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OUR END GOAL

. let’s use question words!

WHY

Why convex relaxation?

WHAT
What can be done via convex relaxationj

HOW

How is convex relaxation used?







OPTIMIZATION

1. The Fundamentals



THE FUNDAMENTALS

Edelstein, Guillén, Solomon,
Ben-Chen (2023)

Computer graphics is full of hard math problems!

geodesic distances )

shape correspondence )

(Y

Abdelreheem, Eldesokey, Ovsjanikov, Wonka (2023)

Crane, Weischedel, Wardetzky (2013)

Belyaev & Fayolle (2015)

optimal transport )

»56868

Solomon, Goes, Peyre, Cuturi, Butscher,
Nguyen, Du, Guibas (2015)




THE FUNDAMENTALS

REFORMULATED AS AN
OPTIMIZATION PROBLEM

min or max f(x)

subject to x € 11









THE FUNDAMENTALS

find the x that makes the objective
function f(x) as small or big as possible

constraints define the set of all x that
we are allowed to consider

REFORMULATED AS AN
OPTIMIZATION PROBLEM

min or max f(x)

subject to x € 11



THE FUNDAMENTALS

find the x that makes the objective
function f(x) as small or big as possible

constraints define the set of all x that
we are allowed to consider

the set of all x that satisfy the
constraints is called feasible

REFORMULATED AS AN
OPTIMIZATION PROBLEM

min or max f(x)

subject to x € 11



r* = argmax f(x)

reM

I[dentifies the critical points

12

Original mesh by lastloginname via Thingiverse.
Modified version from odedstein-meshes.



SNAKES:

Active Contour

Models




THE FUNDAMENTALS

Ui+1 — U — /ngsnake (U)j

#~ gradient descent

The result is highly sensitive to
initialization because classical
“snakes” models are non-convex
energy minimization problems solved
using gradient descent. y

14



OPTIMIZATION

2. Convexity



CONVEXITY

CONVEX NON-CONVEX
local optima are global optima multiple local optima

Often gets stuck on
local optima or fails

Convexity gives global optima




CONVEXITY

CONVEX
local optima are global optima

Convexity gives global optima

REQUIREMENTS:

the objective function f(x) is convex

constraint set is convex



CONVEXITY

NON-CONVEX
multiple local optima

Often gets stuck on
local optima or fails

THE ISSUEWITH NON-CONVEX PROBLEMS:

does not always recover the global optima

where we start matters!




mathematically




some standard convex functions...




mathematically




some standard convex sets...

X2




OPTIMIZATION

3. Why Convexity?



we can solve convex problems with efficiency and robustness




we can solve convex problems with efficiency and robustness




WHY CONVEXITY?

we can solve convex problems with efficiency and robustness

Convexity gives global optima and
theoretical guarantees

K help you prototype quicker!

> MusSekK

GUROBI

OPTIMIZATION

Algorithms are plentiful and “self—sufﬁcient”j

&
yaLmip §PSCS

Modern convex optimization software lets you
solve large, complex problems quickly )




WHY CONVEXITY?

we can solve convex problems with efficiency and robustness

Convexity gives global optima and
theoretical guarantees

J K help you prototype quicker!

> MusSekK

GUROBI

OPTIMIZATION

Algorithms are plentiful and “self—sufficient”J

&
yaLmip §PSCS

Modern convex optimization software lets you
solve large, complex problems quickly j

Convex optimization software helps you debug




% From Boyd & Vandenberghe, "Convex Optimization"
% Joélle Skaf - 89/26/85

%

% Solves the following QP with inequality constraints:

% minimize IRt P SR T St X SRR

% SN -1 <= x_i <=1 for i = 1,2,3

% Also shows that the given x_star is indeed optimal

% Generate data

= [13 12 -2; 12 17 6; -2 6 12];
q= [-22; -14.5; 13];
r=1;
n
X

o

= 3;
_star = [1;1/2;-1];

% Construct and solve the model
fprintf (1, 'Computing the optimal solution ...');
cvx_begin

variable x(n)

minimize ( (1/2)*quad_form(x,P) + g'*x + r)

x >= -1;
x <= 1;
cvx_end

fprintf (1, 'Done! \n');
% Display results

disp('The computed optimal solution is: ');
disp(x):

disp('The given optimal solution is: ");
disp(x_star);

X help you prototype quicker!

