current speed from
the optimal speed vi

0, which is shown in Figure 2. Finally,
↵, �, � and � denote the weights for conflict, congestion, de-
lay and fuel cost penalties, respectively.

Solution Methodology
In this section, we provide three methodologies for solving a
decentralized MARL problem: (a) a kernel based approach
employing agent-centric local observation information; (b)
a deep MARL model with richer state information; and (c) a
deep ensemble approach to leverage the pre-trained policies
from the kernel and deep MARL approaches.

Kernel Based RL
Kernel Based RL [KBRL] (Ormoneit and Sen 2002) is a Q-
value approximation scheme which has the benefit of hav-
ing strong theoretical properties. In particular, KBRL algo-
rithms can be proven to converge to a unique fixed point
and the approximation error can be bounded asymptotically.
KBRL is a model-based approach relying on a set of sample
transitions S ⌘ {sa

k, ra
k , ŝa

k|k = 1, 2, ..., na} associated with
each action a 2 A. These experience transition samples are
collected from all the agents by simulating the environment
with a particular behavioral (e.g., random or greedy) policy.
The complexity of KBRL increases with the number of sam-
ple transitions and the size of the state space, thereby limit-
ing its applicability in practice. KBRL was thus extended
to achieve better scalability through a modification known
as Kernel Based Stochastic Factorization [KBSF] (Barreto,
Precup, and Pineau 2016). In contrast to KBRL wherein
each sample transition gives rise to a state, KBSF generates
a set of representative states and uses stochastic factorization
to reduce the size of the transition matrix.

The KBSF algorithm is outlined in Algorithm 1. For the
KBSF method, we first collect n transitions (st, at, rt, st+1)

Algorithm 1: SOLVEKBSF()
1 Inputs: Sa = {sa

k, ra
k , ŝa

k|k = 1, 2, ..., na}8a 2 A;
2 S̄ = {s̄1, ..., s̄m} . m representative states

3 Outputs: Q⇤ matrix of size |S̄|⇥A;
4 Define Gaussian kernel ̄⌧̄ and a

⌧ using Equation 1;
5 for each a 2 A do
6 Compute matrix Da : da

ij = ̄⌧̄ (ŝa
i , s̄j) ;

7 Compute matrix Ka : ka
ij = a

⌧ (s̄i, sa
j ) ;

8 Compute reward ra : ra
i =

P
j ka

ijr
a
j ;

9 Compute transition probabilities: P a = KaDa ;
10 Solve MDP {S̄,A, P a, ra, � = .99} and obtain Q⇤;
11 return Q⇤

by simulating a random policy. We then compute m repre-
sentative states, S̄ = {s̄1, ..., s̄m} from n transitions using
k-means clustering. Next, we define a Gaussian kernel, ̄ to
build the components of the transition matrix of the MDP:

k̄⌧̄ (s, s0)= �̄

✓
||s � s0||

⌧̄

◆
; ̄⌧̄ (s, s̄i)=

k̄⌧̄ (s, s̄i)Pm
j=1 k̄⌧̄ (s, s̄j)

(1)

where k.k measures the distance under a Euclidean norm,
�̄(x) = exp(�x2), and ⌧̄ denotes the kernel width. Using
the Gaussian kernel from Equation (1), we define: (a) Da

a matrix of size n ⇥ m with kernel width ⌧̄ ; Da : da
ij =

̄⌧̄ (ŝa
i , s̄j) and (b) Ka a matrix of size m ⇥ n with kernel

width ⌧ ; Ka : ka
ij = a

⌧ (s̄i, sa
j ). The reward function is

computed as ra : ra
i =

P
j ka

ijr
a
j and the transition proba-

bility matrix is defined as P a = KaDa. The MDP is solved
by Policy Iteration (Howard 1960) to obtain the optimal Q⇤

values for the representative state-action pairs. Finally, dur-
ing the validation phase, we compute the policy ⇡̄(s) for any
given state s using Equation (2).

Q̄(s,a)=
mX

i=1

̄⌧̄ (s,s̄i)Q
⇤(s̄i,a); ⇡̄(s)=argmax

a
Q̄(s,a). (2)

Deep MARL
To solve the Q-learning problem with a much larger state-
space, Mnih et al. (2015) proposed using a neural network
approximator which they termed deep Q-learning, or DQN.
DQN uses a parameter ✓ learnt using gradient descent on
the loss function: L✓ = E

