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Data is precious! 
High-dimensional, small-sample size
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•  (number of samples)  (data-dimensionality) 

• Performance degrades sharply with decrease in 

N > p
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XCS ∣ Y ∼ 𝒩(ανy, αΣyα⊤)
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X ∣ Y ∼ 𝒩(ανy, αΣyα⊤ + α0Σ0α⊤
0 )
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X ∣ Y ∼ 𝒩(ανy, αΣyα⊤ + α0Σ0α⊤
0 + Ψ)
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Inference

Maximize:  ℒ(α, α0, Σy, Σ0, Ψ)

CFAD:

Riemannian Optimization

X ∣ Y ∼ 𝒩(ανy, αΣyα⊤ + α0Σ0α⊤
0 + Ψ)

Orthonormal matrices: ,  
  

α α0
α ⊥ α0



smooth-CFAD

Maximize:  ℒ(α, α0, Σy, Σ0, Ψ) + log(prior)



Maximize:  ℒ(α, α0, Σy, Σ0, Ψ) + λ
1
2

Tr(α⊤Dα)

smooth-CFAD

Smoothness prior

α

p

d



Visual Object Recognition

X → α⊤X → Y
ℝp ℝd

Haxby et. al., 2001



per class, 

Visual Object Recognition

8-class classification accuracy; 12.5% is chance performance

p ∈ (307 − 675)N = 100

1. Vogelstein et. al., 2017 
2. Cook, 2007; Cook & Forzani, 2009

1

Existing SDR methods
2



per class, 

HCP Working Memory Task

4-class classification accuracy; 12.5% is chance performance

p = 3093N = 132

Barch et. al., 2013

(N < p)



Conclusion

CFAD adds to the limited literature on high-dimensional small-sample size data. 

It shows improved classification performance on real-world fMRI datasets.


