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Designing, Training, &
Deploying Neural Networks via

nnooely



Motivation nnodel y

Dynamics learning, control & estimation of physical systems

Rapid prototyping of physics-guided, physics-encoded, physics-informed NNs

Support professionals with classical modeling backgrounds to design
Physics-Embedded Machine Learning

* Arepository of incremental know-how & examples in various applications

Physics-Guided Inputs, Data, Physics-Encoded Architecture Physics-Informed Loss
and Representations : .

! L= £physics + ['data
= ‘ / \

() S

(g) (% bound. cond. physics

D > o —>  ||z(0) — zo||? models

i T IF = mi]|?

40 o 7

2= iy ODE/

a4

pre-trained or F;=mx; F=>.F,

Lraw non-trainable : physics layers physics connections

-
~ PDE B se
|z — f(z,u)||® gr—



Software Pipeline

GitHub

https://github.com/tonegas/nnodely
(star it if you like)
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https://github.com/tonegas/nnodely
https://github.com/tonegas/nnodely

Installing NNodely is very simple

From terminal:
plp 1nstall nnodely

nnooely

PyPi page:
https://pypi.org/project/nnodely/1.5.5.dev2/



https://github.com/tonegas/nnodely

nnooely

Model-Structured

Neural Networks:
Examples in Autonomous Racing



Autonomous Vehicle Racing

Testbed for Autonomous Driving

Circuits are safe environments

Operation in emergency scenarios

Open Challenges

Nonlinear vehicle dynamics

Decision-making in adversarial scenarios
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Motion Generation, Control & Dynamics Learning
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Model-Structured NN
to Learn the Longitudinal
Vehicle Dynamics
from Limited Data



Dynamics Learning — Longitudinal Dynamics

* Inputs: pedal p € [-1,1], speed v,

11



Dynamics Learning — Longitudinal Dynamics

* Inputs: pedal p € [-1,1], speed v,
« Output: longitudinal accel. a,
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Dynamics Learning — Longitudinal Dynamics

* Inputs: pedal p € [-1,1], speed v,
« Output: longitudinal accel. a, ——— naive MLP a, = NN(p, v,)
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Dynamics Learning — Longitudinal Dynamics

* Inputs: pedal p € [-1,1], speed v,
* Output: longitudinal accel. @, —— naive —

We actually know the vehicle dynamics!
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Dynamics Learning — Longitudinal Dynamics

* Inputs: pedal » € [-1,1], speed v,
« Output: longitudinal accel.

ax:l FZ’
m i

M. Da Lio, D. Bortoluzzi, G. P. R. Papini “Modelling longitudinal vehicle dynamics with neural networks”, Vehicle System Dynamics, 2019

15



Dynamics Learning — Longitudinal Dynamics

* Inputs: pedal » € [-1,1], speed v,
« Output: longitudinal accel. a,

1 1 >
Iy = — ZFi = [Fxf(p )+ Fx,(p) — kg vy

M. Da Lio, D. Bortoluzzi, G. P. R. Papini “Modelling longitudinal vehicle dynamics with neural networks”, Vehicle System Dynamics, 2019

16



Dynamics Learning — Longitudinal Dynamics

* Inputs: pedal » € [-1,1], speed v,
« Output: longitudinal accel. a,

1 1 >
Iy = — ZFi = lFxf(p )+ Fx,(p) — kg vy

Uz —> ()2 >

Neg-

ReLLU
Dk

M. Da Lio, D. Bortoluzzi, G. P. R. Papini “Modelling longitudinal vehicle dynamics with neural networks”, Vehicle System Dynamics, 2019
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Dynamics Learning — Longitudinal Dynamics

* Inputs: pedal » € [-1,1], speed v,
« Output: longitudinal accel. a,

1 1 >
Iy = — ZFi = lFxf(p )+ Fx,(p) — kg vy

Uz —> ()2 >

Neg-

ReLLU
Dk

M. Da Lio, D. Bortoluzzi, G. P. R. Papini “Modelling longitudinal vehicle dynamics with neural networks”, Vehicle System Dynamics, 2019
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Dynamics Learning — Longitudinal Dynamics

* Inputs: pedal » € [-1,1], speed v,
« Output: longitudinal accel. a,

1 1 >
Iy = — ZFi = lFxf(p )+ Fx,(p) — kg vy

vwk—) .

