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1 Proofs

1.1 Preliminaries

Recall that our loss function parametrized with L ∈ Lp is

ℓ(S;L) = trace(SLLT )− 2 log |L|

and its gradient is
∂

∂L
ℓ(S;L) = 2SL− 2(L−1)T .

Let P(Sp) be the set of all probability distributions supported on Sp and S1, . . . , Sn be an
independent and identically distributed random sample from S coming from a distribution on
P(Sp). Now, we restate the following two propositions, suitable to our context, that are the key
ingredients for proofs of the theorems.

Proposition 1.1 (Proposition C.2 of Cisneros et al. (2020)). For γ ≥ 0 and loss functions
ℓ(S′;L) that are upper semi-continuous in S′ ∈ Sp for each L ∈ Lp, let

ϕγ(Si;L) = sup
S∈Sp

{ℓ(S;L)− γc(S, Si)}. (1)

Then,

sup
P:Dc(P,Pn)≤λ

EP [ℓ(S;L)] = min
γ≥0

{
γλ+

1

n

n∑
i=1

ϕγ(Si;L)

}
. (2)

Proposition 1.2 (Proposition C.1 of Cisneros et al. (2020)). Consider L ∈ Lp. Let h(·, L) be
Borel measurable. Also, suppose that 0p×p lies in the interior of the convex hull of {h(S′, C) :
S′ ∈ Sp}. Then,

Rn(L) = sup
Λ∈Sp

{
− 1

n

n∑
i=1

sup
S∈Sp

{trace(ΛTh(S;L))− c(S, Si)}

}
. (3)
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1.2 Proof of Theorem 3.1

Proof. Using the duality from Proposition 1.1, we can rewrite the left-hand side of the equation
(4) from the theorem

min
L∈Lp

sup
P:Dc(P,Pn)≤λ

EP [ℓ(S;L)] = min
L∈Lp

[
min
γ≥0

{
γλ+

1

n

n∑
i=1

ϕγ(Si;L)

}]

= min
L∈Lp

[
min
γ≥0

{
γλ+

1

n

n∑
i=1

(
sup
S∈Sp

{ℓ(S;L)− γc(S, Si)}

)}]
. (4)

Let ∆ = S − Si. Then,

sup
S∈Sp

{ℓ(S;L)− γc(S, Si)} = sup
S∈Sp

{trace(SLLT )− 2 log |L| − γ∥vec(S)− vec(Si)∥∞}

= sup
∆∈Sp

{trace((∆ + Si)LL
T )− γ∥vec(∆)∥∞} − 2 log |L|

= sup
∆∈Sp

{trace(∆LLT )− γ∥vec(∆)∥∞}+ trace(SiLL
T )− 2 log |L|

= sup
∆∈M(L)

{∥vec(∆)∥∞∥vec(LLT )∥1 − γ∥vec(∆)∥∞}+ trace(SiLL
T )− 2 log |L|

= sup
∆∈M(L)

{∥vec(∆)∥∞(∥vec(LLT )∥1 − γ)}+ trace(SiLL
T )− 2 log |L|

(5)

where M(L) = {∆ ∈ Sp : trace(∆LLT ) > 0, |(∆)ij |q = |(LLT )ij |p} with 1
p + 1

q = 1, which is the
if and only if condition for Holder’s inequality to hold tightly (Steele, 2004). Since this condition
also holds for the limiting case, we choose p = 1 and q = ∞.

Notice that if γ < ∥vec(LLT )∥1, the supremum term in the last line of (5) can be arbitrarily
large. Since we have the minimum over γ ≥ 0 in (4), we must take γ ≥ ∥vec(LLT )∥1, which leads
to the supremum term to be zero. Then, we have

min
L∈Lp

sup
P:Dc(P,Pn)≤λ

EP [ℓ(S;L)] = min
L∈Lp

[
min

γ≥∥vec(LLT )∥1

{
γλ+

1

n

n∑
i=1

(trace(SiLL
T )− 2 log |L|)

}]
= min

L∈Lp

{
trace(SLLT )− 2 log |L|+ λ∥vec(LLT )∥1

}
.

