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MRF-MAP Inference Problem

Approximate Cuts (AC)

| P is the set of pixels, C is the set of cliques. Complimentary Slackness Condition Denoising — 4 Clique: Submodular Potential (Optimal Inference)
argmin E(lp) = z D,(L,) + z We(le) D,, is per pixel unary/data cost.
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pEP ceC W. is clique prior/potential. | - PEeTeple “he )
Which can also be written as
* Inference problem is NP hard in general _ .
ZpEc:lf=a Vepa T ZpEc:lf=b Vepp = Welle) Input AC(0.01s) 1Q(0.4s) FZ(0.2s) DD(6.9s) GTRWS(0.22s) MPI(0.2s)  KS(210.8
: 673535 775052 775052 797675 673535 824715 709283
Higher Order MRF-MAP 673535 673535 668276
| Proposed Gadget for Non-submodular Potentials Stereo — 4 Clique
Allows more complex clique potential based Structural constraints based upon shape T
upon learnt patterns [4]. and gradients can only be encoded using e ‘ ol é
higher order potentials [9]. Gadget for label a Gadget for label b 8y &0 )
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L ‘ | Deblurring — 9 Clique
Reference Dlsparlty D|spar|ty (@‘)@ @(‘)@ m o [
| . ; ;- ' — R

2'C|ique 3_C|ique LJ;

Ground Truth Input(10) AC DD GTRWS FZ IQ
(38.2%.,0.115) (42.18%.,28.8) (38.8%.,5.17) (99.79%,30.45) (99.79%,137.7) (49.29%,0.092)

Inference Algorithms Vepa = fn, —py — fp,—m, Vepb = Ty, 5py — Jop—my beblurring — 4 Cligue
Approximate Inference N 1 , ] .
2-Label First Order Graph Cuts (max flow) QPBO [3] Capacity Constraints: U g r r r'
2-Label Higher Order Generic Cuts [1] Proposed Algorithm, Reduction [8] B B . l ‘ ' .
Multi-Label First Order Ishikawa [9] Alpha Expansion Z (f"a_’pa fpa_’ma) T Z (f"b_’pb fpb_’mb) < Welle) Input(20) AC DD GTRWS KS FZ
Multi-Label Higher Order MLGC [2] Message Passing Variants [10,11,12] pec:il=a pec:lt=b (12.4%,0.009) (14.5%,6.3) (12.5%,0.079) (13.9%.,82.89) (18.4%,0.080) (45.8%.,0.192) (20.9%.0.104)

AC runs orders of magnitude faster with superior visual quality

Primal Dual Weak Persistence
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