
Outline
. . . .
Introduction

. . . . . . . . .
Adaptive Penalty Shen and Ye’s proposal Proof Conclusion

.

.

. ..

.

.

Adaptive Linear Regression Selection

Hung Chen

Department of Mathematics
Joint work with Mr. Chiuan-Fa Tang

Hsu Centennial Memorial Conference at Peking University

7/07/2010



Outline
. . . .
Introduction

. . . . . . . . .
Adaptive Penalty Shen and Ye’s proposal Proof Conclusion

.
. .1 Introduction

Objective
Nested Linear Regression Models

.
. .2 Adaptive Penalty

Unbiased Risk Estimate
Generalized degrees of freedom

.
. .3 Shen and Ye’s proposal

.
. .4 Proof

.
. .5 Conclusion



Outline
. . . .
Introduction

. . . . . . . . .
Adaptive Penalty Shen and Ye’s prop0.630 q Q q 1 0 0 1 78.71 59.79 cm Q 2rop0.630 q Q q 1 5a.630 q Q7tcm Q 2.83482 1.4174 m  q Q q 1 0 0 59.72 Td[(Intro)P(ductioof 0 1 78.71 59.79 cm Q 2rop0.630 q Q q 1 5a.630 q Q7tcm Q 2.83482 1.4174 m  q Q q 1 0 0 53.8 Td[(Intro)ConclusJ ET 0 G 0 g 0.36 0. 0.36 0. 0.36 0. 0.36 0. 0.36 0 5.978 Tf -63.5 66.02 54821utlinebjec353(P 0 G 0 g 0.36 0. 0.36 0. 0.36 0. 0.36 0. 0.36 0g 0 G 0 g q 1 0 0 1 -72 46.1 cm382 m0 Do Q10 G 0 g 0 G 0 g84 0.94 RG 0.84 0.84 0.94 rg 0 G 0 g84 0.94 RG 0.84 0.84 0.94 rg 0 G 0 -200.125.513 272.1366.26Q 0 G 0 g84 0.94 RG 0.84 0.84 0.94 rg 0 G 0 g 0 G 0 g 0 G 0  5.971364.3463.5 66.02 36 0Intro)Myp)226(Ow(and27(Curiosit)27(ET 0 G 0 g 0 G 0 g84 0.94 RG 0.84 0.84 0.94 rg 0 G 0 g 0 G 0 g 0 G 0 0 1 -72 46.1 c24.18m0 Do Q20 G 0 g 0 G 0 g 0 G 0 g 0.36 0.cm Q 2rop0.630 q 2 q 2 q 784 0.82 q 2 q 78 0 0 1 -2.42 536 43 7.2Fm0 Do Q70 G 0 g 0 G 0 g 0 G 0  5.9774 g 009.42 59194 r7.01utlinHo)27(wand32(doand34(wa27(eand32(getand34(a(and33(unbiaedand33(riskand34(estimateand33(op07(redi]TJ ETnd33(erro)27(r)T 0 G0 -11.79 tlinwithTnd33(mduct8(delTnd33(sele]TJ E?P 0 G 0 g 0.36 0. 0.36 0. 