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Abstract

We document that exchange-rate cyclical components repeatedly align with their
eight-year lags, consistent with limit-cycle theory: without shocks, the economy re-
turns to the same state after a fixed interval. This motivates a limit-cycle bench-
mark that forecasts exchange-rate changes using the same-horizon change at the cor-
responding phase of the preceding cycle. Like the random walk, a benchmark long
considered difficult to outperform, it uses only exchange-rate history, without macroe-
conomic or financial predictors. It lowers out-of-sample mean squared forecast errors
relative to the random walk for most of the twenty currencies in our sample at twelve-,

sixteen-, and twenty-quarter horizons.
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1 Introduction

A longstanding finding in the exchange-rate forecasting literature is that the random walk
is difficult to beat out of sample (Meese and Rogoff, 1983a,b). This finding has been
documented across currencies, sample periods, and forecasting methods (Rossi, 2013).
The random walk therefore remains the default benchmark for empirical and structural
exchange-rate models. Its appeal also rests on its simplicity: it requires no macroeco-
nomic predictors and uses the current exchange rate as its forecast of the future exchange
rate.

We document a recurrent pattern in exchange rates that the random-walk forecast
does not exploit. In quarterly nominal and real bilateral exchange rates for twenty ad-
vanced economies, the cyclical component repeatedly aligns with the same component
eight years earlier. Several large peaks and troughs occur at similar points in successive
cycles. This evidence suggests that an exchange rate’s own history contains information
about its future movement.

To explain this recurrence, we introduce household credit frictions and durable accu-
mulation into the small-open-economy framework of Gali and Monacelli (2005), follow-
ing Beaudry et al. (2020). An increase in employment lowers default risk and borrowing
costs, encouraging households to spend more and reinforcing the expansion. The expan-
sion also increases purchases of new durables. As these purchases build up the durable
stock, demand for additional durables weakens, reducing production and employment.
During the resulting contraction, the durable stock depreciates, restoring demand for new
purchases and initiating another expansion. Together, these forces produce a limit cycle:
the economy returns to the same state after a fixed interval, so movements repeat at corre-
sponding phases of successive cycles. The associated movements in domestic consump-
tion generate exchange-rate fluctuations through trade adjustment: higher consumption
raises import demand and requires a real depreciation to increase exports.

We use this recurrence to forecast future exchange-rate changes. For a horizon shorter
than one cycle, we predict the future log nominal exchange-rate change from the same-
horizon change at the corresponding phase of the preceding cycle. We call this the limit-
cycle benchmark.

We evaluate the limit-cycle benchmark’s out-of-sample forecasting performance rel-
ative to the random walk. At twelve-, sixteen-, and twenty-quarter horizons, it delivers

lower mean squared forecast error (MSFE) for fifteen, fourteen, and fourteen of the twenty



currencies. Across all twenty currencies, the median MSFE reductions are approximately
7, 12, and 19 percent, respectively. Both conventional Clark-West (2007) inference and
finite-sample wild-bootstrap inference support statistically significant forecast improve-
ments across multiple currencies.

A closer examination relates the forecast improvements over the random walk to the
size of the limit-cycle prediction. When the predicted exchange-rate change is close to
zero, the limit-cycle forecast is close to the random walk’s no-change forecast, and their
squared forecast errors are similar. Among currencies where the limit-cycle benchmark
has lower MSFE than the random walk, larger predicted appreciations or depreciations
are associated with larger reductions in squared forecast error relative to the random
walk. Turning to forecast horizons, out-of-sample improvements over the random walk
are more limited at one, four, and eight quarters: fewer currencies have lower MSFE than
the random walk, and fewer improvements are statistically significant. Even where the
limit-cycle benchmark does not outperform the random walk at these horizons, its MSFE
is generally close to that of the random walk.

Lastly, we test whether the gains at longer horizons could arise by chance if exchange
rates followed a driftless random walk. We repeat the forecasting exercise on 10,000
simulated random-walk panels. Only 2.89 percent produce at least as many MSFE im-
provements as observed in the data. The observed forecasting success of the limit-cycle

benchmark is therefore unlikely to arise by chance under the random-walk null.