Interior-point solution summary
Problem status : PRIMAL_AND_DUAL_FEASIBLE
Solution status : OPTIMAL

Primal. obj: 3.9124999974e+01 nrm: 3e+01 Viol. «con: 3e-08 var: Ge+00
Dual. obj: 3.9124999978e+01 nrm: 2e+00 Viol. con: @et+0@ var: 3e-09
Optimizer summary
Optimizer - time: 0.02
Interior-point - iterations : 10 time: 0.01
Basis identification - time: 0.00
Primal - iterations : @ time: 0.060
Dual - iterations : @ time: 0.00
Clean primal - iterations : @ time: 0.60
Clean dual - iterations : @ time: 0.060
Simplex - time: 0.00
Primal simplex - iterations : @ time: 0.00
Dual simplex - iterations : ©@ time: 0.00
Mixed integer - relaxations: © time: 0.00

Status: Solved
Optimal value (cvx_optval): -21.625

The computed optimal solution is:
1.0000
0.5000
-1.0000

The given optimal solution is:
1.0000
0.5000
-1.0000







What if you are given a bad hand?




WHY NOT CONVEXITY?

Convex Relaxation

— SIMPLIFIED TAXONOMY OF CONVEX

Non-standard . .
Linear Programming

(LP)
NON-CONVEX
Quadratic
PROBLEM Programming
Quadratically Constrained (QP)
What if you are given a bad hand? Quadratic Program
(QCQP)
2 4778 N
U Second-Order Semi-Definite UNCONSTRAINED
** Cone Programming Programming
% % (SOCP) (SDP)
H ** CONSTRAINED



WHY NOT CONVEXITY?

Convex Relaxation?
/ -
NON-CONVEX
PROBLEM

convex relaxations with exact recovery exist
but might not be tractable

tractable relaxations exist but might not give
you exact recovery or even good approximations



SIMPLIFIED TAXONOMY OF CONVEX

4. Standard Convex Problems




OUR ROADMAP

SIMPLIFIED TAXONOMY OF CONVEX

Linear Programming
(LP)

4. Standard Convex Problems



STANDARD CONVEX PROBLEMS

find the variable x that...

LINEAR PROGRAMMING (LP) minimizes the linear objective function

C. . T
minimize ¢ I + d subject to the linear inequality constraints
subjectto Ax < b

feasible set is a convex polytope!

»




STANDARD CONVEX PROBLEMS

find the variable x that...

LINEAR PROGRAMMING (LP) minimizes the linear objective function

C. . T
minimize ¢ I + d subject to the linear inequality constraints
subjectto Ax < b

feasible set is a convex polytope!

—

intersection of semi-planes

»

a11211 + a19T12 + - + a1nx1n < by

Am1Tm1 + Am2TLm?2 + - AmnLmn S bm



STANDARD CONVEX PROBLEMS

Optimal transport

Earth Mover’s Distance

W (o, 1) = inf // (x,y)dm(x,y)

s.t. ™€ H(po, 1)

seeking a joint probability distribution

-~ convex linear programming



STANDARD CONVEX PROBLEMS

Optimal transport

Earth Mover’s Distance

W (o, 1) = inf // (x,y)dm(x,y)

s.t. ™€ H(po, 1)

seeking a joint probability distribution

-~ convex linear programming

__ - scales quadratically with the
| number of variables



STANDARD CONVEX PROBLEMS

Optimal transport . lesson: convex does not always mean tractable!
Earth Mover’s Distance Earth Mover’s Distances \SL
on Discrete Surfaces =
W(MO Ml = inf, // x y d7T 37 y Solomon, Rustamov, Guibas, Butscher (2014) >
s.t. m € (po, p1) W (o, p1) :iﬂfJ/HJ(fU)deU
seeking a joint probability distribution s.t. V- J(z) = pi(z) — po(x)

J(z) -n(x)=0Ve € OM
-~ convex linear programming

— scales quadratically with the

“ s

L number of variables



SIMPLIFIED TAXONOMY OF CONVEX

Linear Programming
(LP)

4. Standard Convex Problems

Second-Order Semi-Definite UNCONSTRAINED
Cone Programming Programming
(SOCP) (SDP)

CONSTRAINED



STANDARD CONVEX PROBLEMS

find the variable x that...

QUADRATIC PROGRAMMING (QP) minimizes the quadratic objective function

1
... T T
WL N LA ) 40 QZIZ‘ TC T+ d subject to the linear inequality constraints

subjectto Az <b

@ € ST so the objective is convex quadratic

Positive Semi-Definite (PSD)
A symmetric matrix M is PSD if
v Mu >0
for every vector .



