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Motivations: Al/ML in Space Flight

e Over the past few years, Machine Learning has made Reinforcement Learning Framework
enormous advancements

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

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

o We are in a Big Data Age! Boeo -
e Role of Al in Space Flight: LETHOIBOeERE

o Fly autonomous trajectories robustly adapting to g

- Uncertain and unmodeled dynamics and environment
o Real-time decision making (e.g. space exploration) | e
_ , , _ o ALL SYSTEMS GO
e In this talk: Meta-Learning & Meta- Reinforcement Leaning | & .
Methods + Certification for Planetary (Lunar) Landing = = - [n
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Review of Al/ML: Supervised Learning &

Reinforcement Learning

e Supervised Learning & Imitation
Learning:

o Learning from expert demonstration:
e Need a training set

e Errors accumulate over the
trajectories quadratically:

If Drrain(S) # po(S), then E[X,c(se,ur)] < €T + 0(eT?)

e Reinforcement Learning: Learn thru
experience

o Learning occurs via interaction with
environment

o Related to Classical Optimal Control

Wo(at|St)

training
data

supervised

learning e (at |St)

|
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Deep Reinforcement Learning (RL): Policy Gradient > ?”
Methods

e Reinforcement Learning: Learn Thru

Experience Optlmal Policy

o Learning occurs via interaction with
environment

e Types of RL

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

o Value-based RL: Estimate the optimal po(s1.2y. ... .87 aT ﬁ (880021150 ar)
state-action value function Q*(s, a) o ’ b |

o Model-based RL: Build a transition mo(7)
model of the environment and plan
ahead using the model’ 0" = argmax Brp, (r) Zt:’r(st,at)

e Focus on Policy Gradient Methods
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Vanilla Policy Gradient: REINFORCE Algorithm

' |1
recall: J(0) = Forpo(7) Z r(se, as)| ~ N S: S:T(Si,ta a; ¢)

|t - () t

T
VoJ(0) = Errory(r) [(Z Vi log mg(a¢|st) ) (Zr S¢, Ay )}

t=1

fit a model to

estimate return

VoJ(0) =~ %Z (Z Vy log wa(ai’t|si,t)) (Z r(sz-,t,a?;,t))

generate samples

(i.e. run the policy)

REINFORCE algorithm:
1. sample {7} from mg(as|s;) (run the policy) ‘
2. VoJ(0) = >, (3, Vologme(allst)) (32, r(st, al))

improve the policy

3. 0 0+ aVyJ(9)

Adapted from Levine CS294 A
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Actor-Critic Approach: Fit the Value Function

Vﬂ(st) — Z;;Z::t Eﬂ'e [T(St’a at’) St]

V7 (st) ~ r(se,ay)
J(0) = Es,~p(s) V" (51)] tZ::t ‘

Monte Carlo Approx fit V*
T

fit a model to
estimate return

generate
c o samples (i.e.
Training Data ) Supervised Regression ~\CULLLATIE) l
ST s an 1 - 2 t .
{(S@,ta ‘X:tf:t T(?z,t , A ¢ ,))} L(p) = > Z T(s:) — v Impprgl\ilceythe
St 0« 0+ aVeJ(0)
Batch Actor-Critic Algorithm
> 1. sample {s;,a;} from mg(a|s) (run it on the robot) Deep network for V(s)
2. fit TA/'”: (s) to sampled reward sums o o
3. evaluate A™(s;,a;) = r(s;,a;) + V7(s)) — V7 (s; o )
4 egajlzz)ew Z:(sval) r(s | a- )Aw ¢ (S@) 5 (i) s O ()
D ~ 2. Vologo(ails:) A7(si, a:) _ -- .- parameters ¢
B 0+ 0+ aVeJ(0) — ¢ — ¢ = ¢

Adapted from Levine CS294 Space Systems
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How Do We Enable Adaptation and Robustness in RL?

