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Motivations: AI/ML in Space Flight

● Over the past few years, Machine Learning has made 
enormous advancements

○ E.g. Convolutional Neural Networks, Recurrent Neural 
Networks, LLM (ChatGPT)

● Enabled by computing speed (e.g. Massive Parallel and GPUs) 
and data availability

○ We are in a Big Data Age!

● Role of AI in Space Flight: 

○ Fly autonomous trajectories robustly adapting to 

▪ Uncertain and unmodeled dynamics and environment

○ Real-time decision making (e.g. space exploration)

● In this talk: Meta-Learning & Meta- Reinforcement Leaning 
Methods + Certification for Planetary (Lunar) Landing



Review of AI/ML: Supervised Learning & 
Reinforcement Learning

● Supervised Learning & Imitation 
Learning: 

○ Learning from expert demonstration:

● Need a training set

● Errors accumulate over the 
trajectories quadratically:

● Reinforcement Learning: Learn thru 
experience

○ Learning occurs via interaction with 
environment

○ Related to Classical Optimal Control

Credit Images Levine S., CS285 Berkley Couse



Deep Reinforcement Learning (RL): Policy Gradient 
Methods

● Reinforcement Learning: Learn Thru 
Experience

○ Learning occurs via interaction with 
environment

● Types of RL

○ Policy-based RL: Search for the optimal 
policy 𝜋(𝑠)

○ Value-based RL: Estimate the optimal 
state-action value function 𝑄∗(𝑠, 𝑎)

○ Model-based RL: Build a transition 
model of the environment and plan 
ahead using the model’

● Focus on Policy Gradient Methods

The goal of reinforcement learning
we’ll come back to partially observed later



Vanilla Policy Gradient: REINFORCE Algorithm
Evaluating the policy gradient

generate samples 
(i.e. run the policy)

fit a model to 
estimate return

improve the policy

Adapted from Levine CS294 



Actor-Critic Approach: Fit the Value Function

Adapted from Levine CS294 

Policy evaluation
generate 

samples (i.e. 
run the policy)

fit a model to 
estimate return

improve the 
policy

Policy evaluation
generate 

samples (i.e. 
run the policy)

fit a model to 
estimate return

improve the 
policy

Monte Carlo evaluation with function approximation

the same function should 
fit multiple samples!

Monte Carlo Approx

Monte Carlo evaluation with function approximation

the same function should 
fit multiple samples!

Training Data

Monte Carlo evaluation with function approximation

the same function should 
fit multiple samples!

Supervised Regression

An actor-critic algorithm

generate 
samples (i.e. 

run the policy)

fit a model to 
estimate return

improve the 
policy

Batch Actor-Critic Algorithm

An actor-critic algorithm

generate 
samples (i.e. 

run the policy)

fit a model to 
estimate return

improve the 
policy

Deep network for V(s)



How Do We Enable Adaptation and Robustness in RL?

●Meta-Learning: “Learning to 
Learn”

○Training on a distribution of 
tasks (few shots per task)

●Continual (“Lifelong”) 
Learning

○Efficiently learn a sequence 
of tasks from non- 
stationary distributions

Credit Images : Finn et al. “Online Meta-Learning” (2019)



Meta-Learning: Problem Definition (I)

●Supervised/Imitation Learning problem solves the following:

Adapted from Levine CS294 

Model Parameters Training Data

●Issue: need a large number of data (Task limited)



Meta-Learning: Problem Definition (II)

Adapted from Levine CS294 

●How can we incorporate additional data:



Meta-Learning: Problem Definition (III)

Adapted from Levine CS294 

●Do not keep the additional data (meta training set) around: 
Learn the meta-parameters 𝜃

This is the Meta-Training

●Some Math details:



Meta-Learning: Problem Definition (IV)

● Meta-Learning:

● Adaptation:

● Complete Meta-Learning Formulation: Learn parameters 𝜃 such that 

𝜙 = 𝑓𝜃(𝐷𝑖
𝑡𝑟) is good for 𝐷𝑖

𝑡𝑠

● Example: Recurrent Networks

Adapted from Levine CS294 

Meta-Training



The Reinforcement Meta-Learning Problem (Meta-RL)

●Reinforcement Learning (Deterministic View):

●Reinforcement Meta-Learning (Deterministic View):

● Meta-Training: Distribution of Markov Decision Processes (MDPS)