STANDARD CONVEX PROBLEMS

Shape deformation

Bounded Biharmonic Weights for

Real-Time Deformation
Jacobson, Baran, Popovi¢, Sorkine (2011)

1 ;
arg min ;§/QHAUJ]H dV

wj, 3=1,..., m .

S. t. wj‘Hk — O0jk
w;|F is linear

Z%‘(P) =1




SIMPLIFIED TAXONOMY OF CONVEX

Linear Programming
(LP)

4. Standard Convex Problems

Second-Order Semi-Definite UNCONSTRAINED
Cone Programming Programming
(SOCP) (SDP)

CONSTRAINED



STANDARD CONVEX PROBLEMS

QUADRATICALLY CONSTRAINED find the variable x that...
QUADRATIC PROGRAMMING (QCQP) minimizes the quadratic

objective function

minimize 1/2z' Qx4+ c¢'z+d
subjectto 1/2z' Pix 4+ ¢ 2 +r; <0

@, P € ST so the objective and
constraints are convex quadratic

subject to the quadratic
inequality constraints



STANDARD CONVEX PROBLEMS

QUADRATICALLY CONSTRAINED find the variable x that...
QUADRATIC PROGRAMMING (QCQP) minimizes the quadratic

objective function

minimize 1/2z' Qx4+ c¢'z+d
subjectto 1/2z' Pix 4+ ¢ 2 +r; <0

@, P € ST so the objective and
constraints are convex quadratic

subject to the quadratic
inequality constraints

feasible set is the intersection of ellipsoids!



Procrustes matching
minimize | RP — QX ||%
st. R'R=1,X a permutation
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Point Registration via Efficient

Convex Relaxation
Maron, Dym, Kezurer, Kovalsky, Lipman (2016)

W\

?}x\ﬁ‘&“\

We will see the
relaxation later...



OUR ROADMAP

SIMPLIFIED TAXONOMY OF CONVEX

4. Standard Convex Problems

Second-Order
Cone Programming
(SOCP)



STANDARD CONVEX PROBLEMS

SECOND-ORDER CONE find the variable x that...
PROGRAMMING (SOCP)

minimizes the linear objective function
minimize f'z
Subject to HAzx i bz H2 < C;rll’; 4 dz subject to the cone and linear constraints
Fr=q

inequality constraints are
second-order cones



STANDARD CONVEX PROBLEMS

Optimal transport

move mass

Dynamical Optimal Transport source » target
on Discrete Surfaces
Lavenant, Claici, Chien, Solomon (2018) ' o Q)
W (o, pi1) :max¢/(b1d,u1 —/Cboduo L4 @

1
S. t. at¢+§\|v¢\|2go t=0 t=1/3 t =23 t=1




STANDARD CONVEX PROBLEMS

Optimal transport

move mass

Dynamical Optimal Transport source > target
on Discrete Surfaces
Lavenant, Claici, Chien, Solomon (2018) ‘ PRy ([
Wikio, 1) = maceg / prdpy — / doduo @ -
1
s. t. at¢+§\|v¢\|2go t=0 t=1/3 t = 2/3 F=1

quadratic constraint?

Quadratic /\ Cone constraints

Inequality Constraints | 1 1/2
1/2 T n—1/2 S To-1,._
' Qr+c'z+d<0 HQ x+2Q al. = (40 @ e d)

2



move mass

Dynamical Optimal Transport source » target
on Discrete Surfaces ‘
Lavenant, Claici, Chien, Solomon (2018) ‘ o .
W (o, 1) Zmax¢/¢1dﬂl —/Cbodﬂo Ll @

1
S. t. 8t¢—|—§||v¢||2§0 =0 t=1/3 t:2/3 t=1

We will see it again later...



OUR ROADMAP

SIMPLIFIED TAXONOMY OF CONVEX

4. Standard Convex Problems

Semi-Definite
Programming

(SDP)



STANDARD CONVEX PROBLEMS

SEMIDEFINITE find the variable x that...

PROGRAMMING (SDP)

minimizes the linear objective function

minimize trace(C'' X)

SU.bjeCt to trace(A,L-TX) S bz subject to the LMI and PSD constraints
X =0

constraint is a linear
matrix inequality (LMI)



STANDARD CONVEX PROBLEMS

Volumetric mesh deformations

Controlling Singular Values

with Semidefinite Programming
Kovalsky, Aigerman, Basri, Lipman (2014)

min ||A — B||r

AERan
I'r A
s.t. (AT FI) =0
A+ AT
RELENSPY

2



OUR ROADMAP

OPTIMIZATION
1. The Fundamentals
2. Convexity
3. Why Convexity?