e Meta-Learning: “Learning to
Learn”

oTraining on a distribution of
tasks (few shots per task)

e Continual (“Lifelong”)
Learning

oEfficiently learn a sequence
of tasks from non-
stationary distributions

|S—

=

r N
,ﬁ'll‘ Kl—A
L 0?‘5 Y,

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

learn learn learn learn learn learn learn
. ﬂ. k/. . 1.‘ 'ﬁ S
9
’n‘ x’z_. olle
fime
performance after seeing a small amount of data
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Meta-Learning: Problem Definition (I)

e Supervised/Imitation Learning problem solves the following:

arg max log p(¢|D) D ={(z1,91)s-- -, (Tk, yx)}
Model Parameters Training Data

= arg max log p(D|¢) + log p(¢)
@

/ It

data likelihood regularizer (e.g., weight decay)

— arg 111.:1,:{21(} ;D ’g’;\ﬂf? + 1U%P( )

elssue: need a large number of data (Task limited)

Space Systems
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Meta-Learning: Problem Definition (Il)

e How can we incorporate additional data:

arg mgx log p(@ﬂ), Dmeta-train)

Adapted from Levine CS294

-

Dlnct a-train

=3

—Dmeta-train — {D17 JEIRN
D; = {(*/E?iv yi)a ce

> )

D, }

(@, yp)}

A
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Meta-Learning: Problem Definition (lll)

e Do not keep the additional data (meta training set) around:
Learn the meta-parameters 0

arg max0g p(4[D, Dinavtrain) ~ arg maxlog p(4|D "

0" = arg max log p(0|Dmeta-train) <~ This is the Meta-Training

eSome Math details: ﬂ

As5UINE @ Al Dmcta—train ‘9 |
log p(qﬂ’D? Dreta-train) = log ] p(‘.ﬁ'lD: 9)p(g|pﬂleta-train)d9 X
© 0" = arg Hlét}‘: lﬂ.% P(Q ‘ Dmeta-train)
~ log p(¢|D, 0") + log p(60” | Dmeta-train)
arg max log P(¢|D; Dineta-train) ~ arg maxlog p(¢|D, 67)

L)

Adapted from Levine CS294 A
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Meta-Learning: Problem Definition (IV)

e Meta-Learning: [ 6™ = arg max log p(0|Dmeta-train )
»Adaptation: | ¢* = argmaxlog p(¢|D™, 6") <h 6" = fo-(D")

e Complete Meta-Learning Formulation: Learn parameters 6 such that
¢ = fo(D!") is good for D}*

e Example: Recurrent Networks Meta-Training g

—I
Dnlﬂtﬂrtraiu — {(Dirq Diiﬁ)n NP (D}Er., Dl::)} I * ] . i — @ “
Di" = {(@1.v1)s- - (@ i)} (ehouh) (@5 98) (ahvs) @
I
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The Reinforcement Meta-Learning Problem (Meta-RL)

e Reinforcement Learning (Deterministic View):
0* — arg max EWG () [R(’T)] M = {S’ A) P. 7"} Markov Decision

6 Process

e Reinforcement Meta-Learning (Deterministic View):

0* = arg meaxz Er, () [ (7)) where ¢; = fo(M;)
1=1
e Meta-Training: Distribution of Markov Decision Processes (MDPS)

{M17 Ce 7M7’l} M, NP(M)
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Meta-RL: Recurrent NN optimized via Proximal »»?
Policy Optimization

Recurrent Neural Network PPO Optimization

L (6) =

Controller Dynamics
J'J_"“iri:—l—l — qfﬁ(hﬂv D]‘l):

h(x) | h(x)|[ | h(x)

e

T
[min(rt (G)A:B’{, clip(r;(0),1—€,1+ E)A:Bk ]
=0

o

Probability Ratio

_ mg(a|se)
e(8) = g, (At|St)

A>0 A<O
LCLIP 1—}6}

—~

LCLIP

(X1,0) (X2, Y1) (X3,Y2) Xtest

The recurrent model store features of which |
environment we are currently in 0 L1+

Up = Hﬂ(hﬂu ﬂﬂ.j A
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From Sensor Data to Action: Policy Gradient ddq
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

o Integrate both attitude and trajectory guidance and control
o Integrate Hazard Avoidance

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

o Solve Partially Observable MDP (POMDP)
o Use a new Proximal Policy Optimization (PPO) method

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

o Develop a Deep Reinforcement Meta-Learning for adaptation

\
\ ¢ .
\ [ N\ \
\ \\} \ \u \\ \13 \,\
\ N Y \ - ‘
i I\ kg R N| o = . o
3 3‘\’ 3 3 - =% I3 dense fense - = - -
\ N - \
\ d \ | )
384 \ 256 To%¢
M
4096 40%6

Thrust on/off

Input Images
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Image-Based Pinpoint 3-DOF Lunar Landing: Problem ?»??

