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A Proofs For Section 4

A.1 Preliminaries

Throughout this section we will assume that h(θ) is scalar and we use absolute values |h| instead

of a general norm ‖h‖. Extensions to vector-valued h functions are straightforward.

For the subsequent derivations it is convenient to define the incremental weights

vn(θ) =
Zn−1

Zn
[p(Y |θ)]φn−φn−1 .

Recall that Zn =
∫

[p(Y |θ)]φnp(θ)dθ. Thus,

Eπn−1 [h(θ)vn(θ)] =
∫
h(θ)

Zn−1

Zn
[p(Y |θ)]φn−φn−1

1
Zn−1

[p(Y |θ)]φn−1dθ = Eπn [h(θ)]. (A-1)

In turn, we can write

W̃ i
n =

vn(θi
n−1)W

i
n−1

1
N

∑N
i=1 vn(θi

n−1)W
i
n−1

and re-express h̃n,N in (6) as

h̃n,N =
1
N

∑N
i=1 h(θ

i
n−1)vn(θi

n−1)W
i
n−1

1
N

∑N
i=1 vn(θi

n−1)W
i
n−1

. (A-2)

We will make repeated use of the following moment bound for r > 1

E
[∣∣X − E[X]

∣∣r] ≤ 2r−1
(
E
[∣∣X∣∣r]+

∣∣E[X]
∣∣r) (A-3)

≤ 2rE
[∣∣X∣∣r].

The first inequality follows from the Cr inequality and the second inequality follows from Jensen’s

inequality. We will also use the fact that if h ∈ H2, then there exists a δ∗ > 0 such that ‖h‖2+δ∗ ∈
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H1. Recall that H2 is defined such that h ∈ H2 implies that there exists a δ > 0 such that∫
‖h(θ)‖2+δp(θ)dθ <∞. Now let δ∗ = δ/(1 + ε) where ε > 0. Thus, we can find δ̃ > 0 such that

(
‖h(θ)‖2+δ/(1+ε)

)1+δ̃ = ‖h(θ)‖2+δ,

which shows that ‖h‖2+δ∗ ∈ H1.

Finally, we will make use of a central limit theorem of the following form:

Theorem 5 Let FN be a sequence of σ-algebras. Suppose the sequence of random variables Xi has

the properties

(i) E[Xi|FN ] = 0;

(ii) E[X2
i |FN ] = σ2

i

(iii) 1
N

∑N
i=1 σ

2
i

a.s.−→ σ2

(iv) There exists a δ > 0 and a sequence of random variables MN such that
1
N

∑N
i=1 E[|Xi|2+δ|FN ] ≤MN

a.s.−→ ∆ <∞.

Let N denote the set of events for which the almost sure convergence in (iii) and (iv) fails. Then,

except for events in N :
1√
N

N∑
i=1

Xi

∣∣∣∣ FN =⇒ N(0, σ2).

It can be verified that the conditions stated in the Theorem 5 imply that the Liapounov con-

ditions are satisfied. One can also verify that the regularity conditions for the CLT presented in

Theorem 7.19 of Pollard (2002) are satisfied.

A.2 Correction Step

Proof of Theorem 1: Almost-Sure Convergence. Note that since p(Y |θ) is bounded and

φn − φn−1 < 1

Eπn−1

[∣∣h(θ)[p(Y |θ)]φn−φn−1
∣∣2+δ] ≤ Eπn−1

[∣∣h(θ)∣∣2+δ∣∣[p(Y |θ)]φn−φn−1
∣∣2+δ]

≤ M2+δEπn−1

[∣∣h(θ)∣∣2+δ]
<∞.
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Thus, for each h(θ) ∈ H1, vn(θ)h(θ) ∈ H1. We deduce from Assumption 2 and (A-1) that

h̃n,N
a.s.−→

Eπn−1

[
h(θ)vn(θ)

]
Eπn−1

[
vn(θ)]

= Eπn [h(θ)].

Convergence in Distribution. We use a first-order Taylor series expansion of h̃n,N . Notice that

the numerator converges to Eπn [h] and the denominator converges to one. Thus,

√
N
(
h̃n,N − Eπn [h]

)
=

√
N

(
1
N

N∑
i=1

h(θi
n−1)vn(θi

n−1)W
i
n−1 − Eπn [h]

)

−Eπn [h]
√
N

(
1
N

N∑
i=1

vn(θi
n−1)W

i
n−1 − 1

)
+ op(1)

=
√
N

1
N

N∑
i=1

(
h(θi

n−1)− Eπn [h]
)
vn(θi

n−1)W
i
n−1 + op(1)

=⇒ N
(
0, Ω̃n

)
,

where

Ω̃n(h) = Ωn−1

(
vn−1(θ)

(
h(θ)− Eπn [h(θ)]

))
.

According to Assumption 1, the incremental weights vn(θ) are bounded and vn(θ)h(θ) ∈ H2. Thus,

the convergence follows from Assumption 2. �

A.3 Selection Step

Proof of Theorem 2: Case (b) follows directly from Theorem 1. Thus, in the remainder of the

proof we focus on Case (a).

Almost-Sure Convergence. Define Fn−1,N to be the σ-algebra generated by {θi
n−1, W̃

i
n}N

i=1. Let

E[h(θ̂)|Fn−1,N ] =
1
N

N∑
i=1

h(θi
n−1)W̃

i
n
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and write

ĥn,N − Eπn [h] =
1
N

N∑
i=1

(
h(θ̂i

n)− E[h(θ̂)|Fn−1,N ]
)

+
1
N

N∑
i=1

(
E[h(θ̂)|Fn−1,N ]− Eπn [h]

)
=

1
N

N∑
i=1

(
h(θ̂i

n)− E[h(θ̂)|Fn−1,N ]
)

+
(
h̃n,N − Eπn [h]

)
= I + II, (A-4)

say. Conditional on Fn−1,N the h(θ̂i
n)’s form a triangular array of random variables that are iid

within each row with mean E[h(θ̂)|Fn−1,N ]. Using a SLLN for triangular arrays of iid random

variables we obtain I
a.s.−→ 0. Moreover, we can deduce from Theorem 1 that II a.s−→ 0 and the

statement of the theorem follows.

Convergence in Distribution. Conditional on Fn−1,N term I in (A-4) is an average of random

variables with mean zero and centered moments of order r given by

E
[∣∣h(θi

n−1 − E[h(θ̂)|Fn−1,N

∣∣r∣∣∣∣Fn−1,N

]
=

1
N

N∑
i=1

∣∣h(θi
n−1)− E[h(θ̂)|Fn−1,N

∣∣rW̃ i
n.

Using (A-3), we deduce that for r = 2 + δ

E
[∣∣h(θi

n−1)− E[h(θ̂)|Fn−1,N

∣∣2+δ
∣∣∣∣Fn−1,N

]
≤ 22+δ 1

N

N∑
i=1

∣∣h(θi
n−1)

∣∣2+δ

a.s.−→ Eπn [|h(θ)|2+δ] <∞

For h ∈ H2 there exists a δ > 0 such that |h|2+δ ∈ H1 (see Section A.1). Thus, the almost-

sure convergence follows from Theorem 1 and condition (iv) of the CLT in Theorem 5 is satisfied.