Literature Review Rossi (2013) surveys the macroeconomic predictors considered in the
exchange-rate forecasting literature. These predictors include interest-rate differentials
across countries motivated by uncovered interest parity (Meese and Rogoff, 1988); price
and inflation differentials motivated by purchasing power parity (Rogoff, 1996; Cheung
et al., 2005); and money and output differentials in monetary models (Mark, 1995; Mark
and Sul, 2001). Productivity-based models use relative productivity differentials as the
predictor, following Balassa (1964) and Samuelson (1964); Cheung et al. (2005) evaluate
their forecasting performance. Other predictors include external positions in portfolio-
balance models (Hooper and Morton, 1982), inflation and output gaps in Taylor-rule
models (Engel and West, 2006; Molodtsova and Papell, 2009), and external imbalances
in models of international financial adjustment (Gourinchas and Rey, 2007; Della Corte
et al,, 2012). Related work examines commodity-price and exchange-rate relationships
(Chen and Rogoff, 2003; Chen et al., 2010; Ferraro et al., 2015). The difficulty of consis-

tently outperforming the random walk with macroeconomic predictors in out-of-sample



forecasts is known as the Meese-Rogoff puzzle (Rossi, 2013).

Our paper proposes a new forecasting benchmark that is harder to beat than the ran-
dom walk. Its role as a benchmark rests on its informational simplicity: it uses only the
exchange rate’s own history, without macroeconomic or financial predictors. Models that
introduce such predictors should therefore be evaluated against the limit-cycle bench-
mark in addition to the random walk.

Our approach is closely related to research using simple exchange-rate-based predic-
tors. Engel and Wu (2023) argue that economic predictors should add forecasting value
beyond the exchange-rate level itself. Eichenbaum et al. (2020) show that the real ex-
change rate predicts nominal adjustment in inflation-targeting economies, while Kilian
and Taylor (2003) explain how nonlinear mean reversion in real exchange rates can gen-
erate predictability in nominal exchange rates at longer horizons.! Our benchmark uses
the same-horizon exchange-rate change at the corresponding phase of the preceding cy-
cle.

Our economic explanation builds on the limit-cycle model of Beaudry et al. (2020). We
incorporate its mechanism into the small-open-economy framework of Gali and Mona-
celli (2005) to explain exchange-rate determination. Existing work in the open-economy
literature explains fluctuations through responses to exogenous shocks (Backus et al.,
1992; Stockman and Tesar, 1995; Obstfeld and Rogoff, 1995; Chari et al., 2002; and, more
recently, Gabaix and Maggiori, 2015; Itskhoki and Mukhin, 2021; Kekre and Lenel, 2024).
Our model complements this literature by generating a limit cycle that persists in the
absence of shocks. Along this deterministic cycle, exchange-rate movements repeat at
corresponding phases of successive cycles; shocks disturb their timing and amplitude.

The paper proceeds as follows. Section 2 defines limit cycles and documents recur-
rent movements in nominal and real exchange rates. Section 3 develops the small-open-
economy model and explains the mechanism generating exchange-rate limit cycles. Sec-
tion 4 introduces the forecasting benchmark and evaluates it using model-generated data.
Section 5 assesses its out-of-sample performance across currencies. The final section con-

cludes.

!Earlier research on predictability at longer horizons also examines persistent exchange-rate swings and
the role of macroeconomic fundamentals. Engel and Hamilton (1990) model prolonged appreciation and
depreciation phases as stochastic shifts between trends. Mark (1995) and Engel, Mark and West (2007) find
evidence of longer-horizon predictability using macroeconomic fundamentals.
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2 Exchange-Rate Cycles and Their Recurrence

This section documents the recurrent exchange-rate movements that motivate our fore-

casting benchmark.

The Concept of Limit Cycles Like business cycles, limit cycles involve expansions and
contractions. They entail a stronger form of recurrence, however: along a deterministic
limit cycle, the economy returns to the same state after a fixed interval (Goodwin, 1951;
Benhabib and Nishimura, 1979; Beaudry et al., 2020). Movements therefore repeat at cor-
responding phases of successive cycles. Let x; be an observable along a limit cycle, and
let the positive integer p denote the number of periods needed to complete one full cy-
cle. Then, in a deterministic limit cycle, x; = x;—,: the current series and its p-period lag
coincide.