4. Standard Convex Problems



COFFEE BREAK

—~-Questions?



CONVEX RELAXATION
5. PDE Solutions



VISCOSITY SOLUTIONS

Computing geodesic distances

one source...

geodesic path
between two

) ... to all targets
points 5

Crane, Weischedel, Wardetzky (2013)

Geometry Central. Nicholas Sharp,
Keenan Crane and others (2019)



VISCOSITY SOLUTIONS

one source...

... to all targets

Eikonal equation

Vul=1 )

with boundary condition:

Uy, =0

Crane, Weischedel, Wardetzky (2013)
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VISCOSITY SOLUTIONS

Question: What if we want the distances

. . . aeiza e
to be regularized instead of approximate? comex 083G
A Reget”

Astein
P

A Convex Optimization Framework
for Regularized Geodesic Distances
Edelstein, Guillen, Solomon, Ben-Chen (2020
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VISCOSITY SOLUTIONS

Question: What if we want the distances
to be regularized instead of approximate?

A Convex Optimization Framework
for Regularized Geodesic Distances J
23)

Edelstein, Guillen, Solomon, Ben-Chen (20

=

Regularizer

Dirichlet Localized Dirichlet and Vector
£(u) = / F(Vu(z), z)d Vol(z) Vector Field  Field Alignment
Q



VISCOSITY SOLUTIONS

A Convex Optimization Framework
for Regularized Geodesic Distances recall Belyaev & Fayolle (2020)

Edelstein, Guillen, Solomon, Ben-Chen (2023)
max¢/ pdx s.t.|Vo| < 1,¢|a0 =0
Q

KEY INSIGHT

minué’(u)—/ udx
M
s.t.|Vu| < 1,ulgag =0

Same relaxation strategy: supersolutions



VISCOSITY SOLUTIONS

Question: What if we want to solve more

general time-evolving PDE?

atial \‘_qua(\ons on
piffer®
. g P2
ewo‘\‘o
A Framework for Solving Parabolic
Partial Differential Equations on
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VISCOSITY SOLUTIONS

Question: What if we want to solve more
general time-evolving PDE?

A Framework for Solving Parabolic recall Edelstein et al. (2023)
Partial Differential Equations on Regularizer
Discrete Domains
Mattos Da Silva, Stein, Solomon (2024) E(u) = /QF(VU(CB)’ z)d Vol(x)

. Eikonal equation
Second-order parabolic PDE

My NeuE==1

E + H(CIJ, u, VU) = cAu first-order PDE
static



VISCOSITY SOLUTIONS

Question: What if we want to solve more Same” relaxation strategy: supersolutions
general time-evolving PDE?
first, apply splitting technique.

A Framework for Solving Parabolic
Partial Differential Equations on 1. 8_u — Ay Linear solve
Discrete Domains ot
Mattos Da Silva, Stein, Solomon (2024)

ou
2. — + H(x,Vu,u) = 0 Convex relaxation
Second-order parabolic PDE ot
ou
— + H(z,u,Vu) = cAu
ot ou . .
3. — = ¢Au Linear solve, again

ot



VISCOSITY SOLUTIONS

. KEY INSIGHT

arg miny, f M u(x) dVol(x)

subject to %(u — u,(ll)) + H(x,Vu,u) >0 ‘
for all x € M.

0
2. 8_u + H(x,Vu,u) = 0 Convex relaxation

; A



SIMPLIFIED TAXONOMY OF CONVEX

Non-standard . .
Linear Programming

(LP)
Quadratic
Programming
Quadratically Constrained (QP)
CONVEX RELAXATION Quadratic Program
(QCQP)
6. Mapping Problems Second-Order Semi-Definite UNCONSTRAINED
Cone Programming Programming
(SOCP) (SDP)

CONSTRAINED
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MAPPING PROBLEMS

Relaxing QCQP into SDP-LC

Procrustes matching
minimize |[RP — QX ||%
st. R'R=1,X a permutation

KEY INSIGHT

non-convex QCQP can be
relaxed to SDP at the cost of
exactness



MAPPING PROBLEMS

Relaxing QCQP into SDP-LC

Procrustes matching
minimize |[RP — QX ||%
s.t. R'R =1,X a permutation

KEY INSIGHT

non-convex QCQP can be
relaxed to SDP at the cost of
exactness

lots of steps... let’s stick to the big ideas!

introduce new variable
7 =zz", 2 =[vec(R), vec(X)]

and rewrite in standard quadratic

constraints are then linear, but also
introduces PSD and rank(1) constraints

drop the rank(1) constraints



MAPPING PROBLEMS

Question: What if instead of relaxing the Procrustes
matching, we relax the requirement that correspondences

be exact point-to-point bijections?