Statement

e Objectives

e Provide guidance
command in a
pinpoint lunar landing
scenario

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

o Use optical and radar
altimeter sensors

e Robust to uncertain
dynamics (gravity and
spacecraft mass)

e Robust to actuator
failure

Dynamical model Spacecraft model
e Thrust
=V o Throttable
1'7=g+1 0<T.. <T<T o 3-axis control
m e max e Sensors
o= — Tl o Camera: boresight always assumed perpendicular
Isp90 to the ground

o Altimeter: providing altitude and vertical rate

r'y Z
T + Altitude

Lateral
thrust

1
Downrange /

Crossrange Main engine

A Space Systems
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Moon Landing Problem: Lunar Surface Simulation via » ??

VisualEnv

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

e DTM used to create displacement of the ground

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

o Use a rough material to simulate lunar regolith

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

e Camera
o Focal length: 50 mm
o Resolution: 32x32 pixels
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Deep Neural Network Architectures

Policy Network Critic Network

. ' y verr ’th 'TZ
' |
FC1-60
y A 4
Image input r FC2-17
(32x32, 8 bit normalized grayscale) zr°2
4 l a4 Input links Linear Activation Qutput link
Convolutional layer 1 FC1-30 FC3 -5 (dendrites)  combination  function (axon)
Conv2D 1
Filters: 32, Stride: 2
d— : Perceptron
Filters: 32, Stride: 2 FC4-1
Convolutional layer 2

Conv2D 1
Filters: 32, Stride: 2 V -
Conv2D 2 W
Filters: 32, Stride: 2
reset gate
¥ h,
GRU~-73
FC2 -30 \ Unfold _’!,__ 2 .
sourc? pixel
FC3-3
l T, &I, x, Teiy
update gate
T Single RNN layer GRU cell
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Reward Function

Control effort Successful landing

r = a||v — Viarg|| + BIFpll + 1+ k(; <0 and |7l < 1y and vl < vyim)

Velocity vector field Steps incentive
Hyperparameters
r t
Vtarg = "o (llf-ll) [1 - P (_%)]
100 20 100 -0.01 -0.05 0.01 10
17l
C T - - ty
® Penalizes error with target velocity field v.,,, (reward
_ shaping)
",?.” _ r— [0 0 5] "f > 5 o Velocity field based on gaze heuristic potential function = keep
0 0 r,] otherwise velocity aligned with line of sight
® Penalizes control effort Fg

v—[0 0 =2]if r,>5 Gives positive incentive to perform more timesteps n
v—[0 0 —1]otherwise (penalizes constraint violation)

_ ® Gives a bonus for successful landing k
= ['rl if r,>5

T, otherwise

=
|
——
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Closed-Loop meta-RL Guidance Results

Meta- Training

- Mean R - SD R — MinR e Max Steps @ see-- Mean Steps
AT 1 | l“ll "||:‘|“".' {
0 A | > : :
A 1 " | ' r l ' | .'H & l l - 400
50 4,8 ™ | = T
ok At e i R e bt e il |
=100 + - pow— o ,sﬁ.,. ey \,...: {.....,,, .,,.__.,\ s ‘.')J'\'l AT \;L’d,.q...,.-gx-\r,~ - 300
=150 - ’ .."...' ! | ) ‘. ! ! ! ! 500
2004+
0 2500 5000 7500 10000 12500 15000 17500 20000
Episode
Monte Carlo Performances (100 trajectories)
U o U o
20000 1.25 0.10 1.18 0.87 123.46