In practice, business-cycle shocks can disturb movements around an underlying limit
cycle. These shocks change the timing and amplitude of observed cycles, making exact
repetition unlikely. We therefore look for approximate recurrence: repeated alignment of
the cyclical component with the same component one cycle earlier.

Data We use quarterly bilateral nominal exchange rates against the U.S. dollar from Bank
for International Settlements (2020). The sample spans 1973Q1-2020Q1, ending at the on-
set of the COVID-19 pandemic and excluding the subsequent pandemic period.> Let
&i+ denote country i’s nominal exchange rate. Using consumer price indices from In-
ternational Monetary Fund (2020), we construct the corresponding real exchange rate as
Qi+ = &P/ P;y, where P;; is the domestic consumer price index and P} is the U.S. con-
sumer price index.

We study 20 countries: the 18 economies in Rossi (2013) (Australia, Austria, Belgium,
Canada, Denmark, Finland, France, Germany, Greece, Ireland, Italy, Japan, New Zealand,
Portugal, Spain, Sweden, Switzerland, and the United Kingdom), plus South Korea and
Norway.

Exchange-Rate Limit-Cycle Behavior We examine whether short- to medium-term

exchange-rate movements recur at corresponding phases of successive cycles. To iso-

2For the band-pass filter, we also retain observations from 1971Q1-1972(Q)4 as initial input. The dis-
played sample begins in 1973Q1. At the other end of the sample, the pandemic period is unusual because
it combines exceptional disruptions to economic activity with large policy interventions. Such shocks can
alter the timing and amplitude of movements around an underlying limit cycle, weakening their alignment
with the preceding cycle and the predictive value of preceding-cycle movements.
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Figure 1: Exchange-Rate Limit-Cycle Behavior in the British Pound
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Notes: The blue lines plot the 2-12-year band-pass-filtered components of the log nominal and real exchange
rates against the U.S. dollar. The red lines plot the same components lagged by 32 quarters (eight years).

late these movements from higher-frequency fluctuations and longer-term trends, we
extract the 2-12-year component of each exchange-rate series. Specifically, we apply
the band-pass filter of Christiano and Fitzgerald (2003) to log &; s and log Q; 4, retaining
periodicities between 8 and 48 quarters. We use eight years as a reference interval, corre-
sponding to the upper end of the conventional business-cycle periodicities in Baxter and
King (1999). We then compare each filtered component with its eight-year lag to assess
whether movements recur at corresponding phases of successive intervals. These filtered
exchange-rate series are used only in this section to examine limit-cycle behavior. The
forecasting exercises in Section 5 use the original, unfiltered exchange-rate series.

Figure 1 illustrates this comparison for the British pound. In each panel, let x; denote
the filtered exchange-rate component. The blue line plots x;, and the red line plots x;_3»,
its eight-year lag. If the component repeated exactly every eight years, the two lines
would coincide.

Consistent with limit-cycle behavior, there is a large overlap between the blue and red
lines, indicating that several large peaks and troughs occur at similar points in successive
eight-year intervals. This pattern appears in both nominal and real exchange rates. Fig-
ures A.1 and A.2 in the appendix show that this recurrence extends beyond the United
Kingdom.

To quantify the alignment, we calculate, for each currency, the correlation between the
filtered nominal exchange rate and its 32-quarter lag. Table 1 reports the average across



Table 1: Eight-Year Exchange-Rate Alignment against the Random-Walk Null

Monte Carlo wild bootstrap
Observed data  under the random-walk null

Currency panel Mean correlation Mean correlation p-value

All twenty currencies 0.505 0.166 0.0029

Notes: Alignment is the correlation between the 2-12-year component of a log nominal exchange rate and its
32-quarter lag, averaged equally across currencies. Correlations use 165 paired observations from 1979Q1-
2020Q1; filter input begins in 1971Q1. The random-walk mean and upper-tail p-value use 10,000 wild-
bootstrap panels with the same detrending, filter, and comparison dates. Appendix A.1 gives the details.

all twenty currencies, 0.505.