[Pk—m coe ,pk]_

Neural Finite Impulse
Response (FIR)
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M. Da Lio, D. Bortoluzzi, G. P. R. Papini “Modelling longitudinal vehicle dynamics with neural networks”, Vehicle System Dynamics, 2019



Dynamics Learning — Longitudinal Dynamics

* Inputs: pedal p € [-1,1], speed v,, gear g
« Output: longitudinal accel. a,

ﬂx=%ZR‘:%[Pxf(P,g)+Fx,,(P)—kde2 ]
i

VUzp—>|( -

[Pk—m coe ,pk]_

M. Da Lio, D. Bortoluzzi, G. P. R. Papini “Modelling longitudinal vehicle dynamics with neural networks”, Vehicle System Dynamics, 2019
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Dynamics Learning — Longitudinal Dynamics

* Inputs: pedal p € [-1,1], speed v,, gear g
« Output: longitudinal accel. a,

ﬂx=%ZR‘:%[Pxf(P,g)+Fxr(P)—kde2 ]
i
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M. Da Lio, D. Bortoluzzi, G. P. R. Papini “Modelling longitudinal vehicle dynamics with neural networks”, Vehicle System Dynamics, 2019
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Dynamics Learning — Longitudinal Dynamics

* Inputs: pedal p € [-1,1], speed v,, gear g
« Output: longitudinal accel. a,

ﬂx=%ZR‘:%[Pxf(P,g)+Fx,,(P)—kde2 ]
i

VUzp—>|( -

[Pk—m coe ,pk]_

M. Da Lio, D. Bortoluzzi, G. P. R. Papini “Modelling longitudinal vehicle dynamics with neural networks”, Vehicle System Dynamics, 2019
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Dynamics Learning — Longitudinal Dynamics

 Inputs: pedal p € [-1,1], speed v,, gear g, steer o, lateral accel.
« Output: longitudinal accel. a,

1 1 ) .
b= ZF,- = — |Fy(p, ) + Fx, (p) ~ ka0 = Fy sin(0)

[Pk—m s ’pk]_

7 (X)-<— sin(-) 4—% <— 0}




Dynamics Learning — Longitudinal Dynamics

 Inputs: pedal p € [-1,1], speed v,, gear g, steer o, lateral accel.
« Output: longitudinal accel. a,

_ 1 1 ki0.2—F,. si
ay = ZFZ = [Fxf(p,g)+13xr(p) kg vx” — Fy, sin( )]

Vay, 2b L =» Combination of NCMs ¥,
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Dynamics Learning — Longitudinal Dynamics

Signal %
100

—— Acceler. (unstructured)

- Accel. (structured)

50

—— Measured acceler.

- time[s] __ Gear (x10)

— Brake

-50

MS-NN (“structured”) versus General-Purpose NN (“unstructured”):
MS-NN is more accurate on unseen data

25

M. Da Lio, D. Bortoluzzi, G. P. R. Papini “Modelling longitudinal vehicle dynamics with neural networks”, Vehicle System Dynamics, 2019



Dynamics Learning — Longitudinal Dynamics

ms™2
JEZ — Noise
__— — Unstructured
1 |
—t — Structured
L 0.100} L Ty ' — Signal
Power Spectral Densities "*‘| »
0.010 .
0.001
J f H
0.01 0.10 1 0 ISTEUED L]

 MS-NN’s residuals have lower power = better dynamics learning

« Signal-to-noise drops after 2-3 Hz = Only noise / vibrations beyond 3 Hz

Can we exploit this in the MS-NN design?
26

M. Da Lio, D. Bortoluzzi, G. P. R. Papini “Modelling longitudinal vehicle dynamics with neural networks”, Vehicle System Dynamics, 2019



Dynamics Learning — Longitudinal Dynamics

. If our frequency content is concentrated in 1—-3 Hz (0.33 s),
then a past history of 3 —5 - 0.33 = 1 — 1.5 s is enough for dynamics learning

« Weselectn = m = 25 and a samplingtime of 0.05s =2 n-T; = 1.25s
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Dynamics Learning — Longitudinal Dynamics

 In principle, we can design n different from m based on the time-scales of the
longitudinal and lateral vehicle dynamics

* For higher values of n and m we risk overfitting ,non-physical® information!

