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Appendix B. Supplementary Material

In the supplementary material, we will provide the proofs for DRO representation and
asymptotic result for logistic regression, which were discussed in Theorem 2 and Theorem
4, in Section B.1 and Section B.2. In addition, we will provide the results under the high
dimension setting for linear regression, where the number of predictors growth with the
sample size, as a generalization of Theorem 3 in Section B.3.

B.1. Proof of DRO for Logistic Regression

Proof [Proof for Theorem 2|By applying strong duality results for semi-infinity linear
programming problem in Blanchet et al. (2016), we can write the worst case expected loss
function as,

sup Ep [log (1 + exp (_YBTX))]
P:Do(P,Py)<6
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For each i, we can apply Lemma 1 in Shafieezadeh-Abadeh et al. (2015) and the dual norm
result in Proposition 5 to deal with the inner optimization problem. It gives us,

sup {log (1 + exp (—YQﬁTU)) 71X - u“ofl—(q,t)}
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Moreover, since the outer player wishes to minimize, v will be chosen to satisfy v >
18]l -(p,s)- We then conclude
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where the last equality is obtained by noting that the objective function is continuous and
monotone increasing in v, thus v = [|8]|,.(, ) is optimal. Hence, we conclude the DRO
formulation for GR-Lasso logistic regression. [ |

B.2. Proof of Optimal Selection of Regularization for Logistic Regression

Proof [Proof of Theorem 4]We can apply strong duality result for semi-infinite linear
programming problem in Section B of Blanchet et al. (2016), and write the scaled RWP
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function evaluated at 8* in the dual form as,

ViR, (B%) = X {¢"Z, —Ep, ¢ (X.Y, 5,0},

here Z, = LS YiXi 4y
where Zp nZz 1+eXp(Y¢XZ.Tﬁ*) and

X U
— — | X - - .
L+exp(YXTB*) 1+exp (YuTﬂ*)> 1% = ull, 1-(q,t>}
We proceed as in our proof of Theorem 3 in this paper and also adapting the case p = 1 for
Theorem 1 in Blanchet et al. (2016). We can apply Lemma 2 in Blanchet et al. (2016) and
conclude that the optimizer ¢ can be taken to lie within a compact set with high probability

as n — 0o0. We can combine the uniform law of large number estimate as in Lemma 3 of
Blanchet et al. (2016) and obtain

ViR, (B) = max {"Z, —Epo (X.,Y,5%,0)} +op(1).

6 (XY, 5",() = max {YCT (

For the optimization problem defining ¢ (-), we can apply results in Lemma 5 in Section
A.3 of Blanchet et al. (2016), we know, for any choice of (, if,

éTy (1+exp (YXTB%)) Ijxa — XXT

1
(14 exp (Y XT %)) -

ess sup
XY

a—(p,s)

we have E [QS (X , Y, 5%, f)} = 0o. Since the outer optimization problem is maximization

over (, the player will restrict ¢ within the set A, where

Y (1+exp (YXTB%)) Ijxa — XXT

(L& oxp (Y XT37)) =1

a-(p,s)

A=<{¢eR?: esssup
XY

Moreover, it is easy to calculate, if ( € A, we have E[¢ (X,Y, 5*, ()] = 0, thus we have the
scaled RWP function has the following estimate, as n — oo

VnR, (8) = Igleaj( Tz, +op(1).
Letting n — oo, we obtain the exact asymptotic result.

For the stochastic upper bound, let us recall for the definition of the set A and consider the
following estimate

ry(1+exp (YXTB)) Igxg — XXT
(1+ exp (VYXT8%))?

a-(p,s)
- H Y¢ B ¢"Xp*
|1+ exp (YB* TX) a-(p,s) (1 +exp (Yﬁ* TX))2 a-(p,s)
N 1 B HXHa—l-(q,t) HB*Ha-(w) I1<||
“\I+exp(VBTX)  (1+exp(YB TX)) (1+exp (-VpTX)) | Plows)
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The first inequality is due to application of triangle inequality in Proposition 5, while the
second estimate follows from Holder’s inequality and Y € {—1,+1}. Since we assume posi-
tive probability density for the predictor X, we can argue that, if ||§||a_(p7s) =(1-e¢2>1
and € > 0 is chosen arbitrarily small, we can conclude from the above estimate that, we
have

Y (1+exp (YXTB%)) Lixa — XXT

(1+exp (Y XT¥))*

> 1.
'(pzs)

Thus, we proved the claim that A C {C 1€l am(p,s) < 1}. The stochastic upper bound is
derived by replacing A by {C, HCHQ_(p’S) < }, ie.

Ly=sup("Z < sup  ("Z=|Z) 41100
ceA 1€l <2

Where the final estimation is due to dual norm structure in Proposition 5. Since we know,

m < 1, it is easy to argue, Var(Z) — Var(Z) is positive semidefinite, thus, we

. Hence, we obtain L3 < Ly.
Oé_l-(q,t)

B.3. Technical Results for Optimal Regularization in GSRL for High
Dimensional Linear Regression

We conclude the supplementary material by exploring the behavior of the optimal distri-
butional uncertainty (in the sense of optimality presented in Section 3) as the dimension
increases. This is an analog of the high-dimension result for SR-Lasso as Theorem 6 in
Blanchet et al. (2016).