2 q 2 q 784 0.82 q 2 q 78 0 0 1 -2.42 59.635 56 780 Do Q80 G 0 g 0 G 0 g 0 G 0  5.974 9.793.42 50[(In 56 .)]TJ CP 0 G/F5 6 .q Q81 5.37n 502 ]TJ pP 0 G/F2 9.793.42 7.79 502 ]TJ isand32(der53(dand34(toTnd33(g53(P)233(a(and34(unbiasedand33(op07(redi]TJ ETnd33(erro)27(rand32(w54(and33(aP 0 G 59.7 -11.79 tlinpa)27(rticulaalt)rTnd33(mduct7(delT 0 G/F4 9.793.42 7.88 rgntro)MP 0 G/F5 6 .q Q81 9.7In 5.4.)]TJ kP 0 G/F2 9.793.42 8[(In5.4.)]TJ isand32(used.T 0 G 0 g 0 G 0 g82 q 2 q 784 0.82 q 2 q 78 0 0 1 -2.42 59.635 4.88280 Do Q80 G 0 g 0 G 0 g 0 G 0  5.972 9.793.42 50[(In 4.881utlinTheand33(op07(redi]TJ ETnd33(erro)27(rand32(of nd34(aTnd33(TJ Ea)27(rand32(mduct8(delT 0 G/F4 9.793.42 1cm 9rgntro)MP 0 G/F5 6 .q Q81 9.7In 5.5)]TJ kP 0 G/F2 9.793.42 8[(In5.2 ]TJ isa 0 G/F4 9.793.42 -103.08n 56 .4ntro)PEP 0 G/F2 9.793.42 1.02 gntro)(P 0 G494 r2.4.)]TJ ˆP 0 G/F6 9.793.42 50[79 -2.4.)]TJ �P 0 G/F5 6 .q Q81 5.92 59.74)]TJ kP 0 G/F2 9.793.42 9.7 9.74)]TJ )Tct77(=T 0 G/F4 9.793.42 17.12 gntro)EP 0 G/F7 9.793.42 7.12 gntro)kP 0 G/F8 9.793.42 9.9 rgntro)YP 0 G/F9 6 .q Q81 7.58 9.45)]TJ �P 0 G/F7 9.793.42 6 n Q-9.45)]TJ �P 0 G/F8 9.793.42 9.79rgntro)XP 0 G/F5 6 .q Q81 7.31n 5.5)]TJ kP 0 G/F2 9.793.42 5.66 3.9.)]TJ ˆP 0 G/F6 9.793.42 50[79 -2.4.)]TJ �P 0 G/F5 6 .q Q81 5.92 59.74)]TJ kP 0 G/F7 9.793.42 9.69 9.74)]TJ kP 0 G/F1 6 .q Q81 9.9 r4.11utlin2P 0 G/F2 9.793.42 -189.75 591905)]TJ w54reP 0 G/F8 9.793.42 27.54rgntro)YP 0 G/F9 6 .q Q81 7.58 38828]TJ �P 0 G/F2 9.793.42 7.7 538828]TJ comesTnd33(fromTnd33(sameand33(distribuTJ ETnd34(asP 0 G/F8 9.793.42 138 2 qntro)YP 0 G/F2 9.793.42 10 9rgntro)iETnd33(theand34(trainingP 0 G 592.12 -11.75)]TJ data.P 0 G 0 g 0.36 0. 0.36 0. 2 q 2 q 784 0.82 q 2 q 78 0 0 1 -2.42 536 43 -98.4m0 Do Q70 G 0 g 0 G 0 g 0 G 0  5.9774 g 009.42 59194 r-98.6utlinTheand30 �rstand31(lduct7(caland31(minimumand30 Lassoand31(coupledand30nwithT 0 G/F4  g 009.42 203.69rgntro)CP 0 G/F5 7.02 81 5.97n 5093.4TJ pP 0 G/F2  g 009.42 8 n Q5093.4TJ setsand30nalmostand31(allT 0 G5917.02 -11.76)]TJ ˆP 0 G/F104 g 009.42 55.59 -2.72)]TJ �P 0 G/F5 7.02 81 5.18n 5.79 ]TJ jP 0 G/F2  g 009.42 7.12 5.79 ]TJ (P 0 G/F104 g 009.42 4.24rgntro)�P 0 G/F5 7.02 81 5.17n 5.79 ]TJ jP 