Uzp—>( -
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Dynamics Learning — Longitudinal Dynamics m0de| y

Implementing this in NNodely is very simple: you find it here!

#Create neural model inputs

velocity = Input('vel')

brake = Input('brk')

gear = Input('gear')

torque = Input('trq')

altitude = Input('alt',dimensions=na)

acc = Input(‘'acc')

# Create neural network relations

air_drag_force = Linear(b=True)(velocity.last()**2)

breaking_force = -Relu(Fir(W_init = 'init_negexp', W_init_params={'size_index':08, 'first_value':0.002, 'lambda':3})(brake.sw(n)))
gravity_force = Linear(W_init='init_constant', W_init_params={'value':0}, dropout=0.1, W='gravity')(altitude.last())

fuzzi_gear = Fuzzify(é, range=[2,7], functions='Rectangular')(gear.last())

local_model = LocalModel(input_function=lambda: Fir(W_init = 'init_negexp', W_init_params={'size_index':0, 'first_value':0.002, 'lambda’':3}))
engine_force = local_model(torque.sw(n), fuzzi_gear)

# Create neural network output

out = Output('accelleration', air_drag_force+breaking_force+gravity_force+engine_force)

# Add the neural model to the nnodely structure and neuralization of the model
vehicle.addModel('acc', [out])

vehicle.addMinimize('acc_error', acc.last(), out, loss_function='rmse')
vehicle.neuralizeModel(9.05)



https://github.com/tonegas/nnodely-applications/blob/main/vehicle/model_longit_vehicle_dynamics/model_longit_vehicle_dynamics.py

Questions & Discussion

Questions are welcome!

Let’s discuss ideas, challenges
and perspectives!

30
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Model-Structured NN

to Learn the Coupled

Longitudinal-Lateral
Dynamics from Limited Data



Dynamics Learning — Combined Longit. - Lateral Dynamics

« Combined nonlinear longit.-lateral dynamics learning near the vehicle limits

Raceline Tracking
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Dynamics Learning — Combined Longit. - Lateral Dynamics

 MS-NN-long to learn the combined longitudinal dynamics

* MS-NN-lat to learn the combined lateral dynamics

O ol MS-NN-full

)
[6k—gs - - - s 0k] o— MS-NN-lat 0"
[awk_q,T..,awk]
Qk—r,...,0
[Zk—l"r azk] [ ot k]
a
[vwk—r’ <o avwk]o > MS-NN- lOIlg "—’gk
S
0;. o

A. Mungiello, [...], G. P. R. Papini, M. Piccinini, “Vehicle Dynamics Learning From Physics Priors With Model-Structured Neural Networks”, IEEE OJ-ITS, 2026 33



Dynamics Learning — Combined Longit. - Lateral Dynamics

* Inputs: speed (v, ), steer angle (&), motor current (i), road slope (8)

« Outputs: yaw rate (Q), longitudinal acceleration (a,)

O ol MS-NN-full

)
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A. Mungiello, [...], G. P. R. Papini, M. Piccinini, “Vehicle Dynamics Learning From Physics Priors With Model-Structured Neural Networks”, IEEE OJ-ITS, 2026 34



Dynamics Learning — Combined Longit. - Lateral Dynamics

MS-NN-lat to learn the combined lateral dynamics

Neural compositional modules to learn the

,U-'Bge—q Quasi Steady-State i .
o S—— o guasi steady-state behavior
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A. Mungiello, [...], G. P. R. Papini, M. Piccinini, “Vehicle Dynamics Learning From Physics Priors With Model-Structured Neural Networks”, IEEE OJ-ITS, 2026 35
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Dynamics Learning — Combined Longit. - Lateral Dynamics

MS-NN-lat to learn the combined lateral dynamics

Transient Dynamics
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NCMs to learn the transient dynamics -

Newton's laws say they depend on v,, a,,

so we can leverage this information

1.01
\_’ P (0

—_— o~

. 0.91

vy [m/s]
11
\_ () (125}
- e
O I \
—4 —2 0 2 4
a; [m/s?]