. lesson:

another strategy is to relax the problem itself to obtain an already
convex formulation instead of performing a proper relaxation.
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SIMPLIFIED TAXONOMY OF CONVEX

Non-standard . _
Linear Programming

(LP)
Quadratic
Programming
Quadratically Constrained (QP)
CONVEX RELAXATION Quadratic Program
(QCQP)
Second-Order Semi-Definite UNCONSTRAINED
Cone Programming Programming
7. Optimal Transport (SOCP) (SDP)

CONSTRAINED



OPTIMAL TRANSPORT

Optimal transport

Monge’s original
formulation

| 5ot T@)duz)
M
1wt =1 NON-CONVEX!

#~ seeking a deterministic map T
that maps points to points.



OPTIMAL TRANSPORT

Optimal transport

Kantorovich relaxation

minﬁf/%c(x,y)dﬂ(a?,y)

s.t. me (o, p1)

seeking a joint probability distribution.

Earth Mover’s Distances
on Discrete Surfaces
Solomon, Rustamov, Guibas, Butscher (2014)

Convolutional Wasserstein Distances:
Efficient Optimal Transportation on
Geometric Domains.

Solomon, de Goes, Peyré, Cuturi, Butscher,
Nguyen, Du, Guibas (2015)

80

-




OPTIMAL TRANSPORT

#~ change of variable

Optimal transport m

Benamou-Brenier

1 {m 2
mlnﬂt Ut/ / _”vt ’ d:ut mln,ut mt/ / H t H de

s.t. Oue + V- (pv) =0 s.t. Ous +V - m—O
1(0) = po, (1) = 1(0) = po, (1) = p
NON-CONVEX! CIONIES




Optimal transport




SIMPLIFIED TAXONOMY OF CONVEX

Non-standard . .
Linear Programming

(LP)
Quadratic
Programming
Quadratically Constrained (QP)
CONVEX RELAXATION Quadratic Program
(QCQP)
Second-Order Semi-Definite UNCONSTRAINED
Cone Programming Programming
(SOCP) (SDP)

8. SOS Relaxations CONSTRAINED



This will connect back to SDP relaxation
Ps




This will connect back to SDP relaxation
Ps




SOS RELAXATION

equivalent to

T~

Reformulation with Linear Objective

Typical Optimization Problem

Iilé%) f(x) max \
s.t. f(x) = A>0
r el

Putinar’s Positivity Theorem

If fis polynomial, then fbeing nonnegative on [
is equivalent to f being expressible as a sum of
squares of polynomials.



SOS RELAXATION

T~

Typical Optimization Problem Reformulation with Linear Objective

min f(x) max \
xecD
s.t. f(z) —A>0
r el
Putinar’s Positivity Theorem Can solve via SOS relaxation if:

. _ . . domain compact with polynomial boundary
If fis polynomial, then fbeing nonnegative on [
is equivalent to f being expressible as a sum of

: objective is polynomial function
squares of polynomials.

Solve resulting problem via SDP relaxation!



SOS RELAXATION
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Marschner, Palmer, Zhang, Solomon (2020
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SIMPLIFIED TAXONOMY OF CONVEX

Non-standard . .
Linear Programming

(LP)
Quadratic
Programming
Quadratically Constrained (QP)
CONVEX RELAXATION Quadratic Program
(QCQP)
Second-Order Semi-Definite UNCONSTRAINED
Cone Programming Programming
(SOCP) (SDP)

CONSTRAINED

9. Convex Substructures



CONVEX SUBSTRUCTURES

. lesson:

A number of optimization problems cannot be recast as fully convex. A
hidden convexity can at least isolate the non-convex part. While this
strategy is not a proper convex relaxation, it can lead to optimization
algorithms that enjoy some of the benefits of convex optimization.



##% ldentifying convex substructure in distortion energies

¢

N

Dq = J¢

Deformation gradient
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CONVEX SUBSTRUCTURES

deformation volume correspondence

Y control ' ARAP
points 006 flipped tets: 28
CX0)

X0
ARAP

flipped triangles: 10

; Ours 4 - Ours Ours
flipped triangles:' flipped triangles: flipped triangles: 0 flipped
13590 0 tets: 0

many possible applications! ) Stein, Li, Solomon (2021)




CONVEX SUBSTRUCTURES

Question: What happens if we add dynamics?