200

Scorsogllo A., D’Ambrosio, A., Ghilardi, L., Gaudet, B., Curti, F. and Furfaro, R., 2022. Image-Based Deep Reinforcement Meta-
Learnmg for Autonomous Lunar Landing. .Iournal of Spacecraft and Rockets, 59(1), pp.153-165.
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Extension: 6-DOF Meta-RL GNC with Autonomous ddle
Hazard Avoidance/Landing Site Selection (I)

Stabilized Seeker Velocity | Verr, Equations of motion
Field Logic o
sonsor | ™ | ytem 588y | 2 Translational Rotational
Ve =
6, *E 2 r; = VvV, [ Go | (g0 —q1 —q2 —q3 | [ 0]
Pointing Gimbal Stabilization 0 8 u % F Ak G| _l|la@a g —-a@ @ W
Controller Gimbal Controller v - S Vi = NT n q2 21 g g Q@ —q w1
’ c L L — g | g3 | g3 —q2 q1 do 1 L w2 |
© = m
8 k()
q = 2. IFE
o — b= —0Jw — J
Attitude Estimation dq 3 IspGres Jw wIw —Jw + Lp
m r
Force model

Fnx|=[Cp N(q)]T Fp— Fp® =d®@u®

k
L Fp=Y FW () = o Jused(®)
; B f-'m'”[t) - ﬂi': fﬂ']‘,ﬂ;!.‘
ko o
LB = Z(I‘(I) — rcam) X FE]
| i=1
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Extension: 6-DOF Meta-RL GNC with Autonomous ddle
Hazard Avoidance/Landing Site Selection (Il)

Stabilized Seeker “Vaboky | Verr, Thrusters model
ield Logic =
- —— : t+ 0t [ .
Imaging Landing Site Selection r ) RT
Sensor — System (LSSS) 5 r.%' ucmd — Chp(umﬂ;muﬂa Umin, uma:r)
C —
= () : . . :
0, T L : 1u lf e
Pointing Gimbal Stabilization é u % u(%AF) _ emdSAF f atl and ¢ LAF
Controller Gimbal Controller v - = AF (7) th .
‘ = I'E u cmd otherwise
8
; : Actuators and seeker la
O
Attitude Estimation dq e u g
w
0 = Ugpr — U
Tetrl
Seeker model
5 _ Bt
Tseeker
. é'u - gu
| ~ 9, —
r= ||rTL|I ? Tseeker
| i~
'. & __rTL‘VTL . r—r
c ||r || Tseeker
fL Ve — U
T:JE — i i
Tseeker
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Landing Site Selection System (LSSS): U-net Design > ??
and Training Results

UNET

(x,y.64)

I ENCODER DECODER

g (x/2,y/2,128)
| I I
g (x/4,y/4,256) (x/4,y/4,256) o
% o
£ - - metric value [%]

ol  omymsin oz 1. Accuracy 91.78
ﬁl_l I _| Precision ~ 91.32
- - Recall 89.99

F1 Score 90.65

£ IoU 82.90

8 (%/16,y/16,1024) -
2 z
E
x

-t

® New landing site
e  Previous landing site

LSSS pipeline
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6-DOF Meta-RL Closed Loop GNC: Training, > > )
Validation and Testing

. . . Initial landing segment Final landing segment
Training campaign

0 ? e - : Average Reward
b ki é"‘s i q‘fMﬁrﬁf{{W 100 == inimum Rewar
Max divert range tested (6): [0.05,0.1,0.15,0.2]p 250 " %@’,} fé[ WW M Rewaid
—500 ! "‘-AW#" s ) ~ K
5 Miss [m] | |[vz| [m/s] | max(|q|) [deg] | max(|w|) [deg/sec] | max(f,,) [deg] % . ?F ﬁ i ;é‘ 0
& -m M )
v o v o v o v o v o 000 ! A
0.05 | 406 032|169 0.12 | 0.84 3.01 2.65 2.64 85.00 2.65 1950 ?1 | ;‘i’szmR;":vr;d —100
0.10 | 390 0.62 | 1.78 0.11 | 3.38 2.93 2.99 2.80 82.03 5.12 - | T gt mpn S e 150 s E B
0.15 [ 3.38 0.74 | 1.79 0.10 | 6.94 2.67 3.32 2.96 82.38 4.10 Episode Episode
0.20 | 2.78 0.89 | 1.79 0.10 | 6.81 4.13 3.48 2.64 82.16 4.41