A. Mungiello, [...], G. P. R. Papini, M. Piccinini, “Vehicle Dynamics Learning From Physics Priors With Model-Structured Neural Networks”, IEEE OJ-ITS, 2026 36



Dynamics Learning — Combined Longit. - Lateral Dynamics

MS-NN-lat to learn the combined lateral dynamics

Transient Dynamics

o ¢11<'1w7%> « Can we interpret the FIR layers? YES!
Umk_
’ Quasi Steady-State %:
’l)x T T T T T T T T
L Y | F11 O 14+ —e— [ Layer Fy; Layer
[6"7—4’ s ’516 S 5(5, Vg, ax) . o o o — 1ol —.—F12 Layer —Q—FQQ Layer
amf“" Ynyn, (Vz, Gz)
[ Oay, %:
..... [P g
T G
' o >
5(6, vz, az) ¥111(6, Vz, Oz)
5111(0, Vz, Gg) G i
. \ & -
e 0 0 +) 0 :
> ¢n6nunz (6’ Uz, a'w) e I 1 I 1 1 L 1 | I
2 4 6 8 10 12 14 16 18 20
Snsnyn, (0, Vg, Gg) ~<«—— Fully connected weight index —=——>
past present

A. Mungiello, [...], G. P. R. Papini, M. Piccinini, “Vehicle Dynamics Learning From Physics Priors With Model-Structured Neural Networks”, IEEE OJ-ITS, 2026 37



Dynamics Learning — Combined Longit. - Lateral Dynamics

Better generalization with small training sets than general-purpose NN (G-NN)

Large Train. Set  Medium Train. Set ~ Small Train. Set

Models Metrics Train. Valid. Train. Valid. Train. Valid.

RMSE | [rad/s] 0.147  0.154  0.159 0.158 0.181  0.181
FVU | [-] 0.056  0.060  0.059 0.063 0.088  0.066

MS-NN-bench [15]

) RMSE | [rad/s] 0.081 0.122 0.079 0.110 0.088 0.134
MS-NN-Ablation 1
FVU | [-] 0.014 0.033 0.012 0.032 0.019 0.053

RMSE | [rad/s] 0.085 0.116 0.084
FVU | [-] 0.016

MS-NN-Ablation 2

A. Mungiello, [...], G. P. R. Papini, M. Piccinini, “Vehicle Dynamics Learning From Physics Priors With Model-Structured Neural Networks”, IEEE OJ-ITS, 2026 38



Dynamics Learning — Combined Longit. - Lateral Dynamics

Quick adaptation to new conditions by fine-tuning specific sub-modules
« 20 sec of new data: different tires / changed mass

* Selective fine-tuning of lateral and longitudinal dynamics parameters

Test Case Models Yaw Rate {2: RMSE (FVU) Long. Accelerat. a;: RMSE (FVU)
Zero-shot — Fine-tuning Zero-shot — Fine-tuning
G-NN 0.147(0.050) — 0.107 (0.027)  0.614 (0.485) — 0.380 (0.185)
Tire set 1 MS-NN-bench 0.102(0.024) — 0.096 (0.022)  0.462 (0.275) — 0.425 (0.233)
MS-NN-full (ours) 0.172(0.068) — 0.085 (0.017) 0.531(0.363) — 0.395 (0.201)
G-NN 0.110 (0.067) — 0.070 (0.027)  0.624 (0.537) — 0.368 (0.187)
Tire set 2 MS-NN-bench 0.079 (0.035) — 0.059 (0.019)  0.373(0.191) — 0.347 (0.166)
MS-NN-full (ours) 0.129(0.093) — 0.053 (0.015) 0.468 (0.300) — 0.334 (0.153)
G-NN 0.088 (0.061) — 0.046 (0.017)  0.489(0.974) — 0.329(0.441)
+10% Mass  MS-NN-bench 0.072 (0.042) — 0.053 (0.023)  0.396 (0.639) — 0.375 (0.572)