0 G/F2  g 009.42 6.52 5.79 ]TJ =Tct77(0)Tcd33(toand34(zeroTnd33(exceptTnd33(thoseP 0 G122.72 2.72)]TJ ˆP 0 G/F104 g 009.42 55.55 -2.72)]TJ �P 0 G/F5 7.02 81 5.17n 5.79 ]TJ jP 0 G/F2  g 009.42 7.12 5.79 ]TJ exceedingPnd33(theand33(thresholdP 0 G/F7  g 009.42 5564.29G 59.56 ]TJ jP 0 G/F2  g 009.42 9.59 9.73)]TJ ˆP 0 G/F104 g 009.42 55.55 -2.73)]TJ �P 0 G/F7  g 009.42 6.74rgntro)jP 0 G/F1 7.02 81 3.03 -2.0Intro)(P 0 G/F5 7.02 81 3.29rgntro)pP 0 G/F11 7.02 81 9.7 0)]TJ �P 0 G/F1 7.02 81 5.82 qntro)ˆP 0 G/F5 7.02 81 50[23rgntro)pP 0 G/F1 Tf 45.97 6.37n 5017ntro)0P 0 G/F1 7.02 81 3.67  017ntro)+1)T 0 G/F2  g 009.42 18 25 2.0Intro)w54(and33(theand33(regresso)27(rsand33(aP07(reand32(o)26(rthogonal.P 0 G 0 g 0.36 0. 0.36 0. 2 q 2 q 784 0.82 q 2 q 78 0 0 1 -2.42 59.635 539.79 0 Do Q80 G 0 g 0 G 0 g 0 G 0  5.972 9.793.42 50[(In 539.5.)]TJ Noteand33(thatP 0 G/F7 9.793.42 37.16n 56 .4ntro)kP 0 G/F8 9.793.42 9.99rgntro)yP 0 G/F7 9.793.42 7.34 0)]TJ �P 0 G/F2 9.793.42 10 75 qntro)ˆP 0 G/F1049.793.42 50[78 0)]TJ �P 0 G/F5 6 .q Q81 5r4.1Intro)LST 0 G0 -6.58 ]TJ kP 0 G/F7 9.793.42 6.26Q6 46)]TJ kP 0 G/F1 6 .q Q81 9.9 r4.12utlin2P 0 G/F2 9.793.42 5.97n 4.12utlin=P 0 G/F7 9.793.42 10 52 gntro)kP 0 G/F8 9.793.42 9.9 rgntro)yP 0 G/F7 9.793.42 7.35 0)]TJ �P 0 G/F2 9.793.42 10 75 qntro)ˆP 0 G/F1049.793.42 50[79 0)]TJ �P 0 G/F5 6 .q Q81 5r4.1Intro)Lassoa 0 G0 -6.58 ]TJ kP 0 G/F7 9.793.42 17.94Q6 46)]TJ kP 0 G/F1 6 .q Q81 9.9 r4.12utlin2P 0 G/F7 9.793.42 6 42n 4.12utlin�P 0 G/F4 9.793.42 9.79rgntro)kP 0 G7 6.74rtro)nT q 1 0 0  w  q w 171.69r-154.0 Q q177.19r-154.0 Ql S/F1 5.974 9.793.42 171.69r-1632.83tro)pP 0 G/F7 9.793.42 6 n3 5.83)]TJ kP 0 G/F2 9.793.42 6 4r2.4.)]TJ ˆP 0 G/F1049.793.42 51 42n 2.4.)]TJ �P 0 G/F7 9.793.42 6 16rgntro)jP 0 G/F1 6 .q Q81 2.79 4.12utlin2P 0 G0 -6.83)]TJ (P 0 G/F5 6 .q Q81 2.88rgntro)pP 0 G/F9 6 .q Q81 9.11 0)]TJ �P 0 G/F5 6 .q Q81 5.23rgntro)kP 0 G/F1 6 .q Q81 9.19 0)]TJ +1)T 0 G/F1049.793.42 12.85 2.79 ]TJ :P 0 G 0 g 0.36 0 5.9774 g 009.42 59194 r-179 46