Could this alignment arise simply from applying the band-pass filter to exchange rates
whose true data-generating process is a random walk? Using a wild bootstrap based
on the observed quarterly exchange-rate changes, we generate 10,000 panels in which
each log exchange rate follows a driftless random walk. We first generate the unfiltered
random-walk series, then apply the same detrending and 2-12-year band-pass filter used
for the observed exchange rates. For each filtered panel, we calculate the correlations
with the 32-quarter lags and average them across currencies, exactly as in the data. The
mean correlation across these simulated panels is 0.166. Only about 0.29 percent of the
panels produce an average correlation at least as high as the observed 0.505. We therefore
reject the hypothesis that the observed alignment can be explained by applying the band-
pass filter to exchange rates generated by a random walk (p = 0.0029). Appendix A.1
describes the statistic and simulations.

This repeated alignment motivates using the exchange-rate change at the correspond-
ing phase of the preceding cycle as a predictor. Before evaluating the forecasting perfor-
mance of this approach against the random-walk benchmark, we develop a theoretical

model in Section 3 that explains how exchange-rate limit cycles can arise.

3 A Model of Exchange-Rate Limit Cycles

To explain the recurrent exchange-rate movements documented in Section 2, we extend
the small-open-economy framework of Gali and Monacelli (2005) with the credit-market
complementarity and durable accumulation in Beaudry et al. (2020). Section 3.1 presents

the model environment. Section 3.2 derives the key equilibrium dynamics, explains the



limit-cycle mechanism, and illustrates the resulting exchange-rate recurrence in Figure
2. Appendix B reports the calibration details, and Appendix D provides the equilibrium

conditions and derivations.

3.1 Environment

Time is discrete. The home economy contains households, firms, competitive banks, and
a central bank. The economy is small relative to the rest of the world, so foreign output

and foreign prices are taken as given.

3.1.1 Households.

There is a unit mass of identical households indexed by h € [0,1]. Each household is a
large family composed of a continuum of workers. Family members pool consumption,
labor income, firm profits, and durable holdings. A fraction ej, ; of household h’s members
is employed in period t, so 1 — e, ; is both the unemployment rate within the family and

the family’s leisure. The lifetime expected utility of household £ is

Uy =FEo ) B'¢-1 [U(Chr — vCio1) + 171 log(1 — epr)], 3.1)
=0

where [ is the expectation conditional on information at date zero, € (0,1) is the dis-
count factor, and ¢;_; is an intertemporal preference shifter. The variable Cj; denotes
household consumption of non-durable goods, while C; = fol Cy,¢ dh is aggregate con-
sumption. The parameter #; weights leisure relative to consumption, and v € [0,1)
governs external habit formation, so current utility depends on consumption relative
to the previous period’s aggregate consumption. We use U(a) = (=% —1)/(1 — w),
where w > 0 is the inverse of the intertemporal elasticity of substitution. The prefer-
ence innovation is yi; = ¢;/¢y—1. It acts as an exogenous demand shock, and we assume

log iy ~ N(0,02), where o2 is the shock variance.’

. . C 1—v cv
The consumption bundle is C;; = ﬂ;—lfj’vtv, where 0 < v < 1and Cp,; and Cp

are household /’s consumption of home and foreign goods. Let Py ; denote the home-
currency price index for home goods and Pr; the home-currency price of the foreign

composite good. The associated consumer price index is P; = Pé_tVPI_? ;- Cost minimiza-

3The model generates a deterministic limit cycle with y; = 1; the shock adds business-cycle noise for
evaluating the proposed forecasting benchmark.



tion gives home- and foreign-good demand:

PCy,
Py’

PCy
Pp;

Crpt=(1-v) Cept =V (3.2)
Thus, v is the expenditure share on imports.

Home goods are themselves a constant-elasticity aggregate of differentiated varieties
e/(e—1
i €[0,1], with Cyj; = [fol Cripy (i) D/e di} ). The parameter € > 1 is the elastic-

ity of substitution across home varieties. Producer i charges Py ;(i). The corresponding
home—good price index is pH,t = [fol pH,t(i)l_e di]l/(l_e). Cost minimization giVGS de-

mand for producer i’s variety:

Crp(i) = (PH—t(l))_ Crp,t- (3.3)

Pp

Households also own the stock of durable goods. These goods are productive inputs
used by firms to produce non-durable home consumption goods. Let X}, ; denote house-
hold h’s stock available for rental in period ¢, and let I%t denote its purchases of new
durables during that period. The stock evolves according to

Xppr1 = (1= 6)Xps + Iy, (3.4)

where 6 € (0,1) is the depreciation rate. Durables purchased in period t become part of
the stock available in period t + 1. Durable goods do not enter household utility. House-
holds rent the current stock to firms at the nominal rental rate Rf, and new durables trade
at the nominal price PX.

