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This document comprise of supplementary material accompanying [1].

1. Inference as MILP

The complete set of linear inequality constraints for ¢ and m is as follows:

Ci 2 Yijs Cj 2 Yig Yig = Ci+¢—1, (1)
Vi,j: 0; and 0j € Ope, 0 < u;’,’}s < Qobs,
Vi,j: 0; or 0j € Ogpe, 0 < uff}s <l

Ci 2 Ty, Cf 2 Ty, Tij > ¢ +cj—1, (3)
Vi, j: 0; and 05 € Oy, 0 < u%—t < Wint,
Vi, j: 05 0r 05 € Ogpe, 0 < uéf}t < Ay

¢+ ¢y <1, (5)

. int obs
Vi,j: 0; and 05 € Ooc, g5 = Qint V 157 2 Qobs,

S wnt / obs /
Vi,j i 0; or 0j € Ospe, iy = Qipe V175 2 Q-

m; > Wy j, My > Wy j, Wi > My +mj—1, Vi, j (7)
mi< Y o v (8)
k:sj€ox

Cr = Zjg, My <1 — 25k, 25k = cp —my, (10)
Vk 1 o € Ope, 0 < p3% < Qipt,
Vk : op € Ogpe, 0< /L?’C}CC < a;m.



2. Parameter Learning

Algorithm 1 Parameter Learning using the Structured SVM Formulation

Input: Training set: 7 = {(y",x")}1xn; € convergence threshold; initial parameters \g

Output: Learned parameters \*
1: S« 0 // initialize working set of low energy labelings which will be used as active constraints
2: A+ Ao // initialize the parameter vector
3: while A\ > ¢ do
4: forn=1...Ndo

5: y* < argmin E(y,x™;\) — A(y(™),y)
yey

6 if y* # y(") then
7 S < S U {y*}
8 end if
9 end for
10: A < argmin 2[A2+ £ 3¢,

A n
11: st. A>0,¢&,>0, // update the parameters such that
12: E(y,x™\) — E(y",x™\) > A(y™,y) — &, Vy € S V¥n  // ground truth has lowest energy

13: end while

The training set consists of input image (x) and annotation (y) pairs. The annotations y have labeled
cluttered /non-cluttered regions as well as the ground truth cuboids. The energy minimization step in Algorithm 1
(line 5) is solved using the branch and bound method. The weight update step in Algorithm 1 (lines 10 - 12) can
be solved using any standard quadratic program solver.

We use the re-scaled margin energy function formulation of Taskar et al. [3] in the above algorithm. The
re-scaled margin cutting plane algorithm efficiently adds low energy labelings to the active constraints set and
updates the parameters such that the ground-truth has lowest energy. A(-) is the IOU loss function for cuboid

matching, defined as :
(n)
n Z Yi  NYi
A(y( ),Y): (1—|(n)z>-

In our case, the initial parameters (\g) are estimated using the piece-wise training method described in [2]. Rea-
sonable estimates of initial parameters make the parameter learning process efficient and less prone to stucking
into local minima.
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