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Can we uniquely recover the dynamics from m density snapshots?
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Pushforward uniqueness

(Q1): Does {(p;, f#p;) 11
uniquely identify £?
T
'm>2d+1

Thm: Yes, for a generic
set of densities D.

Pl P2 P3
i i i
P v '

Jfap1 fap2 Jap3

1
1
1
1
1

Infinitesimal case

Divergence uniqueness

4 N m
g (Q2): Does {(p;,div(pjv)},
I uniquely identify v?
RS : J
] ;m >2d+1
1 s ~
: Thm: Yes, for a generic
L set of densities D.

[ J
V-(p1v) V- (p2v) V- (p3v)
S = > =



Unique Recovery of Transport Maps (cont.)

Time-dependent data

(Q3): Do our results gener- |
alize if p; = (h"*l) #p1?

_______________________



Unique Recovery of Transport Maps (cont.)

Time-dependent data

(Q3): Do our results gener-
alize if p; = (W71) #p1?

_______________________



Unique Recovery of Transport Maps (cont.)

Time-dependent data

7 AY
(Q3): Do our results gener- |
alize if p; = (W71) #p1?

Y

1
1

1

1

1

! 1

: rm>2d+1
1

1

1

1

1

Thm: Yes, under a technical
assumption on p1/h#p1.
\




Unique Recovery of Transport Maps (cont.)

® Generative models

Time-dependent data Applications
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® Measure-valued data fitting
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Fix m > 2d + 1. There exists a generic subset D C D} (M,R™) such that for every (p1,...,pm) € D:
1. If f#p; = g#p; for 1 <j < m and f,g € Diff'(M, N), then f = g.
2. If div(p;v) = div(pjw) for 1 < j < m and v,w € X}(M), then v = w.

Assume f#p; = g#p;. Then,

pi(fH(x)) det df | = pi(g 7" (x))| detdg ', 1<j<m.

Thus,

pj(f_l(X)) _ pj(g_l(x)) 1<j<m-1.

pm(f7H(x))  pm(g71 (X))’
If & = (p1/Pms---sPm—1/pm) is an embedding (!), then Pof 1 =dogland f =g. O
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Figure: Input densities p; (top) and output densities f#p; (bottom).
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Thank you for your attention!
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