Financial Frictions and the Household’s Intertemporal Budget Constraint. The finan-
cial friction operates at the level of individual household members. Each worker must
borrow to repay outstanding debt and finance the family’s consumption and durable pur-
chases before employment is realized and household income is received. The household
head pools members’ funds and makes the family’s aggregate consumption and durable-
investment decisions. However, loan obligations remain individual: banks can recover
an unemployed member’s debt from the family only with probability ¢ € [0, 1]. For sim-
plicity, we assume away international financial markets. Household members therefore
obtain one-period loans from domestic banks.

Consider worker j in household h. Let D;j; denote the worker’s outstanding debt



at the beginning of period £, and let L; ; ; denote the new loan. The worker first uses the
loan to repay D; j, s and deposits the remainder, L; , + — D; ..+, at the safe deposit rate i;. The
head of the household pools these deposits and pays for the family’s consumption and
durable purchases. The payments are P;Cy, ; for consumption and P I}ft for new durables,
where PX is the nominal price of a new durable. Firms receive the corresponding bank
transfers before they pay wages and rental income.

Since the lending rate r; is at least as high as the deposit rate i;, household members
borrow only to meet this liquidity requirement. Aggregating across its members, house-
hold h’s new loan therefore satisfies L, ; = Dy, ; + P;Cp, ; + P,_LX Iﬁft, where Dy, ; and Ly ; are
aggregate beginning-of-period debt and new borrowing.

Employment is realized after borrowing and expenditure decisions. A fraction e; of
workers is employed. Each employed worker earns the nominal wage W; and repays the
loan at the gross lending rate 1 + ;. An unemployed worker has no labor income and
cannot repay directly. Recovery costs the bank ®; per unit of lending. With probability
1 — ¢, the loan defaults. The probability that a loan is either repaid by the worker or
recovered from the family is therefore e; + (1 — e;)¢.

These flows determine the household’s intertemporal budget constraint. Let P; denote
nominal firm profits distributed to each household. The household’s debt at the begin-
ning of period t + 1 is

Disn = let + (1= er)g] (1+71) (Dps + PeCis + P ) = (1+i0) (ecWs + R¥Xos + 1) . (3.5)

The first term is the value of loan obligations that are repaid or recovered. The second
term is household income carried at the safe rate: labor income, the rental return Rf( Xt
on durable holdings, and firm profits.

Optimality Conditions. Given these preferences and the budget constraint (3.5), the
household head chooses non-durable consumption and durable purchases and coordi-
nates members’ labor-supply decisions to maximize expected lifetime utility in equation
(3.1), subject to the durable accumulation equation (3.4). We now discuss the three op-
timality conditions associated with these choices. Because households are identical, we
suppress the household subscript below.

The Euler equation for non-durable consumption is

U'(Ct —vCi1) = Bpe [er + (1 — er)¢] (1 +11) s [ (3-6)
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Let Il;11 = P;+1/P: denote gross consumer-price inflation. As in the standard con-
sumption Euler equation, households compare the marginal utility of consumption today
with its discounted future value. Here, the relevant intertemporal price depends on the
gross lending rate 1 + r;, adjusted by the probability that a loan is repaid or recovered,
et + (1 — et)¢. Lower employment raises lending rates and increases the effective cost of
current consumption.