Outline
. . . .
Introduction

. . . . . . . . .
Adaptive Penalty Shen and Ye’s proposal Proof Conclusion

Nested Linear Regression Models

Linear Regression Models

Consider a linear regression model with normal error,

Y = µ+ ϵ = Xβ + ϵ,

where

X = (x1, . . . , xp) is an n × p matrix,

β = (β1 . . . , βp)
T ,

µ = (µ1, . . . , µn)
T = Xβ,

ϵ = (ε1, . . . , εn)
T ∼ N(0, σ2I), and σ2 is known.
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Nested Linear Regression Models

Nested Models

We only consider the nested linear competing model

{Mk , k = 0, . . . , p}.

Lasso leads to a data-driven nested models.

For model Mk , βj 6= 0 for j ≤ k and βj = 0 for j > k.

β’s are estimated by the least square method and

µ is estimated by
µ̂Mk

= PMk
Y,

where PMk
is the projection matrix corresponding to model

Mk .

Its residual sum of squares is defined as

RSS(Mk) =
(
Y − µ̂Mk

)T (
Y − µ̂Mk

)
.
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Nested Linear Regression Models

Model Selection

If AIC (Mallows’ Cp) is used to score models, we choose the model
M̂ by minimizing

RSS(Mk) + 2|Mk |σ2

with respect to all competing models {Mk , k = 0, . . . , p}, where
|Mk | is the size of Mk .
Note that

It does not include the random error introduced in model
selection procedure.

What can be done?

Refer to the proposal in Shen and Ye (2002).



Outline
. . . .
Introduction

. . . . . . . . .



Outline
. . . .
Introduction

. .



Outline
. . . .
Introduction

. . . . . . . . .
Adaptive Penalty Shen and Ye’s proposal Proof Conclusion

Generalized degrees of freedom

Shen and Ye’s proposal (2002, JASA)

Shen and Ye (2002) proposed to choose λ > 0 to minimize the
unbiased risk estimator

λ̂ = argminλ>0

{
RSS(M̂(λ)) + g0(λ)σ

2
}
.

The resulting selected model is M̂(λ̂).
As an attempt to understand their proposal, consider the situation

BIC is consistent (no underfitting).

nested competing models

λ ∈ [0, log n]

Is
M̂(λ̂) = M̂(log n) = Mk0

or λ̂ = log n?
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Generalized degrees of freedom

Assumptions: BIC is consistent

Recall that p0 is the number of covariates in the true model.
Assume that

Assumption B1. There exists a constant c > 0 such that
µT (I− PMk

)µ ≥ cn for all k < p0, where

µ = Xp0(β1, . . . , βp0)
T

is the mean vector of the true model.

Assumption B2. The simple size n is large enough such that
cn > 2p0 log n.

Assumption N. log n > 2 log(p − p0).
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Generalized degrees of freedom

Determine g0(λ).

It follows from the results of Spitzer (1956), Woodroofe (1982)
and Zhang (1992) that, for all λ ∈ [0, log n],

g0(λ) = 2

p−p0∑
j=1

[
P(χ2

j+2 > jλ)
]
+ 2p0.

Note that

g0(λ) is strictly decreasing.

g0(0) = 2p.

g0(log n) → 2p0 as n → ∞.
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Generalized degrees of freedom

AMS improves.

Consider a simulation study with p0 = 0, p − p0 = 20, n = 404
(log n = 6), and σ2 = 1.
The black points are RSS(M̂(λ))− RSS(Mp0) and the blue points
are RSS(M̂(λ)) + g0(λ)− RSS(Mp0).

02468 -100 10 20K-k_0=20l
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Generalized degrees of freedom

AMS may not work but how often?