- s —
5] O
= =
g 2 | SEY =gl .
\cu/ 1.50 1.75 2.00 60 70 30 90
a0 Terminal Speed (m/s) Glideslope (degrees)
= O 5 & ]
O Bl 99 Percentile ~ \ - .:" 7. = =
© =2 = 30 * = . | & 4 |
s Meoan 0 5 10 15 0 10 20
_4- = - & Max(Terminal Rotational Velocity) (deg/s) ~ Max(Terminal Pitch/Roll) (degrees)
—9 0 0

Downrange (m) A Space Systems

_| Engineering Laboratory




LSSS Performance (l)

Seeker camera

Range to targ_e: 1500 m

® Previous Landing Site
@ Next Landing Site

afige to target: 1300

£
@ Current Landing Site: [423, 206, -2] m

Body-fixed camera

® Previous Landing Site
@ Next Landing Site

Previous Landing Site
® NextLanding Site

Divert maneuvers

Dol o

P -
® Previous Landing Site |
® Next Landing Site

. @ Previous Landing Site
® Next Landing Site

® Previous Landing Site _ = e
® Next Landing Site ® Previous Landing Site
g — @ Next Landing Site

@ Previous Landing Site

@ Next Landing Site ® Previous Landing Site

@ Next Landing Site

®

® Previous Landing Site
® Next Landing Site

M -
qRange to target: 100 m| . =
4

L N
.
@ Previous Landing Site
- b ® Next Landing Site
. ' . - - .

® Previous Landing Site
@ Next Landing Site
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LSSS Performance (ll)

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

A Space Systems
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Meta-RL: Challenges and Future Directions

e Challenges

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

- Expensive to train in operational
environments

o RL-based systems are not certifiable with
standard practice

. No Gain/Phase Margin available
e Present/Future needs

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

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

o We discuss two approaches
. Guidance Gain Adaptation via Meta-RL

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

Space Systems
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Fractional-Polynomial Powered Descent Guidance ? P
(FP?>DG): The Analytical Backbone for Gain Adaptation

e Introduced by Ping Lu (2019, JGCD) the general FP?PDG generalizes the heritage into
a two-parameters family

o General approach: Given the current state r(t), V(t) solve for ¢, ¢, using the thrust

acceleration profile a; = clqbl(tgo) + cngz(tgo). Set the reference acceleration
profileto be a,; = a’%f + czt;/ into the tracking law on arrives to the closed-loop

0,
acceleration command

k . yk v+ 1 k k
EIT:}"|: 4 ]i|ﬂrf | |: rz]—;f—]i|g | r + ](]—? L ){V}—V]—l—%{rl‘}i—r—i"fgﬂ]

2y +2) 2(y + o + 2 g0

e This equation represents a family of two parameters guidance laws fory > 0, k,. >

2(y +2)
A\
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Approach: Meta-RL tuning of the Guidance Gains

e FP?DG defines a family of guidance
behaviors parameterized by k,.and y

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

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

Meta-RL

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

e The controller adapts k..(t)and y(t)
online using state history (memory)

e This enables robust, constraint-aware
guidance while preserving the analytical I
structure [.&
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Learning Behavior: Return Improves and Episode ) )
Stabilizes

. . Episode Length During Trainin
Episode Return During Training P 9 9 9

100 r— "
10
90
5 o
o 80
n
C Tme—
= 0 < 70
rr D Episode Length
x -5 Episode Return § 60 —— Episode Length (smoothed)
% Episode Return (smoothed)
o Y 50
@ ~10 S
o wn
5 40
H 15 &
30
—20 50
0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4
0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4 Timesteps leb

Timesteps le6

o Training return improves after the early exploratory phase.

o Episode lengths converge toward the full-horizon regime as successful landings
dominate.

e The base constrained case is the hardest of the final runs.
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What Does the Recurrent Scheduler Learns

] o 3D Trajectories
o Trajectory ensemble indicates that the learned

scheduler generates a coherent family of descent
paths

o Recurrent policy does not converges to a constant
pair k.., y. It learns smooth state-dependent
schedules.