Therefore,
√
N · I|Fn−1,N =⇒ N

(
0,Vπ[h]

)
.

Moreover, according to Theorem 1

√
N · II =⇒ N

(
0, Ω̃(h)

)
.
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The two pieces can be spliced together as follows. Consider the characteristic function

E
[
exp{iu

√
N(ĥn,N − Eπn [h])}

]
= E

[
exp{iu

√
N · II} exp{iu

√
N · I}

]
= E

[
E
[
exp{iu

√
N · II} exp{iu

√
N · I}

∣∣Fn,N

]]
= E

[
exp{iu

√
N · II}E

[
exp{iu

√
N · I}

∣∣Fn,N

]]
= E

[
exp{iu

√
N · II} exp{−Vπn [h]u2/2}

]
+Rn,N .

The remainder term can be bounded as follows

|Rn,N | ≤ E
[∣∣ exp{iu

√
N · II}

∣∣
·
∣∣E[ exp{iu

√
N · I}

∣∣F̂n,N

]
− exp{−Vπn [h]u2/2}

∣∣]
= E

[∣∣E[ exp{iu
√
N · I}

∣∣F̂n,N

]
− exp{−Vπn [h]u2/2}

∣∣]
−→ 0

The equality follows from | exp{iϕ}| = 1. Note that
√
N · I|F̂n,N =⇒ N(0,Vπn [h]) implies that

E
[
exp{iu

√
NI}

∣∣F̂n,N

]
−→ exp{−Vπn [h]u2/2}. Thus, the convergence to zero follows from the

Dominated Convergence Theorem. This leaves us with

E
[
exp{iu

√
N(ĥn,N − Eπn [h])}

]
= E

[
exp{iu

√
N · II}

]
exp{−Vπ[h]u2/2}+ o(1)

−→ exp
{
− Ω̂n(h)u2/2

}
,

where

Ω̂n(h) = Ω̃n(h) + Vπn [h].

The limit corresponds to the characteristic function of a N
(
0, Ω̂n(h)

)
random variable and we

obtain the desired convergence in distribution result from the Continuity Theorem. �
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A.4 Mutation Step Without Adaption

Proof of Theorem 3. We denote the conditional mean and variance associated with the transition

kernel Kn(θ|θ̂; ζ) by EKn(·|θ̂;ζ)[·] and VKn(·|θ̂;ζ)[·]. Since πn is the invariant distribution associated

with the transition kernel Kn, note that if θ̂ ∼ πn, then

∫
θ̂
EKn(·|θ̂;ζ)[h]πn(θ̂)dθ̂ =

∫
θ̂

∫
θ
h(θ)Kn(θ|θ̂; ζ)dθπn(θ̂)dθ̂ (A-5)

=
∫

θ
h(θ)

∫
θ̂
Kn(θ|θ̂; ζ)πn(θ̂)dθ̂dθ

=
∫

θ
h(θ)πn(θ)dθ = Eπn [h].

Using the fact that 1
N

∑N
i=1W

i
n = 1 we can write

h̄n,N − Eπn [h] =
1
N

N∑
i=1

(
h(θi

n)− EKn(·|θ̂i
n;ζ)[h]

)
W i

n +
1
N

N∑
i=1

(
EKn(·|θ̂i

n;ζ)[h]− Eπn [h]
)
W i

n

= I + II, (A-6)

say. Let F̂n,N be the σ algebra generated by {θ̂i
n,W

i
n}N

i=1. Notice that conditional on F̂n,N the

weights W i
n are known and the summands in term I form a triangular array of random variables

that within each row are independently but not identically distributed with mean zero. We will

distinguish between Case (a) in which the particles were resampled and Case (b) in which the

particles were not resampled. Throughout the proof we focus on establishing convergence in distri-

bution because it relies on more stringent moment bounds that also suffice to prove the almost-sure

convergence.

Case (a). After the particles have been resampled the weights W i
n = 1 for all i such that

I =
1
N

N∑
i=1

(
h(θi

n)− EKn(·|θ̂i
n;ζ)[h]

)
.

Conditional on F̂n,N term I is an average of independently and non-identically distributed random

variables with distributions given by the transition kernel Kn(·|θ̂i
n; ζ). To establish the convergence

in distribution of
√
NI we have to verify condition (iv) of Theorem 5:

1
N

N∑
i=1

EKn(·|θ̂i
n;ζ)

[∣∣h(θi
n)− EKn(·|θ̂i

n;ζ)[h]
∣∣2+δ] ≤ 22+δ 1

N

N∑
i=1

EKn(·|θ̂i
n;ζ)

[∣∣h(θ)∣∣2+δ]
. (A-7)
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In order to deduce the almost-sure convergence of the r.h.s we need to establish that ψ(θ̂) =

EKn(·|θ̂;ζ)

[∣∣h∣∣2+δ] ∈ H1:

Eπn [ψ(θ̂)] = Eπn

[∣∣∣∣EKn(·|θ̂;ζ)

[∣∣h∣∣2+δ]∣∣∣∣1+η]
(A-8)

≤ Eπn

[
EKn(·|θ̂;ζ)

[∣∣h∣∣(2+δ)(1+η)]]
= Eπn

[∣∣h∣∣(2+δ)(1+η)]
<∞

for h ∈ H2 and suitable choices of δ and η. The final equality follows from the fact that the

transition kernel preserves the distribution πn. Thus, condition (iv) of Theorem 5 is satisfied. We

deduce that
√
N · I =⇒ N

(
0,Eπn

[
VK(·|θ;ζ)[h]

])
.

The convergence of term
√
N ·II follows from Theorem 2 provided that

(
EKn(·|θ̂;ζ)[h]−Eπn [h]

)
∈

H2. Using the Cr inequality, Jensen’s inequality, and Assumption 3 we find that

Eπn

[∣∣EKn(·|θ̂;ζ)[h]− Eπn [h]
∣∣2+δ] ≤ 21+δ

(
Eπn

[∣∣EKn(·|θ̂;ζ)[h]
∣∣2+δ]+ Eπn

[∣∣h∣∣2+δ])
<∞.

The proof of the theorem can be completed by following the same steps as in the proof of Theorem 2

to obtain the limit distribution of (
√
N · I) + (

√
N · II).

Case (b). Suppose that the particles were re-sampled for the last time in iteration n − 2. Thus,

the weights in iteration n− 1 are given by

W i
n−1 = W̃ i

n−1 =
vn−1(θi

n−2)
1
N

∑N
i=1 vn−1(θi

n−2)
.

In the mutation step of iteration n−1 the particles values θi
n−2 are turned into θi

n−1 ∼ Kn−1(θn−1|θi
n−2; ζ).