0 1 2 3 4 5

80
90

100
110

K k_0=20
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Generalized degrees of freedom

Probability of correct selection:

M̂(λ̂) = Mp0+ [0, log n] [0.5, log n] [1, log n] [1.5, log n] [2, log n]
0 0.5457 0.5457 0.5457 0.6483 0.7539
1 0.0565 0.0565 0.0565 0.0681 0.0807
2 0.0312 0.0312 0.0312 0.0386 0.0474
3 0.0262 0.0262 0.0262 0.0320 0.0348
4 0.0239 0.0239 0.0239 0.0283 0.0249
5 0.0188 0.0188 0.0188 0.0227 0.0166
6 0.0156 0.0156 0.0156 0.0190 0.0103
7 0.0134 0.0134 0.0134 0.0169 0.0071
8 0.0136 0.0136 0.0136 0.0157 0.0051
9 0.0140 0.0140 0.0140 0.0151 0.0041
10 0.0155 0.0155 0.0155 0.0132 0.0039
11 0.0155 0.0155 0.0155 0.0107 0.0022
12 0.0153 0.0153 0.0153 0.0106 0.0018
13 0.0163 0.0163 0.0163 0.0097 0.0018
14 0.0177 0.0177 0.0177 0.0080 0.0015
15 0.0185 0.0185 0.0185 0.0074 0.0012
16 0.0210 0.0210 0.0210 0.0070 0.0008
17 0.0242 0.0242 0.0242 0.0074 0.0005
18 0.0212 0.0212 0.0212 0.0069 0.0006
19 0.0307 0.0307 0.0307 0.0065 0.0005
20 0.0452 0.0452 0.0452 0.0079 0.0003
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Need a detailed description of g0(λ)

Recall
λ̂ = min

λ>0
{λ : RSS(M̂(λ)) + g0(λ)}

and choose model M̂(λ̂) which retains the first ĵ(λ̂) predictors.

When λ = 0, |M̂(0)| = p for all realizations and
RSS(M̂(0)) = YT (I− Pp)Y. Then g0(0) = 2p.

When λ = ln n, |M̂(ln n)| = p0 for almost all realizations and
RSS(M̂(ln n)) = YT (I− Pp0)Y. Then g0(ln n) = 2p0.

Note that[
RSS(M̂(0)) + 2pσ2

]
−
[
RSS(M̂(ln n)) + 2p0σ

2
]
= σ2

p−p0∑
k=1

(2−Vk)

which is greater than 0 with probability close to 1 when p − p0 is
large.
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Adaptive selection over λ ∈ [0, 0.5] ∪ {log n}
Show that λ̂ = log n with probability close to 1 by finding a bound
on the following probability.

P
(
RSS (̂j(λ)) + g0(λ) < RSS (̂j(ln n)) + g0(ln n) for all λ ∈ [0, 0.5]

)
.

Note that

P
(
V1 + · · ·+ Vĵ(λ) < g0(λ) for all λ ∈ [0.0.5]

)
≥ P (V1 + · · ·+ Vp−p0 < g0(0)− 4)

= P (V1 + · · ·+ Vp−p0 < 2(p − p0)− 4) .

Note that

g0(λ) is strickly decreasing and continuous on λ ∈ [0, ln n].

For all g0(ln n) < δ ≤ g0(0), there exists a unique λδ such
that g0(λδ) = g0(0)− δ.

Claim: When δ = 4, 0.5 ≤ λδ.
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Simulation of {Sk(1.5)}
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Simulation of {Sk(1.4)}
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Simulation of {Sk(1.3)}
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Simulation of {Sk(1.2)}
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Simulation of {Sk(1.1)}
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Simulation of {Sk(1.0)}
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Simulation of {Sk(0.9)}
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Simulation of {Sk(0.8)}
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Simulation of {Sk(0.7)}
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Simulation of {Sk(0.6)}
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Simulation of {Sk(0.5)}

5 10 15 20

0.0
0.2

0.4
0.6

0.8
1.0
 = 0.5

covariates

pro
ba

bil
ity



Outline
. . . .
Introduction

. . . . . . . . .
Adaptive Penalty Shen and Ye’s proposal Proof Conclusion

Conclusion

When λ ∈ (2, log n], there are about 75% to choose the true
model.

The probability of selecting correct model decreases to 55% if
λ ∈ [1, 2) ∪ [2, log n].

For the region of λ are [0, log n], ∈ [0.5, log n], or n[1, log n],
there are no differences in the probability of correct selection.

We still cannot provide a good interpretation.
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