S ~100Q0
_20—09800% — L1008b®
K(t) for all episodes X [m]]OOQRm.mzoooo

Gammal(t) for all episodes

gamma

10

i t .
0 20 40 60 80 100 0 20 40 60 80 100 A
t [s] °
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Quantitative Summary from the Saved Final Runs

Run success rate  ||[r — 7| [m] |lv—vf| [m/s] fuel proxy kg]
FINAL_constraint 0.856 0.044 + 0.027  0.185 £ 0.102 15328 + 594
FINAL_higher_thrust 0.992 0.027 £ 0.016  0.119 £ 0.066 15668 + 545
FINAL initial condition 0.990 0.040 £ 0.023  0.178 £ 0.096 14767 £+ 629

1000

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

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

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

Table 1: Key setup parameters extracted from the saved final run configurations.

Run Tiax [KN] 6,5 [deg] nominal vg, [m/s] best eval mean return
FINAL constraint 800 85 —140 9.855
FINAL_higher_thrust 1000 30 —140 9.817
FINAL initial condition 800 80 —100 9.860

Count

800

400

200

Histogram: pos_err

0 2000 4000 6000 8000
pos_err
Histogram: fuel proxy

[ | II I ‘ | “ | | l i
25 30 35 40 4

fuel proxy
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System Certification: Physics-Informed A4

Reinforcement Learning & Lyapunov Function
o Stability of RL-based agents is rarely studied and certified 2 needed for wider adoption

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

e Idea: Use PINNSs, Lyapunov stability and dynamical system identification to create a
procedure for training and certifying neural networks to increase their safety and

explainability.

[ HJB }
. ]

Reinforcement
Leaning

..

"‘,ﬁ

[ Lyapunov Stability ]

J

o

[ Dy?:::ﬁ;é;?;:em } [ Explainable models ]
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A-posteriori Stability Certification of RL-based Controllers > )
via System ldentification of Non-Linear Dynamics (SINDy)

138

1z y zalzyzzy® 22 G &&—T

PySINDY 1. ldentified closed loop system and

I. True Lorenz System

Y z- :
ot bl £ stable controller
- z [ 11 0] [-2.6665]
@ ‘xx' [ 1 I 0] [ 0] . o
. A TR Identified control
Ml = ¢ 28 8¢ o (&1 = f(z1,22,23,24) = — 7
mrlouLoui o8 wz—g(w 72,3, %) -
| = i Sparse Coefﬁcient:; of Dynamics h(.ﬁC , Lo, XT3, T 4)
% = { @ =k(@1,e2,w3,04) Check Lyapunov stability
B d 1 g | A _
i o) V = g(z1, 72, 23, 74) z(x1,22,x3,24) > 0

III. Identified System

. . : & = O(x")& d
. . zY i Y., Yy z2 §:2 ol B 1 gy = @(XT)& k E (f th) = 2(3:1333233735334) q(m].? ',1;27 w37 m4:) < O

2. Stability certification of RL-based
controller

g
wﬁ*fwwWMwmeA @
I

' Mrefrrern it e
| y ) y ! y
"

IL SparseRgre ion to Solv fo Ach Trmsmth Dynamcs

. Solve the sparse
[ data | X — @(X_)E regression problem R E Z(:Elj 332’ 3:3’ 3:4) > 0

T
l V = (%) (f(x) + g(x)urr(x)) <0
k= f(x) =2 (O(x"))" | |

Brian M. de Silva, Kathleen Champion, Markus Quade, Jean-Christophe Loiseau, J. Nathan Kutz, and Steven L. Ident|f|ed SYStem RL age nt Output

Brunton., (2020). PySINDy: A Python package for the sparse identification of nonlinear dynamical systems from 8
data. Journal of Open Source Software, 5(49), 2104, https://doi.org/10.21105/joss.02104 )Oratory
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The Axisymmetric Satellite Attitude Control Problem