The weights in iteration n are given by

W i
n = W̃ i

n =
vn(θi

n−1)W
i
n−1

1
N

∑N
i=1 vn(θi

n−1)W
i
n−1

=
vn(θi

n−1)vn−1(θi
n−2)

1
N

∑N
i=1 vn(θi

n−1)vn−1(θi
n−2)

.
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Thus, we can write term I as

√
N · I

∣∣ F̂n,N =
1√
N

N∑
i=1

(
h(θi

n)− EKn(·|θ̂i
n;ζ)[h]

)
vn(θi

n−1)vn−1(θi
n−2)

+

(
1

1
N

∑N
i=1 vn(θi

n−1)vn−1(θi
n−2)

− 1

)

×

(
1√
N

N∑
i=1

(
h(θi

n)− EKn(·|θ̂i
n;ζ)[h]

)
vn(θi

n−1)vn−1(θi
n−2)

)
=

√
N · Ia+

√
N · Ib,

say. Using Assumption 1, we can bound

∣∣vn(θn−1)vn−1(θn−2)
∣∣ ≤ Mφn−φn−2

∫
[p(Y |θ)]φn−2p(θ)dθ∫
[p(Y |θ)]φnp(θ)dθ

(A-9)

≤ M∫
[p(Y |θ)]φnp(θ)dθ

.

Recall that φn/φ2 > 1. Using Jensen’s inequality, we deduce

∫
[p(Y |θ)]φnp(θ)dθ =

∫ (
[p(Y |θ)]φ2

)φn/φ2

p(θ)dθ ≥
(∫

[p(Y |θ)]φ2p(θ)dθ
)φn/φ2

. (A-10)

Thus, combining (A-9) and (A-10) we deduce from Assumption 1(iii)

∣∣vn(θn−1)vn−1(θn−2)
∣∣ ≤ M[∫

[p(Y |θ)]φ2p(θ)dθ
]φn/φ2

<∞. (A-11)

In turn, the moment bound (A-7) derived for Case (i) can be adjusted to account for the presence

of the non-unity particle weights. Conditioning on F̂n,N :

1
N

N∑
i=1

EKn(·|θ̂i
n;ζ)

[∣∣(h(θi
n)− EKn(·|θ̂i

n;ζ)[h]
)
vn(θi

n−1)vn−1(θi
n−2)

∣∣2+δ]
≤ 22+δ 1

N

N∑
i=1

EKn(·|θ̂i
n;ζ)

[∣∣h(θ)∣∣2+δ] · ∣∣vn(θi
n−1)vn−1(θi

n−2)
∣∣2+δ]

≤ 22+δ

(
M[∫

[p(Y |θ)]φ2p(θ)dθ
]φn/φ2

)2+δ (
1
N

N∑
i=1

EKn(·|θ̂i
n;ζ)

[∣∣h(θ)∣∣2+δ])
.

A slight modification of (A-8) establishes that term
√
N · Ia satisfies condition (iv) of Theorem 5.
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We now turn to the analysis of the covariance matrix. Consider

1
N

N∑
i=1

VKn(·|θi
n−1;ζ)[h]v

2
n(θi

n−1)v
2
n−1(θ

i
n−2)

a.s.−→
∫

θn−1

∫
θn−2

VKn(·|θn−1;ζ)[h]v
2
n(θn−1)Kn−1(θn−1|θn−2; ζ)v2

n−1(θn−2)πn−2(θn−2)dθn−2dθn−1

= E
[
W 2VKn(·|θ;ζ)[h]

]
.

The final expression is stated in slight abuse of notation in that the dependence of W on the

particles is not spelled out. In sum,

√
N · Ia =⇒ N

(
0,E

[
WVKn(·|θ;ζ)[h]

])
For term

√
N · Ib note that

E[vn(θn−1)vn−1(θn−2)]

=
∫

θn−1

∫
θn−2

vn(θn−1)Kn−1(θn−1|θn−2, ζ)vn−1(θn−2)πn−2(θn−2)dθn−2dθn−1

=
∫

θn−1

∫
θn−2

vn(θn−1)Kn−1(θn−1|θn−2, ζ)πn−1(θn−2)dθn−2dθn−1

=
∫

θn−1

vn(θn−1)πn−1(θn−1)dθn−1

= 1.

Thus,
√
N · Ib p−→ 0.

The analysis of the term
√
N · II does not require any additional modification because it is

based on Theorem 2. It is straightforward to extend the analysis to the case in which the resampling

occurred p iterations ago. �
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A.5 Mutation Step With Adaption

Proof of Theorem 4. Using (13), we begin by decomposing h̄n,N as follows:

h̄n,N − Eπn [h] =
1
N

N∑
i=1

(
h(θi

n)− EKn(·|θ̂i
n;ζ̂n)[h]

)
W i

n

+
1
N

N∑
i=1

(
EKn(·|θ̂i

n;ζ)[h]− Eπn [h]
)
W i

n +
1
N

N∑
i=1

(
Ψ(θ̂i

n, ζ̂n;h)−Ψ(θ̂i
n, ζ;h)

)
W i

n

= I + II + III,

say. First, let F̂n,N be the σ algebra generated by {θ̂i
n,W

i
n}N

i=1 and note that Fn−1,N ⊆ F̂n,N . Write

√
N · I =

√
1
N

∑N
i=1 VKn(·|θ̂i

n;ζ)[h](W
i
n)2√

1
N

∑N
i=1 VKn(·|θ̂i

n;ζ̂n)[h](W
i
n)2

(
1√
N

N∑
i=1

(
h(θi

n)− EKn(·|θ̂i
n;ζ̂n)[h]

)
W i

n

)

+

1−

√
1
N

∑N
i=1 VKn(·|θ̂i

n;ζ)[h](W
i
n)2√

1
N

∑N
i=1 VKn(·|θ̂i

n;ζ̂n)[h](W
i
n)2

( 1√
N

N∑
i=1

(
h(θi

n)− EKn(·|θ̂i
n;ζ̂n)[h]

)
W i

n

)

=
√
N · Ia+

√
N · Ib

Now consider

VKn(·|θ̂;ζ̂)[h] = EKn(·|θ̂;ζ̂)[h
2]−

(
EKn(·|θ̂;ζ̂)[h]

)2
= Ψ(θ̂, ζ̂;h2)− 2h(θ̂)Ψ(θ̂, ζ̂;h)−Ψ2(θ̂, ζ̂;h)

Using Assumption 4(ii) we can take a Taylor series approximations of the form

Ψ(θ̂, ζ̂;h) = Ψ(θ̂, ζ;h) + Ψζ(θ̂, ζ;h)(ζ̂ − ζ) +
1
2
(ζ̂ − ζ)′Ψζζ(θ̂, ζ∗(θ̂);h)(ζ̂ − ζ)

Ψ(θ̂, ζ̂;h2) = Ψ(θ̂, ζ;h2) + Ψζ(θ̂, ζ;h2)(ζ̂ − ζ) +
1
2
(ζ̂ − ζ)′Ψζζ(θ̂, ζ∗(θ̂);h2)(ζ̂ − ζ)

Since
√
N(ζ̂n − ζ) = Op(1) we deduce that

1−

√
1
N

∑N
i=1 VKn(·|θ̂i

n;ζ)[h](W
i
n)2√

1
N

∑N
i=1 VKn(·|θ̂i

n;ζ̂n)[h](W
i
n)2

 = op(1).