The Euler equation for durable purchases is

U'(Ce — vCi-1) = BuiEs (3.7)

u/(ct+1 —7Ct) { Rt)il(l +ity1)
[

+(1—06)P%
I1;4PX e+ (1 —e1)p) (1 +7441) ( ) f+1}

X
t+1

and the remaining resale value (1 — ¢ )Pt)il. The rental return is adjusted by the financing

wedge between deposits and loans and by the probability of repayment or recovery. Let

The right-hand side captures the two payoffs from a new durable: the rental return R

w; = W/ P; denote the real wage. The household’s labor-supply condition is

Py

(1—9) (Ct + 5 ItX) . (3.8)

1L let + (1 —e)p] (1+1¢) L Lt

wr = ; ;
t (1—et)LI’(Ct _')’Ct—l) 1414 1+

In this condition, the first term on the right-hand side compensates a worker for for-
gone leisure. Because accepting employment also requires repaying the loan, the second

term compensates the worker for giving up the possibility of default when unemployed.

3.1.2 Banks with Free Entry and the Lending Premium.

Competitive banks fund household loans at the one-period safe deposit rate i; and charge
the lending rate r;. Their lending income depends on borrowers’ employment outcomes:
a loan is repaid by an employed worker with probability e; and recovered from the family
of an unemployed worker with probability (1 — e;)$. Recovering a loan from an unem-
ployed worker’s family, however, incurs a cost proportional to the loan amount, with
per-unit cost ®;.* With free entry, the lending rate must therefore allow banks to cover
their funding and recovery costs while earning zero expected profits. Defining the gross

lending premium as the gross lending rate relative to the gross deposit rate, the free-entry

4Section 3.2 parameterizes the recovery cost ®; as a cubic polynomial in log employment.
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condition therefore gives:

1+ . 1—|—(1—€t)4)q)t
1+ er+(1—e)gp

RF = (3.9)
A decline in employment shifts more loans from direct repayment to costly recovery or

default. Banks therefore require a higher lending premium to break even.

3.1.3 Firms.

A continuum of monopolistically competitive firms indexed by i € [0, 1] produces differ-
entiated non-durable home goods using durable goods as the sole direct input. Each firm
chooses its price and the combination of rented durables and labor used in production to
maximize profits, subject to demand for its variety. Firm i obtains durables either by rent-
ing X; ; units from the existing stock owned by households or by employing e; ; workers
to produce F(e; ;) new units. Both sources are available for current production, so output
is

Yi (i) = Xir+ Fleit), F(eis) = ef;. (3.10)
The parameter « € (0,1] governs returns to labor in the production of new durables.
The firm pays the nominal wage W; for labor and the nominal rental rate RX on rented
durables. After current production, it can sell a fraction ¢ € (0, 1] of the newly produced
durables at price PX.

For a given quantity of output, the firm therefore chooses rented durables and employ-
ment to minimize production costs net of revenue from selling durables. At an interior
optimum, the marginal cost of renting an existing durable equals the marginal cost of
producing a new one, less the revenue from its subsequent sale:

Wi

W,
‘o —yPX = —L —yPX, (3.11)

RS =
" Fo(eir) wef,

where F, is the marginal product of labor in producing new durables. We consider a
symmetric equilibrium with e;; = ;. Defining IX = fol I%t dh, aggregate purchases of
new durables therefore satisfy IX = (F(e;) = pe®. Thus, i is the share of newly produced
durables that enters the household-owned stock.

The firm also chooses the price of its variety, Py (i), to maximize profits, taking into
account how that price affects demand and hence the quantity it must produce. Profits

12



are distributed equally across households. Changing its price entails the Rotemberg cost
L[Pu (i) / Pre—1(i) — 1]*Yp,(i), where x > 0 governs nominal price rigidity. Let ITy; =
Py ¢/ P 1 denote gross home-goods inflation, and let hats denote log deviations from
the nonstochastic steady state. Aggregating the firms” price-setting conditions and log-
linearizing yields the aggregate New Keynesian Phillips curve:

7t = BEiTH 11 + KMmcy, (3.12)

where mc; = RYX/Py; denotes marginal cost in units of home goods and ¢y =
log(mc;/mc). The variable 7Tp; is the log deviation of ITy, and « is the Phillips-curve
slope implied by x.

Consumer-price inflation also reflects changes in the terms of trade. Since P; = Py S/,

gross consumer-price inflation satisfies

S\
I =1l | =— ) - (3.13)
Si-1
In log-linear form, 7©; = 7ty + VAS;, where 7; is the log deviation of I1; and As; =

St — 5¢_1.