MS-NN-full (ours)

0.075 (0.046) — 0.045 (0.016)

0.398 (0.648) — 0.290 (0.344)

A. Mungiello, [...], G. P. R. Papini, M. Piccinini, “Vehicle Dynamics Learning From Physics Priors With Model-Structured Neural Networks”, IEEE OJ-ITS, 2026 39




Dynamics Learning — Combined Longit. - Lateral Dynamics

Implementing this in NNodely is very simple: you find it here!

nnodely

40


https://github.com/tonegas/nnodely-applications/tree/main/vehicle/model_combined_vehicle_dynamics_RoboRacer

Motion Generation, Control & Dynamics Learning

A

Xk

@ Feedback Longitudinal ﬂ Veh1?1§
> r il g — =\
Y | Uy, Controller D @@=l ) )
Trajectory A
Planner A
| @ > Feedforward Steering -
)5 Controller Ot : on .
(aypvx7aajyaz)k,...,k—|—q 5fbk pSk
Feedback Steering
Psi. > Controller <

State Estimation <—|

41



Motion Generation

Trajectory
Planner
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Motion Generation

« Minimum-time trajectory planning on a long receding horizon

« Capture the nonlinear vehicle dynamics and performance limits

43



How Do We Execute the

Planned Trajectories?



Steering Control

| @ Feedforward Steering

Controller

O

k
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Steering Control

« Output: steering wheel angle 6;f,

'5ﬁk

>
time
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Steering Control

: inputs} () Uz
« Output: steering wheel angle 65, P L@/@%’““
: : q =k (/.(//‘- q
« Inputs: future reference trajectories
O 0 Ay, O~
,_ N awk k+... \O
Q =g 7 ) +g | (/(// (/(// amk+q
O axk o _axk’ o o oy axk_i_q‘ $5ﬁk
3 k >
O Azk = |8z, -0z, | <> time
: : T,
= NN
O 'ka — _ka,...,vxk+q_ a’Zk+q
o= Azpt...
a,zk Zk+1
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Steering Control

« Baseline controller: Model-based design
Ok = Okin (a’yk ) vwk) + dus (ayk) T 53X(a’yk 9 a’ivk) + doff

« Simple structure but limited performance

* |dea to improve: Model-Structured Neural Network

48



Steering Control

Two incremental model-structured NNs

MS-NN-base: pure lateral nonlinear dynamics (2D road)

Dggp g+ o ,ayk+q_

l—

_vmk,...,vmk+q-

-

-

~

MS-NN-base

e s,

J

49



Steering Control

Two incremental model-structured NNs
* MS-NN-base: pure lateral nonlinear dynamics (2D road)

« MS-NN-ext: effects of longitudinal and vertical accelerations (3D road)

Qypy oo+ 9 Qypyq O—\
. . 4 \

[a O, ' MS-NN-ext ——o 5ﬂ-'k
Ty Y Wzpyq | O—>

: _/
gy eey Oy, | 0—7

_vwk,...,vwk+q_ H




Steering Control

MS-NN-base: Steady-state pure lateral dynamics

* Physics-encoded design: Handling Diagram

12 8 4 0 4 8 12
Ay [m/sz]

M. Piccinini et al. ” Model-Structured Neural Networks to Control the Steering Dynamics of Autonomous Race Cars”, IEEE ITSC, 2025
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Steering Control

MS-NN-base: Steady-state pure lateral dynamics
* Physics-encoded design: Handling Diagram

« Neural compositional modules

.............................................................

