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Motivation
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Why Energy-Based?
1. Unified formulation in terms of scalar energy potentials

○ Strongly coupled, fully implicit

2. Optimization > Root finding
○ Ensures progress and validity
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1. Unified Scalar Formulation
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SymX [Fernández-Fernández et al. 2025]

ETotal = EInertia + Eslider + Eball + Espring + Edir + Eattach + ESNH + EContact + EFriction



Numerical infrastructure:
● Ensure descent directions
● Ensure admissibility
● Ensure sufficient descent

2. Robust Optimization

● Balance of forces at grad(E) = 0
● E is sufficiently continuous and differentiable
● “Slide down to the solution”
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Examples

6Progressively Projected Newton’s Method [Fernández-Fernández et al. 2026]

https://docs.google.com/file/d/10A7Lp-3iTdAmE9WRmJjaeWkb6sa6Yo5h/preview


Examples

7SymX [Fernández-Fernández et al. 2025]

https://docs.google.com/file/d/1AzFsNAagIJROaPlCApAOBo7x_IUBmYfF/preview


Examples

8Strongly Coupled Simulation of Magnetic Rigid Bodies [Westhofen et al. 2024]

https://docs.google.com/file/d/1QJ0CtyA6vN5uapJDF5Lu5zp3wRX7JGPR/preview


Examples

9STARK [Fernández-Fernández et al. 2024]

https://docs.google.com/file/d/1CFLsl9i4MqmppxveBNDUSN0dStUhuLvb/preview


Long History of Optimization in Simulation
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Let’s Optimize!

11

Gradient Descent

Newton’s Method 



● First and foremost: modeling
● These need to hold certain properties
● We need information about them (e.g. derivatives)
● We need proper solver infrastructure

Recap
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We get robust and unified strong coupling 



Foundations
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Foundations TOC

14

1. Optimization Time Integration
2. Newton’s Method
3. Global Derivatives and Assembly
4. Penalty and Barrier Constraints
5. Line Search
6. Descent Directions and Hessian Definiteness
7. Convergence and Inexactness



Optimization Time Integration
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Equations of Motion:

mass position

velocity
forces

acc.

(Backward Euler)
Tb Te

xxprev

∆t



Optimization Time Integration
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 ⇾ Root finding

Conservative forces:
potential

 ⇾ Optimization



Newton’s Method

17Gradient Descent Newton’s Method

But how?



Newton’s Method

18

Quadratic model:

Go to minimizer:



Newton’s Method
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If E is quadratic…
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1 iteration!



Global Derivatives and Assembly
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1×1

M×1

M×M

SymX [Fernández-Fernández et al. 2025]

Set of unique potentials
Set of discretization elements

N×1

N×N

1×1

NxM



Multi Systems
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Multiple sets of DoFs:

STARK [Fernández-Fernández et al. 2024]



Penalty and Barrier Constraints
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SymX [Fernández-Fernández et al. 2025]



Penalty and Barrier Constraints
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Make it expensive:
constraint violation

stiffness  >> 0

Activation: Barrier:



Penalty and Barrier Constraints

25Equality Quadratic Inequality Cubic Barrier (Clim = 1)



Remember?

Line Search
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E(x2)

E(x1)

E(x2) > E(x1) Backtracking!



Line Search
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Different start

… never to be seen again  :(

Backtracking



Line Search
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Armijo’s Condition

Tiny fraction 1st order expected 
decrease

Always Progresses



Line Search
Our line search procedure:

● Step cap
○ Avoids stupidly large steps. Potentially useful for quasistatics.

● Max step
○ Computable max step length in the search direction. E.g. Continuous Collision Detection.

● Admissibility backtracking
○ Backtrack from negative logarithms and sqrts, inverted elements…

● Armijo’s condition backtracking
○ Ensures sufficient descend
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Line Search
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Progressively Projected Newton’s Method [Fernández-Fernández et al. 2026]



Descent Directions And Hessian Definiteness
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First iteration

Uphill !!!

Line search may halt



Descent Directions And Hessian Definiteness
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Indefiniteness / Non-convex

We need descent directions:
< 0

> 0

H is Symmetric Positive (Semi)definite

< 0



Descent Directions And Hessian Definiteness

Goal: Non-negative eigvals in H
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M×MN×N

Clamping

Mirroring
Adaptive Projection

● Project-on-Demand (when needed)

● Progressive (when and where needed)

Projected/Filtered Newton

Wednesday · 16:00-17:15 · Kino 5



Descent Directions And Hessian Definiteness
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● Newton is rarely driven to very high accuracy
● Line search ensures admissible progress
● Common convergence criteria:

○ Fixed Newton iterations
○ Residual norm  ∥∇E(x)∥ < εres  [N]
○ Step size  ∥Δx∥ < εstep   [m]

Convergence and Inexactness
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SymX [Fernández-Fernández et al. 2025]

Different residual scales!



Progressively Projected Newton’s Method [Fernández-Fernández et al. 2026]

Convergence and Inexactness
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< 10-1 m/s < 10-2 m/s
< 10-3 m/s

< 10-4 m/s

Consequences of Inexactness:
● Damping
● Overstretching
● Drifting/Sliding

Δt-1||Δx||∞< tol



● Very significant performance boost
● Good practical proxy:

● Iterative linear system solver (PCG)
● Early exits can be very cheap

○   εCG < 10-12    vs    εCG < 10-3

● Far from x* we can be inexact

Forcing Sequence
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?
?



Newton’s Procedure
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Recap
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1. Optimization Time Integration
2. Newton’s Method
3. Global Derivatives and Assembly
4. Penalty and Barrier Constraints
5. Line Search
6. Descent Directions and Hessian Definiteness
7. Convergence and Inexactness



SymX: Symbolic Differentiation for Nonlinear Optimization
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Later!



Any questions?
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SymX Examples
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Where to find it
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github.com/InteractiveComputerGraphics/SymX https://symx.physics-simulation.org/



What is SymX?

44SymX [Fernández-Fernández et al. 2025]

Symbolic Math Engine



STARK

45https://github.com/InteractiveComputerGraphics/stark

Simulation Platform

● Model repository
○ Deformables
○ Rigid Bodies
○ Frictional Contact

● Scripting
● Python API



Example: Cloth Simulation
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