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Model Structured Architectures: Positioning

Physics-Guided Inputs, Data, Physics-Informed Loss

and Representations
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Physics-Encoded Learning Architectures: Multiple Classes
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Taxonomy

The term «Model-Structured Neural Network» (MS-NN) has recently been
introduced by papers of our labs (2025-2026) and aims to cover
a broad class of approaches
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Model Structured Architectures: General Principles

 Physics-based layers: encoding

Model-Structured

custom physics equations / principles
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Model Structured Architectures: General Principles

 Physics-based layers: encoding
custom physics equations / principles

 Physics-based connections:
superposition of forces, symmetries, ...
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Model Structured Architectures: General Principles

 Physics-based layers: encoding
custom physics equations / principles
 Physics-based connections:
superposition of forces, symmetries, ...
 Physics-based constraints: Constrain
parameters to have physically
meaningful values
* Note: Only ,architectural® constraints,
no loss function regularization terms!
« Example from Chrosniak et al., 2024

(i)uzo'(z)-((bu—(l)u) i

-Uu

Model-Structured

A

1

=200

--------------------------
* *

0. 'Y
------------------------

Physics-based layers,
connections, constraints

o = sigmoid fun, ®,, = upper bound, ®,, = lower bound



Model Structured Architectures: General Principles

 Physics-based layers: encoding
custom physics equations / principles

Model-Structured
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* Physics-based connections: L Jppe,
superposition of forces, symmetries, ... U {) 0

* Physics-based constraints: Constrain f —>\ n
parameters to have physically )y 9&,\,};-&& °

. = ~—NT—
meaningful values A F.
=006
Practical guideline: start from an Physics-based layers,
(imperfect) physical model and neuralize connections, constraints

Its architecture
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Model Structured Architectures: Proposed Design

General approach for dynamics learning of physical systems via
Neural Compositional Modules (NCMs) ¥

n
u;J,zk—> @_)... _) Yk
> @

Vi = system output, u;, = [uy_y, ..., U] = history of inputs, z; = scheduling vars

Vi = F(P, ¥, ..., %), Wi=W(uyz), i€{l,..,Q}

Where F € C(0), 0 = {+,X} denotes the set of all compositions generated

by sums and multiplications »



Model Structured Architectures: Proposed Design

General approach for dynamics learning of physical systems via
Neural Compositional Modules (NCMs) ¥

n
> @

How to design an NCM W ?
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Model Structured Architectures: Proposed Design

General approach for dynamics learning of physical systems via
Neural Compositional Modules (NCMs) ¥
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Neural Compositional Modules: Input / Output Representation

Consider a physical system described by a
nonlinear time-invariant state-space model

y

Substitute x; from the first into the second eq.

<

Vi = GQUg, Ug—1, o) Ug—n, Xp<n)

Xp+1 = f (g, ug)
Vi = h(xy, ug)

Vi = h(xp, ug) = h(f (xXp—1, Ug—1), Ug)
=+ = G(Ug, Ug—1) ) Ug—p) Xk—n)

If the past history of inputs (n) is ,Jong enough®, the effect of the initial state x;_, is
negligible (the free response vanishes, and the input-forced response dominates)
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Neural Compositional Modules: Input / Output Representation

Vi = GQUg, Ug—1, o) Ug—p)

Also assume that we can have different parametrizations of G(-) in
different operating regimes (with partial or no overlap among the regimes),
with scheduling variables 7,

<

FullNCM: v, = W ( u,,Up_q,...,Up_p, Zi )

\ ) \ J \ J
|
output history scheduling
of inputs vars
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Questions & Discussion

Questions are welcome!

Let’s discuss ideas, challenges
and perspectives!

17



Neural Compositional Modules: Internal Architecture

Vi = P (U, Ug—1, o) Ug—n, Zi)

If the physical systemis linear: vy, = (I'xuw), = X2 [ Uk

I" is the discrete-time transfer function (= impulse response) of the system

18



If the physical system is linear: vy, = (I' * u),

Neural Compositional Modules: Internal Architecture
Vie = YUk, U—1) ) Ug—n» Zk)

Zfio [ ug i

I" is the discrete-time transfer function (= impulse response) of the system

Infinite Impulse Response (lIR) system

19



Neural Compositional Modules: Internal Architecture

Vi = P (U, Ug—1, o) Ug—n, Zi)

If the physical systemis linear: y, = ('*w)y, = )i, Uy

* I'is the discrete-time transfer function (= impulse response) of the system
* Finite Impulse Response (FIR) approximation

20



Neural Compositional Modules: Internal Architecture

Vi = P (U, Ug—1, o) Ug—n, Zi)

If the physical systemis linear: y, = 0*w), = )L, u,; = g(uy)

