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Motivation

• Imitate experts shaping the flown trajectories, by learning models 
that incorporate their preferences, strategies in an aggregated way  
(i.e. their joint policy).
• Do this with (a small number of) historical trajectories in a data-

driven way, and with no transformation of trajectories.
• Advance predictions at the pre-tactical and tactical phases.
• This paves the way 
• To detect important stakeholders’ features that affect trajectory evolution 
• Compare alternative models based on assumptions on stakeholders’ (e.g. 

airlines) ”whims”
• Detect and distinguish “latent” features that determine modes of behaviour



Background knowledge

• Trajectory (enriched)

• Data-driven Trajectory prediction



Background knowledge

• Imitation Learning
Imitation learning studies the problem of learning to perform a specific task 
in a setting, where the learner has access to expert demonstrations 
(trajectories).

• Behavioral Cloning : solves a regression problem minimizing the error between the 
actions demonstrated and the policy actions, over the states of the historical 
trajectories.

• Inverse Reinforcement Learning: Two-steps process.
(a) derive a cost function c that assigns minimal cost to trajectories demonstrated by

experts and maximal cost to trajectories generated by other policies and 
(b) find a policy that minimizes the expected cumulative cost using the cost function.



Background knowledge
• Imitation Learning
Inverse Reinforcement Learning:

Apprenticeship learning: Assumes that the cost function is a 
linear combination of basis functions, which result to feature vectors 
over states and actions.

Generative adversarial imitation learning (GAIL): Does not apply 
restrictive assumptions on the cost function and scales to large, 
continuous state-action spaces. 



Background knowledge
• Imitation Learning
Inverse Reinforcement Learning

Generative adversarial imitation learning (GAIL)

GAIL directly learns the optimal policy from expert demonstrations, quite 
efficiently, aiming to bring the distribution of the state-action pairs of the 
imitator as close as possible to the trajectories demonstrated by the 
expert.

GAIL objective: 
Discriminator: Maximizes 

the cost of non-expert 
trajectories

Discriminator: … and 
minimizes the cost of 

expert trajectories

while maximizing the 
entropy of the policy



Problem specification (trajectory prediction)

Given a set of expert (demonstrated) trajectories: TE

Consider:
• Time step: Δt
• Actions (continuous): (Δl, Δf, Δh)

Data Driven Aircraft Trajectory 
Prediction Problem:



Problem specification (trajectory prediction)

• But… there are multiple modes of behavior…



Problem specification (trajectory prediction)
Given a set of expert (demonstrated) trajectories: TE

Consider:
• Time step: Δt

• Actions (continuous): (Δl, Δf, Δh)

Data Driven Aircraft Trajectory 
Prediction Problem:

Determine 
(a) the specific class 𝐶𝐸,𝜎⊆ T𝐸 of expert trajectories that most probably the future 
trajectory (i.e the trajectory with forecasted features T𝑓 crossing the points in S𝑓 ) 
belongs, and 
(b) a policy 𝜋𝜎∈ Π, which optimizes the GAIL objective, and which specifies the 
evolution of the trajectory at any time instant 𝑡0 + (Δ𝑡 ∗ 𝑖), 𝑖 = 1, 2, 3...

• K classes of trajectories CE,l

• A set S𝑓of “landmark” states with forecast time and values of features
• A set of forecast features T𝑓 of the future trajectory (as a whole): 

E.g. aircraft type, time/day, estimated TOW, average FIR en-route charges, etc.



Imitation Learning for Trajectory Prediction 
ILTP Framework



Imitating trajectories: GAIL

GAIL employs
• a generative trajectory model Gθ that models the policy 
• a discriminative classifier Dw that distinguishes between the distribution of 

data (i.e. state action pairs) generated by the policy and the demonstrated 
data. 

• GAIL alternates between an Adam gradient step on w to increase the GAIL 
objective with respect to D, and 
• a step on using the Trust Region Policy Optimization (TRPO) Deep RL 

algorithm to improve the policy by tuning θ so as to decrease the GAIL 
objective.

A.Bastas, T.Kravaris, G.A.Vouros “Data Driven Aircraft Trajectory Prediction with Deep Imitation Learning”, In arXiv cs.LG, 2020.



Imitating trajectories: AppLearn

Applearn assumes a linear model of the reward function:

where φ are basis functions representing features of states (spatial and 
weather features).
AppLearn follows the 2 step process, iteratively:
• determine the proper weight vector in order to shape the expert’s 

behaviour (solving a quadratic programming problem)
• Use 
• DQN exploiting the estimated reward function to determine a policy in 2D
• A regression NN for predicting the altitude at each state.

C.Spatharis, K.Blekas, G.A.Vouros “Apprenticeship learning of flight trajectories prediction with inverse reinforcement learning”, In Proc of SETN 2020.



Experiments: Cases

Short (single FIR) trajectories
• BCN-MAD (April 2016)

• 528 trajectories 
• 2 clusters of 250 and 278 trajectories

Long (multi FIR) trajectories
• LHR-FCO (Jan & Jul 2019)

• 218 &  242 trajectories
• 2 clusters of 23 and 195 trajectories & 3 clusters of 4, 19 and 219 trajectories

• HEL-LIS (Jan & Jul 2019)
• 49 & 55 trajectories
• 3 clusters of 4,3 and 42 trajectories & 3 clusters of 2, 9 and 44 trajectories

Trajectories have been enriched with 4 meteo-features (temperature, geopotential height, 
u-componentof wind, v-component of wind) and the aircraft type.



RMSE: computing trajectories corresponding points using DTW
• 1D

• 3D

Experiments: Measures



Track Errors : computing trajectories corresponding points using timestamps

Experiments: Measures



Experiments: Results

• One vs Multiple Policies – GAIL vs AppLearn
GAIL AppLearnBCN-MAD (April 2016)



Experiments: Results

• GAIL vs AppLearn
GAIL (for the larger cluster) AppLearn (for all clusters)

LHR-FCO (July 2019)

GAIL (for all clusters)



Experiments: Results

• GAIL vs AppLearn
AppLearn (for all clusters)

HEL-LIS (July 2019)

GAIL (for the larger cluster) GAIL (for all clusters)



Conclusions

• Imitation Learning potential:
• Effectiveness: High (in accuracy) but not in stages with large variations (landing phase)
• Efficiency: Large number of training episodes but with low-sampling efficiency
• Tradeoff between arbitrary and linear cost function: It seems that a linear cost function is not appropriate. 

However, AppLearn scores better in landing phases compared to GAIL.

• Imitation learning provides a 
• “natural” (in terms of inherently dealing with trajectories), 
• simple (not requiring feature engineering), 
• unconstrained (without considering flight plans as constraints or fitting trajectories into a specific spatio-

temporal resolution), 
• continuous (in terms of state and actions’ features considered) and 
• generic (in terms of being able to apply to different types of trajectories and at any flight phase) approach, 
• Pure data-driven (not requiring any model-based mechanistic prediction method -although it would be 

interesting to investigate interactions)
TP approach



Future work

(a) verifying the effectiveness of the methods for different origin-
destination airports, while being trained using larger training 
datasets 

(b) exploiting flight plans to constrain the prediction pipeline, and 
detecting deviations from intended routes 

(c) extending the method to deal inherently with different modes of 
trajectory evolution, and

(d) generalizing beyond specific origin-destination pairs to deal with 
predictions at large scale.



Many Thanks to

This work has been done in the context of the
CF project

Data-Driven Trajectory Imitation with Reinforcement Learning

University of Piraeus Research Centre