Theorem 6 (RWP Function Asymptotic Results for High-dimension) Suppose that
assumptions in Theorem 3 hold and select p = 2, s = 1 let us writey/qg = (\/ﬁ, ceey \/gTj)T

(so aj = \/gj) and g2 = (1/\/97,...,1/\/97-)T respectively. Moreover, let us define
C(n,d)

E X B [moxd va X (Gl
Nz NG |

Assume that largest eigenvalue of X2 is of order o (nC’ (njd)2>, that By satisfies a weak

C (n,d) =

sparsity condition, namely, ||B«|| .21y = 0(1/C (n,d)). Then,

||Zn||g71/2-(2,oo)

Rn (ﬁ*) SD VCLT(|6|) 9

as n,d — oo, where Z, := n~1/2 Yo eX;.
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Proof For linear regression model with square loss function, the RWP function is defined
as in equation (10). By considering the cost function as in Theorem 1 and applying the
strong duality results in the Appendix of Blanchet et al. (2016), we can write the scaled
RWP function in the dual form as,

Ry, (Bx) =sup { - CTZn
¢
1 n
- 7 sl A = (578) (") = (VEIA v oy + (578) (7)),

For each i—th inner optimization problem, we can apply Holder inequality in Proposition
5 for the term (B*TA) (CTA), we have an upper bound for the scaled RWP function, i.e.

Rn (B*) < sup { - CTZH
¢

1 o 1841l -(.) 1SN Vg,
- Jr (e - (X)) A - v (1 - e >> 11517200}

Since the coeflicients for each inner optimization problem is negative and we can get an
upper bound for RWP function if we do not fully optimize the inner optimization problem.
For each i, let us take A to the direction satisfying the Holder inequality in Property 5 for
the term (eiC — (CTX,;) 5*)T A and only optimize the magnitude of A, for simplicity let us
denote v = [|Al|5-1/2_(4 1)-

We have,

R, (5*) < sup { - CTZn
¢

Ly 18l ) 1<11
- ;sgp{v HeiC - (CTXi) @H\/g_(w) —/n (1 _ VG (p\/)ﬁ Vi-(p )) 72}}‘

For each inner optimization problem it is of quadratic form in -, especially, when n is large
the coefficients for the second order term will be negative, thus, as n — oo, we can solve
the inner optimization problem and obtain,

niy, (Bs)

1
< s%p{ -z, -

) Z Hezg CTXZ) 5*“?/5—(17,5) }

4(1 =181 g0 1€ gy ™72

2
=suwp s {—alTZ, - - E:Henc (%) B b
320 CH1C1 5. =1 (1= 118l gy on~Y2) 7 Voo

The equality above is due to changing to polar coordinate for the ball under v/g-(p, s) norm.
For the first term, ¢ Z,, when ||C|| Vi-(ps) = L, we can apply Holder inequality again, i.e.

|(TZ ‘ < || Zxll G-1/2-(qt)- Lhen, only the second term in the previous display involves the
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direction of ¢, thus we can have

nfy (B.) <sup {allZnllg-1/2-q

2

a 2
e — CTXi B (ps) S
(180 g an=H) S =1 7 Z | 2 hmon}

—-1/2

By the weak sparsity assumption, we have || B.|| Vi) T — 0 as n — 0o, the supremum

over a is attained at
21 Zully-17e.

a = al o to1),
infeel s 0=t 7 it 16i¢ = (C7X0) Bill g oos)

as n — 0o. Therefore, we have the upper bound estimator for the scaled RWP function,

1Zall3-1/2- (1)
2
infepel s o=t w it 16i¢ = (¢TX0) Bl o)

To get the final result, we try to find a lower bound for the infimum in the denominator. For
the objective function in the denominator, since we optimize on the surface [|C||, z.¢,.5) = 1,
and due to the triangle inequality analysis in Proposition 5, we have

Ry (Bi) < + 0p(1). (18)

n

1< 2 1 2
nZ} lei¢ = (7% Bell Yy = = 2 (Iel 1S gy = ST Xi 18-y )

) n X . i:21
:EZ!&\?JFIlﬁ*\lf/;_(pys)ﬁz‘gxi\ —2(18ull 5.p.5) Ellesl] Z‘CTX‘_% 7
=1 i=1

where €, (¢) = 2B/l /7.(p.5) LS (leil =E[les]]). Let us denote the pseudo error to be
éi = |e;| — E[|ei|], which has mean zero and Var [é;] < Var [e;]. Since e; is independent of
X,; we have that

E [&|¢"Xi]] =0,
Var [& [("X;|] = Var 6] (7S¢ < Var [e;] (T8¢

By our assumptions on the eigenstructure of ¥, i.e. Apax () = 0 (nC(n,d)?), for the case
p=2and s =1, we have

sup CTZC < sup Amax (2) ”C”Q < Amax (X) =0 (nC’(n, d)z) .
¢liKlyz-(2,1)=1 ¢lIKl 5 (2,1)=1

Then, we have the variance of % > ‘CTXi’ is of order o (C(n, d)?) uniformly on KN ps) =
1. Combining this estimate with the weak sparsity assumption that we have imposed, we
have
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Since the estimate is uniform over ||| .(2,1) = 1, we have that for n sufficiently large,
S e - (67X )
n & ’ ’ VG-(2,1)
1=

> =3 feil? = (Elled)? +
i=1

> Vary [|ei]] + 0p(1).

1
CGliC g2,y =1

n 2
1
(!W*Ilﬁ.(g,l) - YT B Hei\]) +0p(1)
i=1

Combining the above estimate and equation (18), when p = ¢ =2, s = 1 and ¢t = oo, we
have that

nR, (5) < 120517200 +o,(1)
" - Var|lel] LA

as n — oo. [ |