Lagrangian Mechanics

convex concave

N/
minl, L=K—F

the solution of this optimization problem gives
the equations of motion

Not obvious that the hidden
convexity will be helpful!



CONVEX SUBSTRUCTURES

Question: What happens if we add dynamics?

Lagrangiam Machanics Mostly Convex Reformulation

convex concave

convex hidden convexity
N\ / o /
minl, L=K—F min K’ + E’

the solution of this optimization problem gives
the equations of motion Preserve first-order optimality constraints!

Not obvious that the hidden

convexity will be helpfull simplified preview

(not the full story)



Question: What happens if we add dynar.

Lagrangian Mechanics

Solution gives equations of motion

Not obvious that the hidden
convexity will be helpful!

Ve,

7



OUR ROADMAP

OPTIMIZATION

1. The Fundamentals

2. Convexity

3. Why Convexity?

4. Standard Convex Problems
CONVEX RELAXATION

5. Viscosity Solutions

6. Mapping Problems

7. Optimal Transport

8. SOS Relaxations

9. Convex Substructures

SIMPLIFIED TAXONOMY OF CONVEX

Non-standard . .
Linear Programming

(LP)
Quadratic
Programming

Quadratically Constrained (QP)

Quadratic Program

(QCQP)
Second-Order Semi-Definite UNCONSTRAINED
Cone Programming Programming
(SOCP) (SDP)

CONSTRAINED



SUGGESTED READING

OPTIMIZATION
Snakes: Active Contour Models
Kass, Witkin and Terzopoulos (1988)

STANDARD CONVEX PROBLEMS

Bounded Biharmonic Weights for Real-Time Deformation
Jacobson, Baran, Popovi¢, Sorkine (2011)

Controlling Singular Values with Semidefinite Programming
Kovalsky, Aigerman, Basri, Lipman (2014)

RELATED READING
Convex Optimization
Boyd & Vandenberghe (2004)



SUGGESTED READING

VISCOSITY SOLUTIONS

An ADMM-based Scheme for Distance Function Approximation

Belyaev & Fayolle (2020)

A Convex Optimization Framework for Regularized Geodesic Distances

Edelstein, Guillen, Solomon, Ben-Chen (2023)

A Framework for Solving Parabolic Partial Differential Equations on Discrete Domains
Mattos Da Silva, Stein, Solomon (2024)

RELATED READING

Geodesics in Heat : A New Approach to Computing Distance Based on Heat Flow
Crane, Weischedel, Wardetzky (2013)

The Discrete Geodesic Problem

Mitchell, Mount, Papadimitriou (1987)

Fast Exact and Approximate Geodesics on Meshes

Surazhsky, Surazhsky, Kirsanov, Gortler, Hoppe (2005)



SUGGESTED READING

MAPPING PROBLEMS

Point Registration via Efficient Convex Relaxation
Maron, Dym, Kezurer, Kovalsky, Lipman (2016)

Soft Maps Between Surfaces

Solomon, Nguyen, Butscher, Ben-Chen, Guibas (2012)

RELATED READING

Blended Intrinsic Maps
Kim, Lipman, Funkhouser (2011)

OPTIMAL TRANSPORT

Earth Mover’s Distances on Discrete Surfaces

Solomon, Rustamov, Guibas, Butscher (2014)

Convolutional Wasserstein Distances

Solomon, de Goes, Peyré, Cuturi, Butscher, Nguyen, Du, Guibas (2015)
Dynamical Optimal Transport on Discrete Surfaces

Lavenant, Claici, Chien, Solomon



SUGGESTED READING

SOS RELAXATIONS
Hexahedral Mesh Repair via Sum-of-Squares Relaxation
Marschner, Palmer, Zhang, Solomon (2020)

RELATED READING

Sum-of-Squares Geometry Processing

Marshner, Zhang, Palmer, Solomon (2021)

Sum-of-Squares Collision Detection for Curved Shapes and Paths
Marschner”, Zhang™, Solomon, Tamstorf (2023)

CONVEX SUBSTRUCTURES

A Splitting Scheme for Flip-Free Distortion Energies
Stein, Li, Solomon (2022)

Variational Elastodynamic Simulation

Mattos Da Silva, Sellan, Pacheco-Tallaj, Solomon (2025)



THANK YOU FOR ATTENDING!

—~-Questions?

[=55 o]

Presenter’s website