In turn,
√
N · Ib = op(1). The term

√
N · Ia has the same limit distribution as term I in (A-6).
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Second, note that term II above has the same limit distribution as term II in (A-6). Finally,

consider term III, which captures EKn(·|θ̂i
n;ζ̂n)[h] − EKn(·|θ̂i

n;ζ)[h]. Using Assumption 4(ii) we can

take a Taylor series approximation of the form

Ψ(θ̂, ζ̂;h) = Ψ(θ̂, ζ;h) + Ψζ(θ̂, ζ;h)(ζ̂ − ζ) +
1
2
(ζ̂ − ζ)′Ψζζ(θ̂, ζ∗(θ̂);h)(ζ̂ − ζ).

Thus,

√
N · III =

(
1
N

N∑
i=1

Ψζ(θ̂i
n, ζ;h)W

i
n

)
√
N(ζ̂n − ζ)

+
1

2
√
N

√
N(ζ̂n − ζ)

(
1
N

N∑
i=1

Ψζζ

(
θ̂i
n, ζ∗(ζ̂

i
n);h

)
W i

n

)
√
N(ζ̂n − ζ)

= op(1)Op(1) +
1

2
√
N
Op(1)Op(1)Op(1) = op(1).

The first op(1) is obtained from

1
N

N∑
i=1

Ψζ(θ̂i
n, ζ;h)W

i
n

a.s.−→ Eπn [Ψζ(θ̂, ζ;h)] = 0.

Here we used

0 =
∂

∂ζ
Eπn [Ψ(θ̂, ζ;h)] = Eπn [Ψζ(θ̂, ζ;h)].

According to Assumption 4(i)
√
N(ζ̂n − ζ) = Op(1). This completes the proof. �
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B The Smets-Wouters Model

B.1 Model Specification

The equilibrium conditions of the Smets and Wouters (2007) model take the following form:

ŷt = cy ĉt + iy ît + zy ẑt + εgt (A-12)

ĉt =
h/γ

1 + h/γ
ĉt−1 +

1
1 + h/γ

Etĉt+1 +
wlc(σc − 1)
σc(1 + h/γ)

(l̂t − Et l̂t+1) (A-13)

− 1− h/γ

(1 + h/γ)σc
(r̂t − Etπ̂t+1)−

1− h/γ

(1 + h/γ)σc
εbt

ît =
1

1 + βγ(1−σc)
ît−1 +

βγ(1−σc)

1 + βγ(1−σc)
Etît+1 +

1
ϕγ2(1 + βγ(1−σc))

q̂t + εit (A-14)

q̂t = β(1− δ)γ−σcEtq̂t+1 − r̂t + Etπ̂t+1 + (1− β(1− δ)γ−σc)Etr̂
k
t+1 − εbt (A-15)

ŷt = Φ(αk̂s
t + (1− α)l̂t + εat ) (A-16)

k̂s
t = k̂t−1 + ẑt (A-17)

ẑt =
1− ψ

ψ
r̂k
t (A-18)

k̂t =
(1− δ)
γ

k̂t−1 + (1− (1− δ)/γ)̂it + (1− (1− δ)/γ)ϕγ2(1 + βγ(1−σc))εit (A-19)

µ̂p
t = α(k̂s

t − l̂t)− ŵt + εat (A-20)

π̂t =
βγ(1−σc)

1 + ιpβγ(1−σc)
Etπ̂t+1 +

ιp

1 + βγ(1−σc)
π̂t−1 (A-21)

− (1− βγ(1−σc)ξp)(1− ξp)
(1 + ιpβγ(1−σc))(1 + (Φ− 1)εp)ξp

µ̂p
t + εpt

r̂k
t = l̂t + ŵt − k̂s

t (A-22)

µ̂w
t = ŵt − σl l̂t −

1
1− h/γ

(ĉt − h/γĉt−1) (A-23)

ŵt =
βγ(1−σc)

1 + βγ(1−σc)
(Etŵt+1 + Etπ̂t+1) +

1
1 + βγ(1−σc)

(ŵt−1 − ιwπ̂t−1) (A-24)

−1 + βγ(1−σc)ιw

1 + βγ(1−σc)
π̂t −

(1− βγ(1−σc)ξw)(1− ξw)
(1 + βγ(1−σc))(1 + (λw − 1)εw)ξw

µ̂w
t + εwt

r̂t = ρr̂t−1 + (1− ρ)(rππ̂t + ry(ŷt − ŷ∗t )) (A-25)

+r∆y((ŷt − ŷ∗t )− (ŷt−1 − ŷ∗t−1)) + εrt .
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The exogenous shocks evolve according to

εat = ρaε
a
t−1 + ηa

t (A-26)

εbt = ρbε
b
t−1 + ηb

t (A-27)

εgt = ρgε
a
t−1 + ρgaη

a
t + ηg

t (A-28)

εit = ρiε
i
t−1 + ηi

t (A-29)

εrt = ρrε
r
t−1 + ηr

t (A-30)

εpt = ρrε
p
t−1 + ηp

t − µpη
p
t−1 (A-31)

εwt = ρwε
w
t−1 + ηw

t − µwη
w
t−1. (A-32)

The counterfactual no-rigidity prices and quantities evolve according to

ŷ∗t = cy ĉ
∗
t + iy î

∗
t + zy ẑ

∗
t + εgt (A-33)

ĉ∗t =
h/γ

1 + h/γ
ĉ∗t−1 +

1
1 + h/γ

Etĉ
∗
t+1 +

wlc(σc − 1)
σc(1 + h/γ)

(l̂∗t − Et l̂
∗
t+1) (A-34)

− 1− h/γ

(1 + h/γ)σc
r∗t −

1− h/γ

(1 + h/γ)σc
εbt

î∗t =
1

1 + βγ(1−σc)
î∗t−1 +

βγ(1−σc)

1 + βγ(1−σc)
Etî

∗
t+1 +

1
ϕγ2(1 + βγ(1−σc))

q̂∗t + εit (A-35)

q̂∗t = β(1− δ)γ−σcEtq̂
∗
t+1 − r∗t + (1− β(1− δ)γ−σc)Etr

k∗
t+1 − εbt (A-36)

ŷ∗t = Φ(αks∗
t + (1− α)l̂∗t + εat ) (A-37)

k̂s∗
t = k∗t−1 + z∗t (A-38)

ẑ∗t =
1− ψ

ψ
r̂k∗
t (A-39)

k̂∗t =
(1− δ)
γ

k̂∗t−1 + (1− (1− δ)/γ)̂it + (1− (1− δ)/γ)ϕγ2(1 + βγ(1−σc))εit (A-40)

ŵ∗
t = α(k̂s∗

t − l̂∗t ) + εat (A-41)

r̂k∗
t = l̂∗t + ŵ∗

t − k̂∗t (A-42)

ŵ∗
t = σl l̂

∗
t +

1
1− h/γ

(ĉ∗t + h/γĉ∗t−1). (A-43)
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The steady state (ratios) that appear in the measurement equation or the log-linearized equilibrium

conditions are given by

γ = γ̄/100 + 1 (A-44)

π∗ = π̄/100 + 1 (A-45)

r̄ = 100(β−1γσcπ∗ − 1) (A-46)

rk
ss = γσc/β − (1− δ) (A-47)

wss =

(
αα(1− α)(1−α)

Φrk
ss

α

) 1
1−α

(A-48)

ik = (1− (1− δ)/γ)γ (A-49)

lk =
1− α

α

rk
ss

wss
(A-50)

ky = Φl(α−1)
k (A-51)

iy = (γ − 1 + δ)ky (A-52)

cy = 1− gy − iy (A-53)

zy = rk
ssky (A-54)

wlc =
1
λw

1− α

α

rk
ssky

cy
. (A-55)
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B.2 Additional Tables and Figures for the Analysis of the SW Model

The standard prior distribution for the SW model is summarized in Table A-1.