3.1.4 Monetary policy.
The central bank sets i, the safe nominal rate on one-period deposits. Following Beaudry
et al. (2020), monetary policy follows the Taylor-type rule’

1+ip ~ OB [eff T1j44] . (3.14)

The scale parameter ® > 0 helps determine the steady-state nominal rate, while ¢, > 0
governs the response to expected employment. The central bank therefore raises the safe

rate when expected employment or expected consumer-price inflation increases.

3.1.5 International Prices and Trade.

Let & denote the nominal exchange rate, measured as units of home currency per unit of
foreign currency, and let P;" denote the foreign price level. The law of one price implies
Pry = &P;. Together with the consumer price index P; = P}I_tVP}/ ., this gives the real

5The nonlinear rule and its first-order approximation are reported in Appendix D.
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exchange rate:
_ &P Py
PP

Increases in & and Q; represent nominal and real depreciations, respectively.

o] =S (3.15)

These relative prices determine export demand. With symmetric preferences and for-
eign consumption equal to the constant foreign output Y*, foreign demand for home
goods is vS;Y*. Home households, in turn, spend the fraction v of consumption expendi-
ture on imports, so Pr;Cr; = vP;C;, where Cr; denotes aggregate imports.

Because households cannot borrow or lend internationally, export revenue must equal

import expenditure in every period:
PH,t (I/Sty*) = PF,tCF,t = l/PtCt. (3.16)

Using Py +S¢ = Pr, this condition yields

Ct

Q=7 (3.17)

The intuition behind this relationship is straightforward. An increase in home consump-
tion raises import expenditure. To finance these imports, the economy must export more,
requiring a real depreciation that increases foreign demand for home goods. Domestic
consumption cycles therefore generate real exchange-rate cycles. Given domestic and

foreign price levels, the corresponding nominal exchange rate is & = Q;P;/ Py

3.2 Equilibrium Dynamics and the Limit-Cycle Mechanism

Appendix D collects the equilibrium conditions, including durable-rental and home-
goods market clearing, and derives the reduced equilibrium dynamics and their coeffi-
cient formulas. Here, we focus on four equations that describe the limit-cycle mechanism
through the dynamics of the lending premium, the durable stock, employment, and the
real exchange rate.

Let hats denote log deviations from the nonstochastic steady state. We parameterize ®;
as a cubic polynomial in . Substituting this function into the bank zero-profit condition
and taking a third-order approximation of the log lending premium around the steady
state gives

Rf = pi8i + 22 + p3é, (3.18)

14



where p; < 0, while p; and p3 capture higher-order curvature.®

The cubic lending premium is the only nonlinearity retained in the solution; all other
equilibrium conditions are log-linearized around the nonstochastic steady state.

Define X} = [/ (10)]X;, where X; is the log deviation of the durable stock. The house-
hold and firm optimality conditions, together with bank pricing and market clearing,
yield the remaining three equations that are key for the mechanism:

Xro = (1-0)X; +ye, (3.19)

e = 0 X; + 8281 + &3E8; 41 + &yRY + Fsiy, (3.20)
) ~

g = (1— XF+e). 3.21

r=( V)5_'_¢<t+et> (3.21)

Here ¢; is the log deviation of employment, ji; is the preference innovation, and g; is the
log deviation of the real exchange rate. The coefficients &y, ..., a5 are functions of the

structural parameters.

Limit-Cycle Mechanism. We now discuss the intuition for the limit-cycle mechanism.
Consider an expansion in which higher production increases the stock of durables avail-
able in subsequent periods, as described by equation (3.19). The larger stock reduces
the incentive to purchase additional durables, as captured by a; < 0 in the employment
equation (3.20). Eventually, purchases and employment decline, tightening credit con-
ditions and reinforcing the contraction. During the contraction, depreciation gradually
reduces the stock and restores demand for new durables, initiating the next expansion.
Habit formation slows these adjustments and lengthens each phase of the cycle.

With only a linear premium, the reduced system could not generate a limit cycle, which
requires nonlinear dynamics. Under the benchmark calibration, the cubic term in equa-
tion (3.18) moderates financial feedback away from the steady state and supports a stable
limit cycle.”

Through equation (3.21), the limit cycle in durable holdings and employment gener-
ates a real exchange-rate cycle. Along the deterministic cycle, exchange-rate movements
repeat at corresponding phases of successive cycles. Demand shocks disturb this recur-
rence by changing the timing and amplitude of observed movements.