EG(ayk’”wk) #1(lay,]) = 006
’ l f &
' = |
] 91(ayy var) FESOF— S 0.03
. S 0
[@yis -+ Oy o] T i g S
IR Pk ©ee iy =.0.03
: — |
qbny('a’yk;‘) E o -0.06
| g, (ayy ve 2 12 -8 -4 0 4 8 12
: ; 2
-------------------------------------------------------- a, [m/s?]

M. Piccinini et al. ” Model-Structured Neural Networks to Control the Steering Dynamics of Autonomous Race Cars”, IEEE ITSC, 2025



Steering Control

MS-NN-base: Steady-state pure lateral dynamics

* Physics-encoded design: Handling Diagram

 Neural compositional modules encoding symmetry and a,, dependency

a
3i(ay,vx) = — L+sign(ay)ky,  + (ay —ay, sign(ay)) ko,

Ox
G(ay;; Vzk) |, (ay,)) 1y -
l ; le ¢7
91 (ay, var) FEAOE—
, 0.5
[ayk7“'1ayk+q] C|+1E 1 E qg+1
[,Umk’.“’,vmk-'-q] q+1i e 6 o I—-Ik-—li
8., (lay,)) 0 | | \ |
: 0 3 6 9 12
|9, (g v )PSO a,| [m/s?]

.............................................................

M. Piccinini et al. ” Model-Structured Neural Networks to Control the Steering Dynamics of Autonomous Race Cars”, IEEE ITSC, 2025



Steering Control

MS-NN-base: Steady-state pure lateral dynamics

* Physics-encoded design: Handling Diagram

 Neural compositional modules encoding symmetry and a,, dependency

a
gi(ay,vx) = _ZL + sign(ay) ky, + (ay - Ayo, sign(ay)) kz,

vx
{ é( — : 0.025 A Speed range (0-25) [m/s]
; a'y k? 'vwk) ¢1(|ayk|) ; ® Speed range (25-40) [m/s]
i : o Speed range (40-65) [m/s]
' | ; 0.015 f )
g+l q+1 i
L gl(a’yk7vmk) @
= 0.005
b !
[ H M 0 ¢
11 :
[a o o 0 a ] q+ : q
Yk ' YYk+q ! 1 g9+l SN
Trr***y) “Tk4q ! \ E
¢ny (lay,l) ; -0.015 |
L 5]
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M. Piccinini et al. ” Model-Structured Neural Networks to Control the Steering Dynamics of Autonomous Race Cars”, IEEE ITSC, 2025



Steering Control

MS-NN-base: Steady-state pure lateral dynamics
* Physics-encoded design: Handling Diagram

* Neural compositional modules with v, dependency

a
gi(ay, vx) = — L +sign(ay) ki, (0x) + (ay — ay, sign(ay)) ko, (vx)

vx

{ é( ) — : 0.025 A Speed range (0-25) [m/s]

: ayk) v@k ¢1 (|a'yk |) i ® Speed range (25-40) [m/s]

i : o Speed range (40-65) [m/s] .
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Steering Control

MS-NN-ext: Quasi-steady-state combined lateral dynamics

* Neural compositional modules in overlapping regions of a,,

-y,

G
(@yy, vz ) é1 (Jay,] )
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Steering Control

MS-NN-ext: Quasi-steady-state combined lateral dynamics

* Neural compositional modules in overlapping regions of a,,, a,, a,

* 9ijx(-) — Local approximation of a double-track model around {ay, 0y, azok}
l J

--------------------------------------------------------------------------------------------------------
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Steering Control

MS-NN-ext: Transient combined lateral dynamics

[a'yka RS a"yk+q] oIl

1
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G(aykavwhamkv a'zk)_’
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Steering Control

MS-NN-ext: Transient combined lateral dynamics

 Physics-encoded design: transient response changes with v,, a,

¢H1(”mkaamk)
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Steering Control

MS-NN-ext: Transient combined lateral dynamics

Physics-encoded design: transient response changes with v,, a,

Local fully-connected layers in overlapping regions of v,, a,

¢11(vmkaawk:)
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Steering Control

MS-NN-ext: Transient combined lateral dynamics
 Physics-encoded design: transient response changes with v,, a,