Table A-2 shows the posterior means as well as 90% equal-tail-probability credible intervals for the

SW model with standard prior. We also report the standard deviation of posterior mean across

the five repetitions of the posterior simulation.

Table A-3 shows the diffuse prior for the SW model.

Figure A-1 compares the standard and diffuse prior.

Table A-4 shows the posterior means as well as 90% equal-tail-probability credible intervals for the

SW model with standard prior. We also report the standard deviation of posterior mean across

the five repetitions of the posterior simulation.
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Table A-1: SW Model: Standard Prior

Parameter Type Para (1) Para (2) Parameter Type Para (1) Para (2)
ϕ Normal 4.00 1.50 α Normal 0.30 0.05
σc Normal 1.50 0.37 ρa Beta 0.50 0.20
h Beta 0.70 0.10 ρb Beta 0.50 0.20
ξw Beta 0.50 0.10 ρg Beta 0.50 0.20
σl Normal 2.00 0.75 ρi Beta 0.50 0.20
ξp Beta 0.50 0.10 ρr Beta 0.50 0.20
ιw Beta 0.50 0.15 ρp Beta 0.50 0.20
ιp Beta 0.50 0.15 ρw Beta 0.50 0.20
ψ Beta 0.50 0.15 µp Beta 0.50 0.20
Φ Normal 1.25 0.12 µw Beta 0.50 0.20
rπ Normal 1.50 0.25 ρga Beta 0.50 0.20
ρ Beta 0.75 0.10 σa Inv. Gamma 0.10 2.00
ry Normal 0.12 0.05 σb Inv. Gamma 0.10 2.00
r∆y Normal 0.12 0.05 σg Inv. Gamma 0.10 2.00
π Gamma 0.62 0.10 σi Inv. Gamma 0.10 2.00

100(β−1 − 1) Gamma 0.25 0.10 σr Inv. Gamma 0.10 2.00
l Normal 0.00 2.00 σp Inv. Gamma 0.10 2.00
γ Normal 0.40 0.10 σw Inv. Gamma 0.10 2.00

Notes: Para (1) and Para (2) correspond to the mean and standard deviation of the Beta, Gamma,
and Normal distributions and to the upper and lower bounds of the support for the Uniform
distribution. For the Inv. Gamma distribution, Para (1) and Para (2) refer to s and ν, where
p(σ|ν, s) ∝ σ−ν−1e−νs2/2σ2

.
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Table A-2: SW Model with Standard Prior: Posterior Comparison

RWMH SMC
Parameter Mean [0.05, 0.95] STD(Mean) Mean [0.05, 0.95] STD(Mean)
ϕ 5.70 [ 4.11, 7.48] 0.10 5.70 [ 4.12, 7.45] 0.03
σc 1.33 [ 1.14, 1.55] 0.02 1.33 [ 1.13, 1.54] 0.00
h 0.72 [ 0.65, 0.79] 0.01 0.72 [ 0.65, 0.79] 0.00
ξw 0.70 [ 0.59, 0.80] 0.02 0.70 [ 0.59, 0.80] 0.00
σl 1.90 [ 1.05, 2.88] 0.03 1.87 [ 1.01, 2.84] 0.02
ξp 0.65 [ 0.56, 0.74] 0.04 0.64 [ 0.54, 0.73] 0.00
ιw 0.57 [ 0.35, 0.77] 0.02 0.57 [ 0.36, 0.77] 0.00
ιp 0.26 [ 0.13, 0.42] 0.03 0.25 [ 0.12, 0.41] 0.00
ψ 0.55 [ 0.37, 0.73] 0.02 0.55 [ 0.37, 0.74] 0.00
Φ 1.58 [ 1.46, 1.71] 0.00 1.58 [ 1.46, 1.71] 0.00
rπ 2.04 [ 1.76, 2.34] 0.02 2.05 [ 1.77, 2.34] 0.01
ρ 0.81 [ 0.76, 0.85] 0.01 0.80 [ 0.76, 0.84] 0.00
ry 0.09 [ 0.05, 0.13] 0.01 0.09 [ 0.05, 0.12] 0.00
r∆y 0.23 [ 0.18, 0.27] 0.00 0.22 [ 0.18, 0.27] 0.00
π 0.69 [ 0.52, 0.87] 0.00 0.69 [ 0.52, 0.87] 0.00
100(β−1 − 1) 0.17 [ 0.08, 0.27] 0.00 0.17 [ 0.08, 0.27] 0.00
l 0.70 [-1.23, 2.62] 0.10 0.72 [-1.21, 2.65] 0.02
γ 0.42 [ 0.39, 0.45] 0.00 0.42 [ 0.39, 0.45] 0.00
α 0.19 [ 0.16, 0.22] 0.00 0.19 [ 0.16, 0.22] 0.00
ρa 0.96 [ 0.94, 0.97] 0.00 0.96 [ 0.94, 0.98] 0.00
ρb 0.22 [ 0.08, 0.38] 0.02 0.21 [ 0.08, 0.37] 0.00
ρg 0.98 [ 0.96, 0.99] 0.00 0.98 [ 0.96, 0.99] 0.00
ρi 0.73 [ 0.63, 0.82] 0.00 0.73 [ 0.63, 0.82] 0.00
ρr 0.15 [ 0.05, 0.26] 0.01 0.15 [ 0.06, 0.27] 0.00
ρp 0.89 [ 0.80, 0.96] 0.01 0.90 [ 0.80, 0.97] 0.00
ρw 0.97 [ 0.95, 0.99] 0.00 0.97 [ 0.95, 0.99] 0.00
µp 0.72 [ 0.54, 0.85] 0.09 0.69 [ 0.50, 0.84] 0.00
µw 0.85 [ 0.74, 0.93] 0.01 0.85 [ 0.73, 0.93] 0.00
ρga 0.50 [ 0.35, 0.65] 0.00 0.50 [ 0.35, 0.65] 0.00
σa 0.47 [ 0.42, 0.52] 0.00 0.47 [ 0.42, 0.52] 0.00
σb 0.24 [ 0.20, 0.28] 0.00 0.24 [ 0.20, 0.28] 0.00
σg 0.54 [ 0.49, 0.59] 0.00 0.54 [ 0.49, 0.59] 0.00
σi 0.45 [ 0.38, 0.54] 0.00 0.45 [ 0.38, 0.54] 0.00
σr 0.25 [ 0.22, 0.28] 0.00 0.25 [ 0.22, 0.28] 0.00
σp 0.15 [ 0.12, 0.18] 0.02 0.14 [ 0.11, 0.17] 0.00
σw 0.25 [ 0.21, 0.28] 0.00 0.25 [ 0.21, 0.29] 0.00