Adapted from Levine CS294 

Markov Decision 
Process



Meta-RL: Recurrent NN optimized via Proximal 
Policy Optimization

The recurrent model store features of which 

environment we are currently in

Recurrent Neural Network

Controller Dynamics

PPO Optimization

Probability Ratio



From Sensor Data to Action: Policy Gradient 
Methods For Planetary Landing

● Goal: Develop a Deep RL framework to find a policy that can drive a spacecraft to 
the planetary surface with pinpoint accuracy and in a fuel efficient fashion

○ Integrate both attitude and trajectory guidance and control

○ Integrate Hazard Avoidance 

● Use a Policy Gradient approach to learn the NN policy that maps sensor data to 
action  through simulation

○ Solve Partially Observable MDP (POMDP)

○ Use a new Proximal Policy Optimization (PPO) method

▪ Ensure state-of-the-art performance in many Deep RL problems

○ Develop a Deep Reinforcement Meta-Learning for adaptation



Image-Based Pinpoint 3-DOF Lunar Landing: Problem 
Statement

● Objectives

● Provide guidance 
command in a 
pinpoint lunar landing 
scenario

● Embed navigation, 
guidance and control 
in a single self-
contained closed-loop 
system

● Use optical and radar 
altimeter sensors

● Robust to uncertain 
dynamics (gravity and 
spacecraft mass)

● Robust to actuator 
failure



Moon Landing Problem: Lunar Surface Simulation via 
VisualEnv

● Digital Terrain Model (DTM) from LROC database* 
(Apollo 16 landing site)

● DTM used to create displacement of the ground

● Cycles renderer working with physically based 
materials and ray tracing technology

○ Use a rough material to simulate lunar regolith

○ Create realistic lighting using a sun-like source at 
infinitum

● Camera

○ Focal length: 50 mm

○ Resolution: 32x32 pixels



Deep Neural Network Architectures



Reward Function



Closed-Loop meta-RL Guidance Results

𝑵𝒐 episodes
Final position error norm [m]

Final velocity error norm 

[m/s] Fuel consumption 

[kg]
𝜇 𝜎 𝜇 𝜎

20000 1.25 0.10 1.18 0.87 123.46

Monte Carlo Performances (100 trajectories)

Meta- Training

Scorsoglio, A., D’Ambrosio, A., Ghilardi, L., Gaudet, B., Curti, F. and Furfaro, R., 2022. Image-Based Deep Reinforcement Meta-
Learning for Autonomous Lunar Landing. Journal of Spacecraft and Rockets, 59(1), pp.153-165.



Extension: 6-DOF Meta-RL GNC with Autonomous 
Hazard Avoidance/Landing Site Selection (I)



Extension: 6-DOF Meta-RL GNC with Autonomous 
Hazard Avoidance/Landing Site Selection (II)



Landing Site Selection System (LSSS): U-net Design 
and Training Results



6-DOF Meta-RL Closed Loop GNC: Training, 
Validation and Testing



LSSS Performance (I) 

Divert maneuversSeeker camera

Body-fixed camera



LSSS Performance (II)

Scorsoglio A., Gaudet, B., Ghilardi, L. and Furfaro, R., 2025. Meta-reinforcement learning guidance, navigation, and 
control for autonomous lunar landing with safe site selection. Neural Computing with Application- pp.1-30



Meta-RL: Challenges and Future Directions
● Challenges

○ RL-based GNC for aerospace systems are 
currently trained in simulated environments

▪ Expensive to train in operational 
environments

○ RL-based systems are not certifiable with 
standard practice

▪ No Gain/Phase Margin available

● Present/Future needs

○ Safe RL & Meta-RL: Methods to constrain 
behavior during training scenarios

○ Trustworthy/Certifiable RL: methods to 
ensure convergence & performance 
guarantees

○ We discuss two approaches

▪ Guidance Gain Adaptation via Meta-RL

▪ Stability Certification via Sparse Identification 
of Non-Linear Dynamics (SINDy)



Fractional-Polynomial Powered Descent Guidance 
(𝑭𝑷𝟐𝑫𝑮): The Analytical Backbone for Gain Adaptation

● Introduced by Ping Lu (2019, JGCD) the general 𝑭𝑷𝟐𝑷𝑫𝑮 generalizes the heritage into 
a two-parameters family

● General approach: Given the current state 𝒓 𝑡 , 𝑽 𝑡  solve for 𝒄𝟏, 𝒄𝟐 using the thrust 
acceleration profile 𝒂𝑇 = 𝒄𝟏𝜙1 𝑡𝑔𝑜 + 𝒄𝟐𝜙2 𝑡𝑔𝑜 . Set the reference acceleration 
profile to be 𝒂𝑑 = 𝒂𝑇𝒇