« Local fully-connected layers in overlapping regions of v,, a,

¢11(vwk7 aack)
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Steering Control - Results

Benchmarks

* A general-purpose NN (G-NN)
* A baseline MS-NN from Piccinini et al., 2023 (MS-NN-base)

Heuristic-based steering controller of TUM-A2RL (A2RL-control)

1
[a'yk ) ) a'yk+q. 'q+—" 5
- n n k
[Voir -+ s Vol cOncat. - %: =~ ELU — %: —>°
. A
R X B F F>

Ok = 5kin(a’ykvvwk) + Ous (a’yk) T 5ax(a"yk 9 a-’IJk) + oft
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Steering Control - Results

Sector 1
Sector 2
Sector 3

Training with one lap (or less!) of real-world data

Training sets Validation set

Small Medium  Large

Track 143 14243 14243
sectors
Lap 1 1 1 2

M. Piccinini et al. ” Model-Structured Neural Networks to Control the Steering Dynamics of Autonomous Race Cars”, IEEE ITSC, 2025
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Steering Control - Results

«Large» training dataset

_|_

+ |
B G-NN I MS-NN-base
A2RL-control [ MS-NN-steer(ours)

i%;ii

l Better accuracy &
T T

+
% ; generalization
B ==

Training | Validation

—_
A
|

_|_ -

Steering Error [deg]
=
Ot —

.

OF

M. Piccinini et al. ” Model-Structured Neural Networks to Control the Steering Dynamics of Autonomous Race Cars”, IEEE ITSC, 2025
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Steering Control - Results

Smaller training datasets

Medium Train. Set Small Train. Set

Metrics Train. Valid. Train. Valid.

GNN RMSE [deg] 0.160  0.229 0.132  0.327
FVU [-] 0.0059 0.0150  0.0025 0.0792

RMSE [deg]  0.079 0.097  0.069  0.115

MS-NN-base vy 1 0.0011 0.0021 0.0006 0.0026
MS-NN-steer RMSE [deg]  0.068 0.091 0.063  0.097
(ours) FVU [-] 0.0008  0.0018  0.0006  0.0020

Better generalization from small training datasets
thanks to the
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Steering Control

Implementing this in NNodely is very simple: you find it here!

nnodely

66


https://github.com/tonegas/nnodely-applications/blob/main/vehicle/control_steer_dynamics_A2RL/control_steer_dynamics_A2RL.ipynb

How to Boost the
Closed-Loop

Controller Performance
From Limited Data?



Boosting Controller Performance from Limited Data

[yka oo ayk+q]

(>

2 8 l_) Controller

MS-NN

Yk measure

- | predicted
past 1mputs Output
_”/r //— = :l?k
SR MS_NN o .
® Simulator
U

Can we let the controller learn to control the simulator in a closed loop?
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Boosting Controller Performance from Limited Data

1. Train the MS-NN Simulator with supervised learning from a collected dataset

MS-NN®| Yk
Simulator \
predicted

output
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Boosting Controller Performance from Limited Data
2. Couple the MS-NN Simulator (trained) with the MS-NN Controller (untrained)
Yks - - > Ykt

\ g L .
desired <~ |MS-NN uk.—n MS-NN Yk
output %) Controllerl UL . Simulator )

predicted
_ _ output
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Boosting Controller Performance from Limited Data

3. Train the MS-NN Controller in closed-loop (frozen simulator)

Yk - - - s Yktq

\. T—) Uk —n Uk
desved g |MSNN O, PSS AN
7> |Controller 5 : Simulator predicted
_ Uk | output

How to do it? Any ideas?
Common approach: RL = But it requires millions of interactions
=>» hard to be done online / on the physical system = How to improve?