Notes: Means and standard deviations are over 5 runs for each algorithm. The RWMH algorithms
use 10 million draws with the first 5 million discarded. The average acceptance rate was roughly
30%. The SMC algorithms use 12,000 particles, 500 stages, λ = 2.1, a mixture proposal and 3
blocks in each MH step.
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Table A-3: SW Model: Diffuse Prior

Parameter Type Para (1) Para (2) Parameter Type Para (1) Para (2)
ϕ Normal 4.00 4.50 α Normal 0.30 0.15
σc Normal 1.50 1.11 ρa Uniform 0.00 1.00
h Uniform 0.00 1.00 ρb Uniform 0.00 1.00
ξw Uniform 0.00 1.00 ρg Uniform 0.00 1.00
σl Normal 2.00 2.25 ρi Uniform 0.00 1.00
ξp Uniform 0.00 1.00 ρr Uniform 0.00 1.00
ιw Uniform 0.00 1.00 ρp Uniform 0.00 1.00
ιp Uniform 0.00 1.00 ρw Uniform 0.00 1.00
ψ Uniform 0.00 1.00 µp Uniform 0.00 1.00
Φ Normal 1.25 0.36 µw Uniform 0.00 1.00
rπ Normal 1.50 0.75 ρga Uniform 0.00 1.00
ρ Uniform 0.00 1.00 σa Inv. Gamma 0.10 2.00
ry Normal 0.12 0.15 σb Inv. Gamma 0.10 2.00
r∆y Normal 0.12 0.15 σg Inv. Gamma 0.10 2.00
π Gamma 0.62 0.30 σi Inv. Gamma 0.10 2.00

100(β−1 − 1) Gamma 0.25 0.30 σr Inv. Gamma 0.10 2.00
l Normal 0.00 6.00 σp Inv. Gamma 0.10 2.00
γ Normal 0.40 0.30 σw Inv. Gamma 0.10 2.00

Notes: Para (1) and Para (2) correspond to the mean and standard deviation of the Beta, Gamma,
and Normal distributions and to the upper and lower bounds of the support for the Uniform
distribution. For the Inv. Gamma distribution, Para (1) and Para (2) refer to s and ν, where
p(σ|ν, s) ∝ σ−ν−1e−νs2/2σ2

.
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Figure A-1: SW Model: SW Prior Comparison
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Table A-4: SW Model with Diffuse Prior: Posterior Comparison

RWMH SMC
Parameter Mean [0.05, 0.95] STD(Mean) Mean [0.05, 0.95] STD(Mean)
ϕ 7.98 [ 4.16, 12.50] 1.03 8.12 [ 4.27, 12.59] 0.16
σc 1.65 [ 1.33, 2.02] 0.02 1.65 [ 1.33, 2.03] 0.01
h 0.69 [ 0.58, 0.78] 0.03 0.70 [ 0.59, 0.78] 0.00
ξw 0.93 [ 0.82, 0.99] 0.02 0.93 [ 0.80, 0.99] 0.01
σl 3.04 [ 1.41, 5.14] 0.15 3.06 [ 1.40, 5.26] 0.04
ξp 0.73 [ 0.62, 0.82] 0.03 0.72 [ 0.60, 0.82] 0.01
ιw 0.72 [ 0.39, 0.96] 0.03 0.73 [ 0.37, 0.97] 0.02
ιp 0.12 [ 0.01, 0.29] 0.02 0.11 [ 0.01, 0.29] 0.00
ψ 0.75 [ 0.50, 0.96] 0.01 0.75 [ 0.50, 0.96] 0.00
Φ 1.69 [ 1.48, 1.91] 0.04 1.71 [ 1.50, 1.94] 0.01
rπ 2.76 [ 2.11, 3.51] 0.03 2.78 [ 2.12, 3.52] 0.02
ρ 0.88 [ 0.84, 0.92] 0.01 0.88 [ 0.84, 0.92] 0.00
ry 0.16 [ 0.09, 0.24] 0.01 0.15 [ 0.08, 0.24] 0.00
r∆y 0.28 [ 0.22, 0.35] 0.01 0.28 [ 0.22, 0.35] 0.00
π 0.85 [ 0.43, 1.22] 0.02 0.85 [ 0.42, 1.23] 0.01
100(β−1 − 1) 0.06 [ 0.00, 0.18] 0.00 0.06 [ 0.00, 0.19] 0.00
l -0.01 [-2.92, 2.93] 0.16 -0.06 [-2.99, 2.92] 0.07
γ 0.41 [ 0.37, 0.44] 0.00 0.40 [ 0.37, 0.44] 0.00
α 0.17 [ 0.14, 0.20] 0.00 0.17 [ 0.14, 0.20] 0.00
ρa 0.97 [ 0.96, 0.98] 0.00 0.97 [ 0.96, 0.98] 0.00
ρb 0.21 [ 0.03, 0.48] 0.08 0.19 [ 0.03, 0.44] 0.01
ρg 0.99 [ 0.97, 1.00] 0.00 0.98 [ 0.97, 1.00] 0.00
ρi 0.72 [ 0.62, 0.83] 0.02 0.72 [ 0.61, 0.83] 0.00
ρr 0.05 [ 0.00, 0.14] 0.00 0.05 [ 0.00, 0.14] 0.00
ρp 0.91 [ 0.81, 0.99] 0.01 0.92 [ 0.81, 1.00] 0.01
ρw 0.69 [ 0.21, 0.99] 0.09 0.69 [ 0.21, 0.99] 0.04
µp 0.80 [ 0.54, 0.96] 0.10 0.77 [ 0.47, 0.98] 0.02
µw 0.63 [ 0.09, 0.98] 0.09 0.63 [ 0.09, 0.97] 0.05
ρga 0.44 [ 0.26, 0.61] 0.02 0.43 [ 0.25, 0.61] 0.00
σa 0.46 [ 0.41, 0.51] 0.00 0.46 [ 0.41, 0.51] 0.00
σb 0.23 [ 0.18, 0.28] 0.01 0.24 [ 0.18, 0.29] 0.00
σg 0.55 [ 0.49, 0.60] 0.00 0.55 [ 0.50, 0.60] 0.00
σi 0.47 [ 0.39, 0.56] 0.01 0.46 [ 0.39, 0.55] 0.00
σr 0.24 [ 0.22, 0.27] 0.00 0.24 [ 0.22, 0.27] 0.00
σp 0.15 [ 0.11, 0.20] 0.04 0.14 [ 0.09, 0.23] 0.00
σw 0.25 [ 0.21, 0.29] 0.00 0.25 [ 0.22, 0.30] 0.00