* I'is the discrete-time transfer function (= impulse response) of the system
* Finite Impulse Response (FIR) approximation = 1 linear fully connected layer g
whose weights are the impulse response coefficients

NCM v

Uk —n

Uk

21



Neural Compositional Modules: Internal Architecture

Vi = P (U, Ug—1, o) Ug—n, Zi)

If the physical system is linear: 1y, =Yl,T; Up—i = g(uy
NCM v
_uk—n_
Up=| . - g(-) > Yk
| Uk |

)
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Neural Compositional Modules: Internal Architecture

If the physical system is locally linear :

Yk =

Vi = P (U, Ug—1, o) Ug—n, Zi)

i=o [1(Z) ug—i = g(uy, z;)
* Z; is a (set of) discrete or continuous scheduling variables. For example, u;, < z,
» We propose to have different modules g;(uy) activated locally by ¢;(zx), j € {1, ..., M}

R},

NCM W

> YLk

23



Neural Compositional Modules: Internal Architecture
Vie = YUk, U—1) ) Ug—n» Zk)

If the physical system is locally linear . vy, = ﬂ‘il[uk@ 1-9;

* Z; is a (set of) discrete or continuous scheduling variables. For example, u;, < z,
» We propose to have different modules g;(uy) activated locally by ¢;(zx), j € {1, ..., M}

 (© is the element-wise product

R =01(), ... ¢ NCM v
Y
o O g1(-) X
Ul —n : E
Up=| . >CY>—> : % > Yk
| up Y
' )®_)9M(°)§:4T
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Neural Compositional Modules: Internal Architecture

yk — W(Uk, uk—ll "')uk—n) Zk)

If the physical system is locally linear:  y, = ¥/ [u; O ¢;(z,)] - g,
1

° ¢i(z,) may be trainable or frozen
« Common choices: triangular, rectangular, Gaussian

* jﬂi1 ®; (zx) =1,

¢;(zx) =0 vz,

R},

Uk —n

Uk

)[¢1(>¢\[<>]
Y

2205 — s (|w|)
\3<w>
0 |
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Neural Compositional Modules: Internal Architecture
Vie = YUk, U—1) ) Ug—n» Zk)

If the physical system is locally linear:  y, = ¥/ [u; O ¢;(z,)] - g,

U, = [Ug_n, ..., U] - past history of inputs
¢; =\, . ¢;,.| :regime-dependent activation functions
9;=19;,,-.95,.,]7 :neural FIR layer (fully connected layer)

2, >[(;51<;E.'>..E...qibﬂ\,(-)] NCM W
- ><YD~——> gi(-)
— >CY>+ mo%ﬁ
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Neural Compositional Modules: Internal Architecture

Vi = P (U, Ug—1, o) Ug—n, Zi)

If the physical system is locally linear :

M

YR=Z[ Uy @¢j(zk)]‘gj

j=1

>[¢1<>¢\/<>]
0|

g1(-) <%

g () %:

NCM v

> Yk
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Neural Compositional Modules: Internal Architecture

Vi = P (U, Ug—1, o) Ug—n, Zi)

If the physical system is locally linear + input nonlinearities

M
Yi = Z[fj(uk) O ¢;(z,)]-9; How to design fi()?
j=1
2 B1()..... ()] NCM ¥
> fi(w) %ﬁ—’é———’ g1(-) o2
Uk —n E E
U Y

- *fM(U)%—>@—>9M('>§:




Neural Compositional Modules: Internal Architecture
M

Yk = Z[fj(uk) O, (Pj(Zk)] ‘9

j=1
f (uy) can encode prior physics / domain knowledge (if available):

« Nonlinear input mappings or transformations
« May contain analytical + neural relations = designer / engineer expertise required

Rl >[¢|(;->......<{5u<f-‘>] NCM v
(|
Al Rpeo—— 0i() ==
Uk —n : E
Uk Y

- *fM(U)%—>@—>QM<')§:




Neural Compositional Modules: Internal Architecture
M

Y = Y [0 © &(z)] - g,

j=1
What if only limited physics priors are available?

« For example, the dynamics of a robot manipulator are a combination of trigonometric
functions, but the exact form is unknown

30



Neural Compositional Modules: Internal Architecture
M

Y = ) [f ;) © &,(z)] - g,

J=1
What if only limited physics priors are available?
* In this case, f(uy) can learn to combine trigonometric functions with Equation Learning

n—r

A1) y @) 2

\ W, 50 W 5o WO 5oy
O—0 | O—0)

| ()
®

o O— O (ve)
(=T, (=

O o o)

(all-to-all) (all-to-all) (all-to-all)

H. Perez-Villeda, J. Piater, M. Saveriano, “Learning and extrapolation of robotic skills using task-parameterized equation learner networks”,
Robotics and Autonomous Systems, 2023



Neural Compositional Modules: Internal Architecture
M

Y = Y [0 © &(z)] - g,

J=1

What if no physics priors are available?
* fj(uy) can be a learnable Taylor expansion of the unknown nonlinear relation

fi(ur) = ap + a,u, + a,uj;  (2nd order Taylor with learnable )
2 >[q51<i.>_i..,qib‘\,<.>] NCM ¥
_ —f1(u) %:—’CY)———’ gi(-) o
T T
0 L s ()
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Neural Compositional Modules: Internal Architecture
M

Y = Y [0 © &(z)] - g,

j=1
What if no physics priors are available?