⇥
(yDQN

� Q(s, a; ✓))2
⇤
, where

yDQN = r + � maxa0 Q(s0, a0; ✓�) is the target value. Nu-
merous methods have since then been proposed for RL with
neural network approximators, including those based on pol-
icy gradient (Mnih et al. 2016). The Proximal Policy Opti-
mization (PPO) (Schulman et al. 2017) in particular was in-
troduced to overcome the shortcomings of approaches based
on policy gradient. PPO has been shown to offer better per-
formance than both DQN and advantage actor-critic (A2C)
(Mnih et al. 2016). PPO as its name implies, seeks to find a
proximal policy, and as such to avoid large policy updates.
Let ✓ denote the parameters of the policy network at time t
and rt(✓) represent the ratio ⇡✓(at|st)

⇡✓old
(at|st)

. The PPO loss func-
tion is given by equation (3), where ✏ is a hyperparameter
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§ Reward Function

§ Action space (deviate speed by 𝜹)

Fuel cost penalty structure
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Kernel and Deep MARL for ATC
Model based kernel RL
1. Inputs: 
2. Generate m representative states with K-

means clustering:

3. Define Gaussian kernel 𝜅!, ̅𝜅!" using 
distance from original to representative state

4. Compute 
5. Compute
6. Compute transition probability:
7. Compute reward
8. Solve MDP                                  & obtain 𝑄∗

o Advantages
- Performs well in neighborhood of 

dense training
- Strong theoretical bounds

o Limitations
- Extrapolates poorly

o Advantages
- Flexible and generalizes well
- Can deal with richer state space

o Limitations
- Can be brittle even in dense 

training neighborhood

Model free deep RL (PPO)
1. Initialize policy network with parameter 𝜃#
2. For each episode 𝑘, store a set of transition 

samples 𝑠$%, 𝑎$% , 𝑟$%, 𝑠$&'% for each agent 𝑖 in 
buffer 𝐷 by simulating policy 𝜋(𝜃()

3. Update 𝜃( with minibatch of transitions from 
𝐷 for 𝑀 rounds to optimize PPO objective:

𝑟$ 𝜃 is ratio between 𝜋)(𝑎$|𝑠$), 𝜋)!"# (𝑎$|𝑠$)

𝐴$: = 𝑅$ − 𝑉(𝑠$) is advantage function 
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Deep Ensemble MARL
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§ Existing ensemble methods are either not feasible for model-based
methods or unable to take multi-agent interactions in account.

§ We train a separate deep neural network that efficiently learns to
arbitrate between decisions of pre-trained kernel and deep MARL.

Inputs: Kernel model %𝐾, PPO model (𝜋( +𝜃)

1. Initialize ensemble policy to 𝜋(𝜃&)
2. For each episode 𝑘, run line 3-7
3. For each time 𝑡 and agent 𝑖, sample 

ensemble action 𝑎!' for observation 𝑠!'

4. If 𝑎!' is 0 then get action (𝑎!' from %𝐾, 
otherwise get (𝑎!' using (𝜋 +𝜃

5. Execute joint action 1𝒂! = ((𝑎!#, … , (𝑎!
%!)

6. Store transitions 𝑠!' , 𝑎!' , 𝑟!' , 𝑠!"#' in 𝐷

7. For M rounds update 𝜃( with 
minibatch of transitions from 𝐷
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Experimental Settings

learner

request environment
config

respond environment
config

send actions;
request state data

respond state data

learner data
features

environment
data

simulator

t+=1

§ Air traffic simulator
§ An open-source simulator 

developed by Eurocontrol
§ We develop a message passing 

adapter between the simulator and 
our RL agent

§ Datasets (from Southern Europe)
§ 24-hours schedule for 1600 active flights
§ 300 training days and 30 testing days
§ 3 fuel cost settings considered: low, medium (from Airbus), high

§ Benchmark Approaches
§ Baseline: simulate default schedule (no penalty for fuel & delay)
§ Local search: Each aircraft chooses a myopic best action
§ DDMARL (Brittain et. al., 2019): Only consider conflict penalty
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Training Performance

§ Training performance of 
our deep MARL is at par 
with DDMARL
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§ Our ensemble MARL has 
better training performance 
than both deep MARL and 
DDMARL across the board
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Testing Performance

§ Ensemble MARL always out-
performs kernel and deep RL.

§ Ensemble MARL provides ~9% 
gain in reward in a realistic fuel 
cost setting.

§ Benchmark approaches have  
skewed action distribution.

§ Ensemble MARL diversifies 
actions to maximize overall 
reward value.
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Conclusion
§ Summary:

§ We formulated the ATC problem using MARL framework.

§ Proposed a novel deep ensemble MARL method to combine 
the power of a model-based kernel RL and model-free deep RL.

§ Ensemble MARL method improves the ATC objective by 9% 
over existing benchmarks on a real-world dataset.

§ Future Directions:
§ Extend action space to incorporate additional controls such as 

directional and altitude changes.

§ Extend state space to handle take-off and landing scenarios.

§ Extend ensemble MARL to combine power of multiple methods.