1.3 Proof of Theorem 3.2

Proof. Consider the RWP function with h(S;L) = 2SL− 2(L−1)T . Applying 1.2, we have

Rn(L) = sup
Λ∈Sp

{
− 1

n

n∑
i=1

sup
S∈Sp

{trace(ΛTh(S;L))− c(S, Si)}

}

= sup
Λ∈Sp

{
− 1

n

n∑
i=1

sup
S∈Sp

{trace(2ΛT (SL− (L−1)T ))− ∥vec(S)− vec(Si)∥∞}

}
.
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Let ∆ = S − Si. Then, following the procedure of (5) in the proof of theorem 3.1, we obtain

sup
S∈Sp

{trace(2ΛT (SL− (L−1)T ))− ∥vec(S)− vec(Si)∥∞}

= sup
∆∈Sp

{trace(2ΛT ((∆ + Si)L− (L−1)T ))− ∥vec(∆)∥∞}

= sup
∆∈Sp

{trace(2ΛT∆L)− ∥vec(∆)∥∞}+ trace(2ΛT (SiL− (L−1)T ))

= sup
∆∈M(Λ)

{∥vec(∆)∥∞∥vec(2LΛT )∥1 − ∥vec(∆)∥∞}+ trace(2ΛT (SiL− (L−1)T ))

= sup
∆∈M(Λ)

{∥vec(∆)∥∞(∥vec(2LΛT )∥1 − 1)}+ trace(2ΛT (SiL− (L−1)T )). (6)

Similarly, we must consider ∥vec(2LΛT )∥1 ≤ 1 to prevent the supremum term in the last line of
(6) from being taken arbitrarily large. Then, we have

Rn(L) = sup
Λ∈Sp:∥vec(2LΛT )∥1≤1

{
− 1

n

n∑
i=1

trace(2ΛT (SiL− (L−1)T ))

}
= sup

Λ∈Sp:∥vec(2LΛT )∥1≤1

{
−trace(2ΛT (SL− (L−1)T ))

}
= sup

Λ∈Sp:∥vec(2LΛT )∥1≤1

{
−trace((SLL−1 − (L−1)TL−1)2LΛT )

}
= sup

Λ∈Sp:∥vec(2LΛT )∥1≤1

{
−trace((S − (LLT )−1)2LΛT )

}
= sup

Λ∈Sp:∥vec(2LΛT )∥1≤1

{
vec(2LΛT )Tvec(S − (LLT )−1)

}
= ∥vec(S − (LLT )−1)∥∞.

Finally, since

{L ∈ Cn(λ)} = {O(L) ∩ {P : Dc(P,Pn) ≤ λ} ≠ ∅} = {Rn(L) ≤ λ},

one can, given a (1− α)-confidence level, optimally choose the ambiguity size λ by

λα = inf {λ > 0 : P0(L ∈ Cn(λ)) ≥ 1− α}
= inf {λ > 0 : P0(Rn(L) ≤ λ) ≥ 1− α}
= inf {λ > 0 : P0(∥vec(S − (LLT )−1)∥∞ ≤ λ) ≥ 1− α}.

1.4 Proof of Lemma 3.3

Proof.

Rn(Θ) = ∥vec(S −Θ−1)∥∞
= ∥vec(S − (P T

π LπL
T
πPπ)

−1)∥∞
= ∥vec(S − P T

π (LπL
T
π )

−1Pπ)∥∞
= ∥vec(P T

π [PπSP
T
π − (LπL

T
π )

−1]Pπ)∥∞
= ∥vec(P T

π [Sπ − (LπL
T
π )

−1]Pπ)∥∞
= ∥vec(Sπ − (LπL

T
π )

−1)∥∞ = Rn(Lπ).
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