* fj(uy) can be a learnable Taylor expansion of the unknown nonlinear relation
* ... Or a more general-purpose machine learning model

2 B1()..... ()] NCM ¥
Y
L W) o0 () 2
k—n L
w=| | I o e

- *fM(U)%—>@—>9M('>§:




Neural Compositional Modules: Internal Architecture

Vi = P (U, Ug—1, o) Ug—n, Zi)

If the physical system is locally linear + input nonlinearities

M

Yo = Y [fw) © ¢,(z)] " g,

j=1
& >[¢‘<s'>";"‘q?“<'>]
_ +fl(u)§:*g>§*§_’gl<->%1
* o052

NCM v

+ > Yk
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Neural Compositional Modules: Internal Architecture

Vi = P (U, Ug—1, o) Ug—n, Zi)

If the physical system is fully nonlinear

M

general-purpose NN (residual learning)

ye= ) [fa) © ¢(z)] g, + RGw)

j=1

R},

Uk —n

Uk

>[¢1()¢”(>]

—>{f1(u) &

*fM(U)%

g1(-) <%

g () %:
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Neural Compositional Modules:

« The system can have p inputs (e.g., pedals and steering angle for a car)

g1(-) <%

g () %:
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Neural Compositional Modules:

« The system can have p inputs (e.g., pedals and steering angle for a car)

2, >B1(),.... 000 )] NCM W

w=| 11 e D e U
»wa@—»é»gM(-)




Neural Compositional Modules:

The system can have p inputs (e.g., pedals and steering angle for a car)
The system can have g scheduling variables z (e.g., and )

= [Zlk—n' ""Zlk]’ = [ZCIk—n’ '"'qu]’ = [ LY ]
© Pi(z) = ¢1( ) OXXIO) q51( ) (with © denoting the element-wise product)
© Pu(zy) = ¢M( ) OXXO ¢M( ) (with M denoting the n. of different operating regimes)

Zlk—n ZQk:—n




Neural Compositional Modules:

« The system can have p inputs (e.g., pedals and steering angle for a car)

« The system can have g scheduling variables z (e.g., and )
= [Zlk—n' ""Zlk]’ = [qu—n' '"'qu]’ = [ o ] eg.,z = w
© 01(2) = di(2,) OO ¢i1(z,,) o
© Pz, = ¢M( ) ORNO) ¢M( ) = Zonloh
) ) % ol /2 \w
Zlhn|  |Zan—n (rad/s)
Rl = E E >[¢1 ¢\/ ] NCM v
A1y, Zqp '
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Neural Compositional Modules:

The system can have p inputs (e.g., pedals and steering angle for a car)

The system can have g scheduling variables z (e.g., and )
= [Zlk—n' ""Zlk]’ = [ZCIk—n’ '"'qu]’ = [ y ey ]
© 01z =¢u(71,) OO ¢i(2,,) M

It still holds that S, ¢ (2.) = 1, &;(2,) = 0 v
© ) = Pu(2,) OO dulz,,) still holds that 2=, ¢; (z;) $i(z,) =

_Zlkz—n 2k —n

Zp=| 1 : >[¢1<E->,.E..,q55”<->] NCM ¥
T ) o ——{a() 5

Up = ulf_n upén - %é—» : Ajé» Yk
T L) %:—»é» g (") e T—)




Why Combining Multiple Neural Compositional Modules?

Idea: Each NCM W; can be specialized to learn a sub-system / part of the dynamics

Example 1: Learning the effect of independent forces and moments

—> YL

Example 2: Learning the steady-state and transient dynamics of a system

steady-state

o[ @) -

transient
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Pros and Cons of Neural Compositional Modules

Pros:

- The trained weights of the f;(-) and g;(-) may be physically interpreted
« Split task complexity in different NCMs W

« Better generalization and sample efficiency than black-box ML models
Cons:

» Some design effort is still required in the f;(-) modules

%, >1(),....Bus()] NCM ¥
~[fiw) po-——{0() =
Uy = Uk'_n | o : Y > '“'k_{ : }zk—’ =D+ QO — Yk
s —>fM(u)§Z—>CY>—> 9]\1()% :
>R
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Questions & Discussion

Questions are welcome!

Let’s discuss ideas, challenges
and perspectives!
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