A
n3

Euler equations for axisymmetric spacecraft h A
3

1 = amxy + uq

To = —amxi + uo

T3 = mTyq + Tox324 + (1/2)(1 + 33% - 5’?3)

. 2 2
T4 = —mx3 + 12324 + (x2/2)(1 + x5 — x3)
° ﬁl
With:
X — [5[?1,55'2,173,3)4] — [(Ul,(dQ,”bUl,wQ]
A
W1 = awawsg + U1 °;
Wo = —awiwszp + U9
_ B
w1 = m

ng = 042)1 -+ 662 + ’}/?)3
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Numerical Results: RL Agent Training ()

e Trained for 1.5M steps

o Critic losses show that it effectively
learns the value function

e The reward history reaches a plateau,
showing convergence

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

o 100 trajectories
o Randomized initial conditions
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Numerical Results: RL Agent Training (Il)

e Trained for 1.5M steps

e Critic losses show that it effectively
learns the value function

e The reward history reaches a plateau,
showing convergence

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

o 100 trajectories
o Randomized initial conditions
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Numerical Results: SINDy identification of the ddle
Closed-Loop Dynamics :

e Model constrained to 3 order. Coefficient .
threshold set to 0.1.

jﬁ_==f($1,$2,$3,$4):=-—{L735$1-—(l360$3-%(1213$4-+(1364$2$3$4
.’1'3'2 — g(zcl, L9, L3, $4) = —0.568332 — 0.187333 — 0.263334
i3 = h(x1,x9,x3,24) = 0.521 — 0.524 + 0.5;1:13:§ — 0.5z124 + 1.0z9324

4 = k(x1,T2,23,24) = 0.529 + 0.523 + 1.0z12324 — 0.5:192333 + 0.5z92% .

0 2000 1000 G000 8000 10000 12000 14000
Sample

o 2INDy
RL

(/ th) =V = z(x1,T2,23,%4) = 2.2503:% + 2.331z123 — 0.854x124 + 2.5923:%

+ 1.140z973 + 2.6427274 + 3.00625 + 0.1387374 + 3.1507% — 0.4357772
— 0.316x%z4 + 0.283x122 + 0.204z 2314 + 0.8222223 — 0.405222 4
+0.4102922 — 0.492z97324 — 0.1547322 + 0.17022
V = q(x1, T2, 3, 24) = —1.58422 — 0.606x 23 + 0.145x124 — 1.43125 — 0.479z224 A3
_ 1.1543:% = 1.1363:3: ol o2 * y ; " "

time [s]

Ty

Ty

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)
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Numerical Results: Analytical/Explainable > >
Asymptotically Stable Controller

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

e The recovered control is therefore guaranteed to be Asymptotically Stable.

e The control law is recovered by subtracting the known equations of motion from the

recovered model:.

ul(ml, To, I3, .’E4) = —0.735x1 — 0.3602x3 + 0.213x4 + 0.36422x324 + 0.25029
’ZLQ(.’L‘l, L2,X3, .’E4) — —0.568332 — 0.18733‘3 — 0.26335’4 — 0.250331

e RLin this case is used to . o
discover the control law, which o
is then recovered using SINDy.
The resulting control has a
simple and explainable
analytical form
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Numerical Results: RL-based Stability Certification

e 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.

e The V and V are computed by exploiting the chain rule of differentiation (using u given by

the RL controller directly):
. d a 8 a T 8 a g
Vip() = 2 = (g2 ) 98— (T ) (£(@) + gl

o I/ and V are strictly positive
and negative respectively over
sampled points in the domain. >

e The conditions for Lyapunov
stability are satisfied, which

proves that I/ is a Lyapunov s

LI

. Ea | 4
e - b 4 ﬂ“'"
- 4 e e R, ' . + 4
T e L Y R M,
ok "l f

ry T
4

- ™
~

T
R
L, -

function for the closed loop gt RS R S AR a THSR Y T s g
° _ - ., .. .’ ': " .-. ’ et . T --h.. Corantem .':.--:.:-'.-‘.
system, so the controller is e ' ' S
° {I] E{]l{]{] H]l{]{] [j{]l{]{] H{]l{]{] 1{]{]|{]{]
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