Notes: Means and standard deviations are over 20 runs for each algorithm. The RWMH algorithms
use 10 millions draws with the first 5 million discarded. The average acceptance rate was roughly
30%. The SMC algorithms use 12,000 particles, 500 stages, λ = 2.1, a mixture proposal and 3
blocks in each MH step.
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C Schmitt-Grohé and Uribe (2010) Model

C.1 Steady State

µyss = µa,ss

αk
αk−1 µx,ss (A-56)

µkss = µx,ss µa,ss

1
αk−1 (A-57)

xgss =
(

1
µyss

) 1
1−ρxg

(A-58)

(
g

y

)
ss

=
0.20
xgss

(A-59)

(y
k

)
ss

=

1

µa,ss β µy
(−σ)
ss

− (1− δ0)

αk µkss

(A-60)

(
i

k

)
ss

= 1− 1− δ0
µkss

(A-61)

(
i

y

)
ss

=
(
i

k

)
ss

/
(y
k

)
ss

(A-62)

(
c

y

)
ss

= 1− xgss

(
g

y

)
ss

−
(
i

y

)
ss

(A-63)

ψ =

(
1−µy

(−σ)
ss β b

)
αh

1+µss

(y
c

)
ss

hθ
ss

(
1

µyss

) 1−γ
γ

(
θ
(
1− b

µyss

)
+
(
1− µy

(−σ)
ss β b

) (y
c

)
ss

αh
γ

1−β (1−γ) µy
1−σ
ss

1+µss

) (A-64)

kss =

 y kt

l1−αk−αh h
αh
ss

µk
(−αk)
ss

 1
αk−1

(A-65)

δ1 = µkss αk y kt (A-66)

C.2 Detrended Equilibrium

C.2.1 Optimality and Market Clearing Conditions

Investment Equation:

kt =
(

1−
(
δ0 + δ1 (ut − 1) +

δ2
2

(ut − 1)2
))

kt−1

µkt

+ zi
t it

(
1− κ

2

(
itµkt

it−1
− µkss

)2
)

(A-67)
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Resource Constraint:

yt = gt xgt + it + ct (A-68)

Production Function:

yt = zt (utkt−1/µkt)
αk hαh

t l1−αh−αk (A-69)

Value of Consumption Bundle:

vt = ct − b
ct−1

µyt

− ψhθ
t st (A-70)

Geometric Average of past habit-adjusted consumption:

st =
(
ct − b

ct−1

µyt

)γ (st−1

µyt

)1−γ

(A-71)

Consumption Decision:

λt = ζt v
−σ
t − γstpt

ct − b ct−1

µyt

− β bµy
−σ
t+1

(
ζt+1 v

−σ
t+1 −

γst+1pt+1

ct+1 − b ct
µyt+1

)
(A-72)

Hours Decision:

θ ψst v
−σ
t ζt h

θ−1
t = λt

αhyt/ht

1 + µt
(A-73)

Dynamics for the shadow price of past consumption:

pt = ψζtv
−σ
t hθ

t + β (1− γ) µy
1−σ
t+1 pt+1

st+1

st
(A-74)

Euler Equation:

λt qt = β λt+1 µat+1µy
−σ
t+1

(
αk ut+1

yt+1

kt ut+1/µkt+1

+
(

1−
(
δ0 + δ1 (ut+1 − 1) +

δ2
2

(ut+1 − 1)2
))

qt+1

)
(A-75)

Capacity Utilization:

qt (δ1 + δ2 (ut − 1)) = αk
yt

ut kt−1/µkt

(A-76)

Dynamics of qt:

λt = qtλt z
i
t

(
1− κ

2

(
itµkt

it−1
− µkss

)2

− κ
itµkt

it−1

(
itµkt

it−1
− µkss

))

+ βµat+1µy
−σ
t+1 qt+1λt+1z

i
t+1

(
it+1 µkt+1

it

)2

κ

(
it+1 µkt+1

it
− µkss

)
(A-77)
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C.2.2 Exogenous Processes and Trends

Stochastic trend in output:

µyt = µxt µa

αk
αk−1

t (A-78)

Stochastic trend in capital and investment:

µkt = µxt µa

1
αk−1

t (A-79)

Government Spending Trend:

xgt =
xg

ρxg

t−1

µyt

(A-80)

Capital-specific technology trend shock:

log
(
µat

µa,ss

)
= ρa log

(
µat−1

µa,ss

)
+ ε0a,t + ε4a,t−4 + ε8a,t−8 (A-81)

Neutral technology trend shock:

log
(
µxt

µx,ss

)
= (ρx − 0.5) log

(
µxt−1

µx,ss

)
+ ε0x,t + ε4x,t−4 + ε8x,t−8 (A-82)

Neutral technology shock:

log (zt) = ρz log (zt−1) + ε0z,t + ε4z,t−4 + ε8z,t−8 (A-83)

Investment-specific technology shock:

log
(
zi
t

)
= ρzi log

(
zi
t−1

)
+ ε0zi,t + ε4zi,t−4 + ε8zi,t−8 (A-84)

Government Spending Shock

log
(

gt

gsst

)
= ρg log

(
gt−1

gsst

)
+ ε0g,t + ε4g,t−4 + ε4g,t−8 (A-85)

Preference shock:

log (ζt) = ρζ log (ζt−1) + ε0ζ,t + ε4ζ,t−4 + ε8ζ,t−8 (A-86)
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Wage markup:

log
(
µt

µss

)
= ρµ log

(
µt−1

µss

)
+ ε0µ,t + ε4µ,t−4 + ε8µ,t−8 (A-87)

C.2.3 Observation Equations

ygrt = 100 log
(
ytµyt

yt−1

)
+ εme

y,t (A-88)

cgrt = 100 log
(
ctµyt

ct−1

)
(A-89)

igrt = 100 log
(
itµatµkt

it−1

)
(A-90)

hgrt = 100 log
(

ht

ht−1

)
(A-91)

ggrt = 100 log

(
gt xgtµyt

gt−1 xgt−1

)
(A-92)

zgrt = 100 log

(
ztµx

1−αk
t

zt−1

)
(A-93)

agrt = 100 log (µat) (A-94)

C.3 Replicating the Results in Schmitt-Grohé and Uribe (2012)

The description of the model in the previous subsections corresponds to the model presented in the

text of Schmitt-Grohé and Uribe (2012). Their implementation is slightly different.

Wage Markup: The process for the wage markup shock actually operates on the gross markup,

1 + µ.

Prior Normalizations: As noted in the text and Table 2 of SGU, the prior for θ is actually on

θ − 1. That is,

θ ∼ 1 +Gamma(4.00, 1.00).

Similarly, support for ρx is [−0.5, 0.5], or

ρx ∼ Beta(0.7, 0.2)− 0.5.



Online Appendix A-25

Finally, as noted in early drafts of SGU, the parameters [b, ρxg, ρz, ρa, ρg, ρµ, ρζ , ρzi ] are rescaled by

0.99, presumably to help identify the news innovations.
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C.4 Additional Tables and Figures for the SGU Model

Table A-5 summarizes the SGU prior distribution for the news model.

Table A-6 compares the output of the posterior simulators for the news model under the SGU prior.

