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• Input:


• Model:





• Estimation rule:





where, 

ℱ ≜ {f : ℝd → ℝ | f is convex} .

̂f ≜ arg min
f∈ℱ

1
n

n

∑
i=1

(yi − f(xi))2 + λ∥f∥,

∥f∥ ≜
d

∑
l=1

sup
x

sup
v∈∂xl f(x)

|v |

Problem setup
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(x1, y1), …, (xn, yn) | xi ∈ ℝd, yi ∈ ℝ .



Using [Boyd & Vandenberghe (2004)], the estimation rule for  is 
equivalent to solving:





And then constructing  as:





̂f

min
̂yi, ai

n

∑
i=1

( ̂yi − yi)2 + λ
d

∑
l=1

nmax
i=1

|ai,l |

s . t : ̂yi − ̂yj ≥ ⟨aj, xi − xj⟩, i, j ∈ [n] .

̂f
̂f(x) ≜ nmax

i=1
⟨ai, x − xi⟩ + ̂yi

Convex formulation
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y = x2

x

y

https://scholar.google.com/citations?user=neEGcewAAAAJ&hl=en&oi=sra


Theorem 1: [from He & Yuan (2012)] Consider the separable convex optimization problem,





Let  and  be solutions at iteration  of a two block ADMM procedure with learning rate . 


Denote:  and  the optimal solution. For all   we have:





              

min
b1∈-1,b2∈-2

[ψ(b1, b2) = ψ1(b1) + ψ2(b2)] s . t : Ab1 + Bb2 + b = 0,

b1
t b2

t t ρ

(b̃1
T, b̃2

T) = ( 1
T

T

∑
t=1

b1
t ,

1
T

T

∑
t=1

b2
t ) (b*1 , b*2 ) κ

ψ(b̃1
T, b̃2

T) − ψ(b1
*, b2

*) − κT(Ãb1
T + B̃b2

T + b) ≤ 1
T ( ρ

2 ∥Bb2
*∥2 + 1

2ρ
∥κ∥2),

Convergence
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Theorem 2: Let be the output of convex regression ADMM at  iteration,


Set  ,    and 


Denote.   . 


Assume  and  .  For   and   we have:


               

{ ̂yt
i, at

i}n
i=1 tth

ỹi ≜ 1
T

T

∑
t=1

̂yt
i ãi ≜ 1

T

T

∑
t=1

at
i ρ = dλ2

n

f̃T(x) ≜ max
i

⟨ãi, x − xi⟩ + ỹi

max
i,l

|xi,l | ≤ 1 Var({yi}n
i=1) ≤ 1 λ ≥ 3

2nd
T ≥ n d

1
n

n

∑
i=1

( f̃T(xi) − yi)2 + λ∥ f̃T∥ ≤ min
f∈ℱ (1

n

n

∑
i=1

(f(xi) − yi)2 + λ∥f∥) + 6n d
T + 1

Convergence
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SOTA computational complexity for Lipschitz convex regression:


          .  


Out result: 


         .

O( n5d2

ϵ )

O( n3d1.5 + n2d2.5 + nd3

ϵ )

Computational complexity
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Experiments
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Experiments with DC regression - R2
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Geographical Original of Music−longitude
n=1059, d=68

Parkinson Speech Dataset
n=702, d=52

Parkinson Telemonitoring−motor
n=4406, d=25

Parkinson Telemonitoring−total
n=4406, d=25

Seoul Bike Sharing Demand
n=6570, d=19

Wine Quality
n=4898, d=11

Bias Correction of Temperature Forecast−low
n=6200, d=52

Combined Cycle Power Plant
n=9568, d=4

Communities and Crime
n=1994, d=122

Concrete Compressive Strength
n=1030, d=8

Garment Productivity
n=905, d=37

Geographical Original of Music−latitude
n=1059, d=68

Air Quality−C6H6
n=7110, d=21

Air Quality−CO
n=7110, d=21

Air Quality−NO2
n=7110, d=21

Air Quality−NOx
n=7110, d=21

Airfoil Self−Noise
n=1503, d=5

Bias Correction of Temperature Forecast−high
n=6200, d=52
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Experiments with Learning Bregman Divergences 
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Breast Cancer Wisconsin
n = 569, d = 30

Iris
n = 149, d = 4

Wine
n = 178, d = 13

Abalone
n = 4177, d = 10

Balance Scale
n = 625, d = 4

Blood Transfusion
n = 748, d = 4
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Breast Cancer Wisconsin
n = 569, d = 30

Iris
n = 149, d = 4

Wine
n = 178, d = 13

Abalone
n = 4177, d = 10

Balance Scale
n = 625, d = 4

Blood Transfusion
n = 748, d = 4
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• Check out our paper: Faster Algorithms for Learning Convex 
function

Thank you