∗ + 𝒄2𝑡𝑔𝑜
𝛾

into the tracking law on arrives to the closed-loop 
acceleration command

● This equation represents a family of two parameters guidance laws for 𝛾 > 0, 𝑘𝑟 ≥
2 𝛾 + 2



Approach: Meta-RL tuning of the Guidance Gains

● FP2DG defines a family of guidance 
behaviors parameterized by 𝑘𝑟and 𝛾

● Static tuning selects a single fixed 
behavior, which can degrade under 
constraints and uncertainty

●  Real powered descent involves changing 
conditions: constraints, disturbances, and 
model mismatch

● Meta-RL learns a state-dependent 
scheduling policy across a distribution of 
scenarios

● The controller adapts 𝒌𝒓 𝒕 and 𝛾(𝑡) 
online using state history (memory)

● This enables robust, constraint-aware 
guidance while preserving the analytical 
structure



Learning Behavior: Return Improves and Episode 
Stabilizes

● Training return improves after the early exploratory phase.
● Episode lengths converge toward the full-horizon regime as successful landings 

dominate.
● The base constrained case is the hardest of the final runs.



What Does the Recurrent Scheduler Learns

● Trajectory ensemble indicates that the learned 
scheduler generates a coherent family of descent 
paths

● Recurrent policy does not converges to a constant 
pair 𝒌𝒓, 𝜸. It learns smooth state-dependent 
schedules. 



Quantitative Summary from the Saved Final Runs 

● The strongest runs achieve about 99% late 
training success.

● Successful late-training episodes land within 
centimeters and comfortably below the coded 
terminal-velocity threshold.

● Easier initial conditions reduce fuel proxy; larger 
thrust authority tightens terminal control.



System Certification: Physics-Informed 
Reinforcement Learning & Lyapunov Function

● Stability of RL-based agents is rarely studied and certified → needed for wider adoption

● Systematic procedure for ensuring theoretical guarantees during and after training.

● Idea: Use PINNs, Lyapunov stability and dynamical system identification to create a 
procedure for training and certifying neural networks to increase their safety and 
explainability. 



A-posteriori Stability Certification of RL-based Controllers 
via System Identification of Non-Linear Dynamics (SINDy)



The Axisymmetric Satellite Attitude Control Problem

9

GoalThe axisymmetric satellite attitude control problem 

Euler equations for axisymmetric spacecraft

With:



Numerical Results: RL Agent Training (I)

● Trained for 1.5M steps

● Critic losses show that it effectively 
learns the value function

● The reward history reaches a plateau, 
showing convergence

● Monte Carlo simulation run after 
training to generate a dataset for 
certification process

○ 100 trajectories
○ Randomized initial conditions



Numerical Results: RL Agent Training (II)

● Trained for 1.5M steps

● Critic losses show that it effectively 
learns the value function

● The reward history reaches a plateau, 
showing convergence

● Monte Carlo simulation run after 
training to generate a dataset for 
certification process

○ 100 trajectories
○ Randomized initial conditions



Numerical Results: SINDy identification of the 
Closed-Loop Dynamics

● Model constrained to 3rd order. Coefficient 
threshold set to 0.1.

Scorsoglio, A., D’Ambrosio, and Furfaro, R., 2026. Stability Explainable Stability Certification of Reinforcement 
Learning Control Policies Using Sparse Dynamics Identification, Journal of Guidance, Control and Dynamics (In-Press)



Numerical Results: Analytical/Explainable 
Asymptotically Stable Controller

● Model 𝑉 and ሶ𝑉 are positive and negative respectively on the entire domain, proving 
the recovered closed loop model is Lyapunov Asymptotically Stable. 

● The recovered control is therefore guaranteed to be Asymptotically Stable.
● The control law is recovered by subtracting the known equations of motion from the 

recovered model:.

● RL in this case is used to 
discover the control law, which 
is then recovered using SINDy. 
The resulting control has a 
simple and explainable 
analytical form



Numerical Results: RL-based Stability Certification

● The model for 𝑉 obtained via PySINDy is also used to certify the neural network control 
directly, by finding a Lyapunov function of the closed loop system.

● The 𝑉 and ሶ𝑉 are computed by exploiting the chain rule of differentiation (using u given by 
the RL controller directly):

● 𝑽 and ሶ𝑽 are strictly positive 
and negative respectively over 
sampled points in the domain.

● The conditions for Lyapunov 
stability are satisfied, which 

proves that 𝑉 is a Lyapunov 
function for the closed loop 
system, so the controller is 
asymptotically stable.
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Questions?

https://ssel.arizona.edu/
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