71



Boosting Controller Performance from Limited Data

3. Train the MS-NN Controller in closed-loop (frozen simulator)

Yk - - - s Yktq

et MS-NN ¢4

Ue—n] _[MS-NN HV Tk

desired . > e 30
output Yk Uk . ' \
imulator
“>|Controller| - S predicted
- Uk output

=» the controller can be trained end-to-end (E2E) without ground-truth data!
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Boosting Controller Performance from Limited Data

3. Train the MS-NN Controller in closed-loop (frozen simulator)

L=]ly-gll
[gk,..-jyk ] VL - VL
\ tal N5 IS AL.
desired . MS-NN (Aﬁ UL UkO_n—) MS_NN Y “
output - J_| Controller |y u Simulator pred)d:ed
- Uk | output

Differentiable Closed-loop Controller Training
0,11 =0, —nVL, —=> Gradient-based (e.g., ADAM)

Enables data-free training & adaptation .



Boosting Controller Performance from Limited Data modelg

An example of this in NNodely with a mass-spring-damper system is here!

Physical System Proposed MS-NN Design

C »

— , L :
M T S

% x[-k]-hy[(N-1)-k] ——r1y

| k = F[0] - hp
— — —
B¢ Xkl = FIR(%) + FIR(F)

Mx +cx+kx=F
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https://github.com/tonegas/nnodely-applications/tree/main/mass_spring_damper

Boosting Controller Performance from Limited Data modelg

An example of this in NNodely with a mass-spring-damper system is here!

Step 1: dynamics learning (direct model)

wk 4 ) B 2
Dataset 055 = Z Z(xk - xk)

example
- / mz+1
y - ] LOSS
[ Neur SD
Lk—N .- Tk J LThe+1

N—
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https://github.com/tonegas/nnodely-applications/tree/main/mass_spring_damper

Boosting Controller Performance from Limited Data modelg

An example of this in NNodely with a mass-spring-damper system is here!

Step 2: controller learning (inverse model) through the pre-trained direct model

= Unsupervised learning

1055 = Z = ) (xx—x})°

example

Lh+1

Neural MSD
yd > |
Lk [ Tk—Ny-- -, Tk }<

Lk
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https://github.com/tonegas/nnodely-applications/tree/main/mass_spring_damper

Boosting Controller Performance from Limited Data modelg

An example of this in NNodely with a mass-spring-damper system is here!

x[t] on the dataset mass_spring_damper _val

1.0 Correlation: 1.00 — real .
-= predi

0.5 A \

% 00+ \ {\ f \/
v
=
g L

—0.5 1 l f‘

—1.0 A

0 50 100 150 200 250 300 350 400

Time (s)
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https://github.com/tonegas/nnodely-applications/tree/main/mass_spring_damper

Boosting Controller Performance from Limited Data modelg

An example of this in NNodely with a mass-spring-damper system is here!

x[t] and x_target[t] on the dataset control

1.2 A
1.0 A
= 0.8
(7]
>
8
><I
B 0.6
(1]
=
o |
— rea
3 04 —
© — -~ prediction
>
— real
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0.2 1 — real
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—— real
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0.0 0.5 1.0 1.5 2.0 2.5
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https://github.com/tonegas/nnodely-applications/tree/main/mass_spring_damper

Physics-Embedded
Learning Beyond Model-
Structured NNs with

nnodely




Other Examples with NNodely: not only Model-Structured NNs!

 Nonlinear function fitting

« Sobolev learning

* Physics informed neural network

nnooely
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https://github.com/tonegas/nnodely-applications/blob/main/nonlinear_fit/nonlinear_fit.py
https://github.com/tonegas/nnodely-applications/blob/main/nonlinear_fit/nonlinear_fit.py
https://github.com/tonegas/nnodely-applications/blob/main/nonlinear_fit/nonlinear_fit.py
https://github.com/tonegas/nnodely-applications/blob/main/sobolev/Sobolev_learning.ipynb
https://github.com/tonegas/nnodely-applications/blob/main/sobolev/Sobolev_learning.ipynb
https://github.com/tonegas/nnodely-applications/blob/main/pinn/pinn_Burgers_equation.ipynb
https://github.com/tonegas/nnodely-applications/blob/main/pinn/pinn_Burgers_equation.ipynb

Questions & Discussion

Questions are welcome!

Let’s discuss ideas, challenges
and perspectives!
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