Figure A-2 shows some bimodal features of the posterior distribution.
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Table A-5: News Model: SGU Prior Distribution

Parameter Type Para (1) Para (2) Parameter Type Para (1) Para (2)
θ − 1 Gamma 4.00 1.00 σ0

zi Gamma 17.15 17.15
γ Beta 0.50 0.29 σ4

zi Gamma 7.00 7.00
κ Gamma 4.00 1.00 σ8

zi Gamma 7.00 7.00
δ2/δ1 Inv. Gamma 0.68 2.59 σ0

z Gamma 1.50 1.50
b Beta 0.50 0.20 σ4

z Gamma 0.61 0.61
ρxg Beta 0.70 0.20 σ8

z Gamma 0.61 0.61
ρz/0.99 Beta 0.70 0.20 σ0

µ Gamma 1.19 1.19
ρa/0.99 Beta 0.50 0.20 σ4

µ Gamma 0.49 0.49
ρg/0.99 Beta 0.70 0.20 σ8

µ Gamma 0.49 0.49
ρx + 0.5 Beta 0.70 0.20 σ0

g Gamma 1.05 1.05
ρµ/0.99 Beta 0.70 0.20 σ4

g Gamma 0.43 0.43
ρζ/0.99 Beta 0.50 0.20 σ8

g Gamma 0.43 0.43
ρzi/0.99 Beta 0.50 0.20 σ0

ζ Gamma 6.30 6.30
σ0

µa
Gamma 0.31 0.31 σ4

ζ Gamma 2.57 2.57
σ4

µa
Gamma 0.13 0.13 σ8

ζ Gamma 2.57 2.57
σ8

µa
Gamma 0.13 0.13 σme

ygr Uniform 0.00 0.30
σ0

µx
Gamma 0.45 0.45

σ4
µx

Gamma 0.19 0.19
σ8

µx
Gamma 0.19 0.19

Notes: Para (1) and Para (2) correspond to the mean and standard deviation of the Beta, Gamma,
and Normal distributions and to the upper and lower bounds of the support for the Uniform
distribution. For the Inv. Gamma distribution, Para (1) and Para (2) refer to s and ν, where
p(σ|ν, s) ∝ σ−ν−1e−νs2/2σ2

.
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Table A-6: Posterior Comparison for News Model (SGU Prior)

RWMH SMC
Parameter Mean [0.05, 0.95] STD(Mean) Mean [0.05, 0.95] STD(Mean)
σ4

µ 4.33 [ 0.84, 5.92] 0.49 4.26 [ 0.28, 5.91] 0.24
σ8

µ 1.34 [ 0.04, 4.83] 0.49 1.36 [ 0.03, 5.14] 0.24
σ8

zi 5.68 [ 0.87, 10.54] 0.30 5.59 [ 0.75, 10.59] 0.09
σ4

zi 3.08 [ 0.21, 7.80] 0.24 3.14 [ 0.21, 7.98] 0.04
σ0

ζ 3.80 [ 0.51, 6.78] 0.22 3.82 [ 0.50, 6.77] 0.10
σ8

ζ 2.62 [ 0.17, 6.07] 0.18 2.65 [ 0.17, 6.22] 0.11
σ0

zi 12.36 [ 9.05, 16.12] 0.09 12.27 [ 9.07, 15.84] 0.09
κ 9.33 [ 7.49, 11.40] 0.09 9.32 [ 7.48, 11.33] 0.05
θ 4.14 [ 3.22, 5.19] 0.05 4.13 [ 3.19, 5.18] 0.02
σ4

ζ 2.44 [ 0.15, 6.04] 0.04 2.43 [ 0.15, 5.95] 0.09
σ0

µ 0.92 [ 0.06, 2.39] 0.04 1.04 [ 0.06, 2.79] 0.04
σ0

g 0.60 [ 0.06, 1.07] 0.03 0.62 [ 0.06, 1.08] 0.01
σ8

g 0.41 [ 0.03, 0.98] 0.03 0.41 [ 0.03, 0.99] 0.01
σ4

µa
0.16 [ 0.01, 0.34] 0.01 0.16 [ 0.01, 0.34] 0.00

ρzi 0.43 [ 0.21, 0.63] 0.01 0.43 [ 0.21, 0.63] 0.00
σ4

g 0.57 [ 0.04, 1.06] 0.01 0.55 [ 0.04, 1.06] 0.02
σ0

µa
0.21 [ 0.02, 0.35] 0.01 0.21 [ 0.02, 0.35] 0.01

σ8
µx

0.12 [ 0.01, 0.29] 0.01 0.12 [ 0.01, 0.29] 0.00
σ8

µa
0.15 [ 0.01, 0.33] 0.01 0.16 [ 0.01, 0.34] 0.00

ρxg 0.64 [ 0.37, 0.83] 0.01 0.67 [ 0.40, 0.86] 0.03
σ0

µx
0.36 [ 0.18, 0.52] 0.01 0.37 [ 0.19, 0.54] 0.01

σ0
z 0.66 [ 0.56, 0.74] 0.01 0.65 [ 0.54, 0.74] 0.01
σ4

µx
0.10 [ 0.01, 0.26] 0.01 0.10 [ 0.01, 0.27] 0.00

σ4
z 0.13 [ 0.01, 0.31] 0.01 0.13 [ 0.01, 0.32] 0.00
ρζ 0.19 [ 0.08, 0.31] 0.00 0.19 [ 0.08, 0.32] 0.00
σ8

z 0.12 [ 0.01, 0.28] 0.00 0.12 [ 0.01, 0.29] 0.00
ρx 0.88 [ 0.68, 0.99] 0.00 0.86 [ 0.65, 0.99] 0.01
δ2/δ1 0.42 [ 0.31, 0.55] 0.00 0.42 [ 0.31, 0.56] 0.00
ρa 0.48 [ 0.39, 0.57] 0.00 0.48 [ 0.38, 0.57] 0.00
ρz 0.91 [ 0.85, 0.96] 0.00 0.91 [ 0.84, 0.96] 0.00
ρg 0.96 [ 0.92, 0.99] 0.00 0.96 [ 0.92, 0.99] 0.00
ρµ 0.98 [ 0.95, 1.00] 0.00 0.98 [ 0.95, 1.00] 0.00
b 0.92 [ 0.89, 0.94] 0.00 0.92 [ 0.89, 0.94] 0.00
σme

ygr 0.30 [ 0.30, 0.30] 0.00 0.30 [ 0.30, 0.30] 0.00
γ 0.00 [ 0.00, 0.00] 0.00 0.02 [ 0.00, 0.01] 0.01

Notes: Means and standard deviations are over 20 runs for each algorithm. The RWMH algorithms
use 10 million draws with the first 5 million discarded. The SMC algorithms use 30,048 particles
and 500 stages.
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Figure A-2: News Model: Bivariate Contour Plot of σ4
µ and σ8
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Notes: The figure shows a This figure shows contour plots for bivariate kernel density estimates of
the posteriors for [σ4

µ, σ
8
µ] from the SMC simulator, conditional on γ < 0.01.


