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1. Overview
GOAL: Propose an e�cient and exact inference algorithm based on 
branch-and-bound (BB) to solve the human pose estimation problem on
loopy graphical models

Motivation:
- Cast human pose estimation problem as MAP-MRFs inference problem
- Solving MAP inference on general MRFs  is challenging

Pros:     e�cient inference by dynamic
programming (       ).
Cons:     approximated model;
     common misclassi�cation errors.

Pros:     more interactions between parts.
Cons:     exact inference NP-hard;
     require approximated inference [1] or 
reduced state space.

Contributions:
- Solve loopy models with large # of part hypotheses exactly.
- E�ciency is provably guaranteed when  # of nodes is small.
- Up to 74 times faster than competing techniques [2] !
- Enable more accurate results than non-loopy models [3] !

Key Intuitions:
- Flexible bound by relaxing the loopy model into a mixture of star models.
- Novel data structure (BMT) and an e�cient search routine
  (OBMS) to signi�cantly reduce the time complexity for calculating the
  bound in each branch of the BB search
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search for the best body parts locations                 .

Tree Model [3,8,11]Models:
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- Source code available online (http://www.eecs.umich.edu/vision/BBproj.html).
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2. Branch-and-Bound Basic
- Bound:                    of 
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3. Flexible Bound 
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Mixture of Star Models:
(Time complexity      ) )O(H2

β),θ(h;max)β,θ;(UB u
h

u
N

f R
N θ);(hMAPf≥=Η Η∈

Bounds:

(Constant time) θ);(hθ));((h)β,θ;(LB MAP*u
NN ff ≤Η=Η

Tightness of the Bound: 

-   controls the tightness of the bound.β
)β,θ;(LB)β,θ;(UB uu

NN Η−Η=Primal-Dual-Gap (PDG)

- PDG reduced by solving   using Message Passing [1].β
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4. E�cient Bound
Naive Bound: time complexity             ; H is #states.)O(H2

Branch-Max-Tree (BMT): Similar to [5]
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- E�cient data structure: given A =[10 8 -1 5].

Building time: O(H) Query time: O(1)

Opportunity Branch-Max-Search (OBMS)

Max(A[0..3]) = 10

Max(A[0,1]) = 10

Max(A[2,3]) = 510 8 -1 5 
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BMT

- Time complexity: O(H).
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Given, A[0] was the max.

- Opportunity Search by updating BMT :  ][Âmax iˆ
i

h
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Given A =[10 8 -1 5] and A=[6 7 -2 4].ˆ

Update BMT by A[0]ˆ
Is A[0] the max? Noˆ

Update BMT by A[1]ˆ
Is A[1] the max? Yesˆ

- Time complexity:         , Q<<H.H)O(Qlog2

6. Experiment Results
Human Pose Estimation (HPE): 
extending a tree-model (CPS) [3] to a fully-connected model.

Video Pose Estimation: 
Solving Stretchable Model (SM) [4]
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Baseline Methods : CP [2]      (q is max cluster size).

- WithOBMS
74 times faster
than CP [2]

- Solve 13 out of 18 sequences within 20 minutes.
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7. Conclusion
- Flexible bound for MRFs with 
  di�erent structures (HPE and SM).

- Faster than state-of-the-art
  exact Inference (CP) [2].
- Loopy model achieves superior
  accuracy than tree model [3].

- BMT and OBMS are used to
  speed up from      to         .)O(H2 H)O(Qlog2

Guided Variable Selection (GVS): Split the selected variable,
e.g., human pose: select a speci�c body part.

- Re-de�ne Upper Bound

- Re-de�ne Lower Bound

- De�ne Node-wise-Local-Primal-Dual-Gap (NLPDG)

- Properties of NLPDG

Variable State Ordering (VSO)
- Split by domain knowledge.
   E.g.: Human Pose: 
   location of body part.

-Select the Largest NLPDG

5. Branching Strategy

Primal-Dual-Gap (PDG) = sum of NLPDG

PDG = 0 implies the BB search is completed.
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