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Background: Sparsity in signal representation

I Compressive sensing (CS) for signal recovery

min
xxx
‖xxx‖0/1 subject to yyy = AAAxxx

I Model-based compressive sensing

1. Wavelet coefficients modeled as connected trees

xxxTK = arg min
x̄xx
‖xxx − x̄xx‖2 s.t. x̄xx ∈ TK

2. Probabilistic prior models

max
xxx

f (xxx) subject to ‖yyy −AAAxxx‖2 < ε

3. Laplacian MAP estimation

arg max
xxx

exp

{
−λ
∑

i

|xi|

}
⇔ arg min

xxx
‖xxx‖1

Sparse representation-based classification (SRC)

I Use CS analytical framework→ design class-specific dictionaries
I Assumption: New image lies in linear span of training from the same class

yyy = xi ,1aaai ,1 + xi ,2aaai ,2 + . . . + xi ,Niaaai ,Ni = AAAixxx i

I yyy → sparse linear combination of all training samples:

yyy =
[
AAA1 AAA2 . . . AAAM

] 
xxx1
xxx2
...

xxxM

 = AAAxxx

I Membership of yyy encoded by sparse representation

xxx =
[
000T . . . 000T xxxT

i 000T . . . 000T
]T

I Solve the sparse recovery problem:

x̂xx = arg min ‖xxx‖1 subject to ‖yyy −AAAxxx‖2 ≤ ε

I Class decision based on reconstruction residuals:

identity(yyy) = arg min
i
‖yyy −AAAδi(x̂xx)‖2

Contribution: SSPIC

I Challenge:
I Abundant training necessary for sparse linear model to be valid

I Solution: Model-based extension to SRC
I Design class-specific priors to capture discriminative sparse structure

I What priors to use?

I Spike-and-slab prior

x ∼ (1− γ)δ0 + γp(x)

I Gold standard for sparse Bayesian inference
(Titsias, NIPS 2011)

Set-theoretic interpretation

Illustration: Face recognition using spike-and-slab priors

Analytical formulation

I Bayesian set-up:

yyy |AAA,xxx , γγγ, σ2 ∼ N
(
AAAxxx , σ2III

)
xi|σ2, γi, λ ∼ γiN (0, σ2λ−1) + (1− γi)I(xi = 0)

σ2|τ1, τ2 ∼ Γ−1(τ1, τ2)

γi|κi ∼ Bernoulli(κi), i = 1, . . . ,n.
I MAP estimation

f (xxx , γγγ, σ2|AAA,yyy , λ, τ1, τ2,κκκ) ∝ f (yyy |AAA,xxx , γγγ, σ2)f (xxx |γγγ, σ2, λ)f (σ2|τ1, τ2)f (γγγ|κκκ)

(xxx∗, γγγ∗, σ2∗) = arg min
1
σ2(yyy −AAAxxx)T (yyy −AAAxxx) + m logσ2

+
xxxTxxx
σ2λ−1 +

(
n∑

i=1

γi

)
log
(

2πσ2

λ

)
+

2τ2

σ2

+2(τ1 + 1) logσ2 +
n∑

i=1

γi log

(
(1− κi)

2

κ2
i

)
I Tractability of optimization problem→ choose single κ per class

Summary and observations

I Modified optimization problem

L(xxx , γγγ, σ2) =
1
σ2

{
‖yyy −AAAxxx‖2

2 + λ‖xxx‖2
2 + ρσ2,λ,κ‖xxx‖0

+(m + 2τ1 + 2)σ2 logσ2 + 2τ2
}

I Multiple per-class problems

xxx∗Ci
= arg min

xxx
‖yyy −AAAxxx‖2

2 + λCi‖xxx‖
2
2 + ρCi ,σ2,λ,κ‖xxx‖0

I Comparison with SRC
1. Sparse structure enforced by a weighted combination of `0 and `2-terms

2. Class-specific weights on `0 and `2-terms→ more discriminative
compared to class-specific dictionaries in SRC

I Practical benefit: Use of well designed class-specific priors alleviates
burden on number of training images required

Problem I: Face recognition

Table: Overall recognition rates:
Extended Yale B database

Method Recognition rate (%)
SSPIC 97.3
SRC 97.1

Eigen-NS 89.5
Eigen-SVM 91.9
Fisher-NS 84.7

Fisher-SVM 92.6

Table: Disguise: AR database
Method Recognition rate (%) Recognition rate (%)

Sunglasses Scarves
SSPIC 95.1 91.6
SRC 93.5 90.1

Eigen-NS 47.2 29.6
Eigen-SVM 53.5 34.5
Fisher-NS 57.9 41.7

Fisher-SVM 61.7 43.6

Figure: Sample images: Extended
Yale B.

Figure: Classification variation with
training set size: Extended Yale B.

Problem II: Object categorization (Caltech-101 dataset)

Figure: Sample images.
Figure: Classification variation with
training set size.
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