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Introduction

Multiple Motion Averaging

Given the relative pose estimates { M, ;
c SE(3)}, find the absolute camera

poses {M; € SE(3)} s.t. the cycle
consistency constraint 1s satisfied [1]:

Mf,;j ~ MjM,L-_l, \4) #,]

Contributions R;;C; +t;

1. With observations D = {q;;, t; } ;.j)er and latent variables (unknown)
Q={q;}~, T ={t;}",andx = {Q, T}, compute MAP estimate:

(Q", T") = argmax p(Q, T|D) =

Q,T
argmax (3 {logp(ay|Q.T) + logp(t,[Q, 1))
Q,T =
(¢,9)€F
Novel probabilistic q : quaternion

model

T Z logp(qi) ™ Z 1ng(ti)) t : translation
2. Obtain the full posterior distribution (via MCMC): Ulx) = =logp(D, x)

x" : global optimum
p(Q, T|D) x p(D|Q,T) x p(Q) x p(T) U= UK
3. with theoretical guarantees: Uy : sample average

N : 1iterations

Samples close o . 6 h 1 o
to the global ‘ Uy — U | — O(Nh | 3 | ﬁ) h : step-size
minimum
4. controlled by a single inverse B = 1:SG-GMC [2]

temperature parameter (. B — o : Riemannian-GD + Momentum

Quaternions & Bingham Distributions

An antipodally symmetric probability distribution lying on
S*~! with PDF B : S*! — R:

1 1

d
B(x; A, V) = = exp(x! VAV x) = 7 6XP (Z'—1 /\i(V;;TX)2)

Ariemann = |[log(R1R5 || = 2arccos(|q1az|) = dpingham(d1, A2)
Proposed Model
ai ~p(ai), ti~p(t), ail~plaiglai,a;), til ~ p(tijla, qj, ti, ;)
aijlana; ~ BA, V(g;ai),  tijlai, a5, ti, b5 ~ N (i, 07T)
mode = most likely relative pose:

arg max { p(qu;|ai, q;) = B(A, V(q;Q)) | = q;Q-
q:; )
i —q42 —(3
42 di1 d4
—{4 q1

44 q3 —q2

S3 is a parallelizable manifold:

) V(q) =
pi; =t; —(q,;9;)ti(q:q;)

Proposed SDE
G(f(t)_lptdt

Split SDE
(d%; = G~ p.dt
: \dpt — %V(p;rG_lpt)dt
[d%, =0
\dpy = —cpydt

_ 1
— —(VgUA(Xt) + §V§c log |G‘
1
+cp: + =Vi(p, G™* )dt (
Pt + 5Vx(py G pt) &y = O

+ \/(QC/ﬁ)MTM dW, 0:{ dpt = —(VUx(x¢) + :Vog |G|)dt
+\/EMTMAW,.

Hamiltonian Paths converge
to a measure with density:

— 3 =20
—3=6

f=1

. . . . . A ~
G : Riemannian metric, c: friction, M = 0x;/0X;

p : momentum, dW; : Brownian motion

_ {4 t
tnt, v=Avy, ..., va vl L.

1 illpllt: X0 = {ql,. ooy Qn,t1, ...
2 for:=1,...,Ndo
Compute the gradient V, U (x;)
// Update the rotation components

for;=1,....,ndo

| Run the B, O, A steps (in this order) on qj, v
// Update the translation components
forj=1,...,ndo

L Run the B, O, A steps (in this order) on t, V;-

Qualitative

Results In a

simple

algorithm
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