® Appendix D derives the coefficient formulas.

7Under the benchmark calibration, the linear complementarity makes the steady state locally unstable,
so oscillations would be explosive without the cubic term. With p3 > 0, the cubic term raises the premium
relative to its linear value in a boom and lowers it relative to its linear value in a recession.
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Figure 2: Exchange-Rate Limit-Cycle Behavior in the Model
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Notes: The blue line plots the simulated exchange rate g, and the red line plots its 32-quarter (eight-year)
lag. The figure shows T = 200 observations after discarding the first 1,000 observations.

Figure 2 illustrates this recurrence in the simulated exchange rate. To produce this
tigure, we follow the benchmark calibration of Beaudry et al. (2020) and calibrate the
nonlinear lending premium to produce a cycle of approximately eight years; Appendix
B reports the parameter choices and solution method. We solve the resulting nonlinear
rational-expectations model using the method of Galizia (2021).

Figure 2 compares the simulated exchange rate g; with its 32-quarter lag. Peaks and
troughs recur at similar phases of successive cycles, resembling the repeated alignment
documented in Figure 1 in Section 2.

To quantify this resemblance, we apply the empirical alignment measure to model-
generated nominal exchange rates. We draw 10,000 windows of 200 quarters from a long
simulation with demand shocks, apply the same 2-12-year band-pass filter, and calculate
each component’s correlation with its 32-quarter lag. Table 2 reports a mean correlation of
0.630, compared with the observed twenty-currency mean of 0.505 in Table 1. The model
therefore generates positive alignment of similar magnitude to the empirical observation.
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Table 2: Eight-Year Exchange-Rate Alignment in the Model

Mean Central 95% range of
correlation model-generated correlations
Limit-cycle model: simulated windows 0.630 [0.205, 0.890]

Notes: Alignment is the correlation between the 2-12-year component of a log nominal exchange rate and its
32-quarter lag. The table summarizes individual-series correlations across 10,000 windows of 200 quarters,
drawn with replacement from a 100,000-quarter simulation with demand shocks. Each window supplies
168 paired observations, compared with 165 per currency in the data. The range reports the 2.5th and
97.5th percentiles of the model-generated correlations, not a confidence interval for their mean. Appendix
B.2 describes the calculation.

4 Forecasting Exchange Rates Using Limit Cycles

The recurrence documented in the data and generated by the model suggests using
exchange-rate movements from the preceding cycle to predict future changes. We call
this forecasting approach the limit-cycle benchmark. It uses only the exchange rate’s own

history, preserving the random walk’s informational simplicity.
4.1 The Limit-Cycle Benchmark
Random-walk benchmark. Under the random walk,
log& =log &1 + vs, (4.1)

where v; is an unpredictable innovation with mean zero. Our forecasting target is the

cumulative exchange-rate change over the next h quarters:
Aplog &y =log &y, — log & (4.2)

Because future innovations are unpredictable, the random walk forecasts no change over
this horizon. Let [E*[-] denote the forecast under model m € {LC, RW}, using information

available at date . The random-walk forecast is
EfY (A log &) = 0. (4.3)

Limit-cycle benchmark. The limit-cycle benchmark instead uses the exchange-rate
change at the corresponding phase of the preceding cycle. For a deterministic limit
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cycle of length p, this change repeats exactly:
Aplog &y = Aplog &y (4.4)

where Ay log &y = log &y — log E—p. This preceding-cycle change is observed at
forecast date t when p > h.
Shocks disturb the timing and amplitude of individual cycles, making exact repetition

unlikely. We therefore estimate how much of the preceding-cycle movement recurs:

Aplog &y = Brdnlog & pin+ €t (4.5)

The coefficient B determines how much of the preceding-cycle exchange-rate change
enters the forecast. A value of one predicts that the earlier movement will repeat in full.
We omit an intercept so that a value of zero gives the random walk’s no-change forecast.

Exact repetition implies a coefficient of one for the deterministic cyclical component.
Across countries, the estimated coefficient averages 0.2, so the forecast incorporates, on
average, one fifth of the observed preceding-cycle change. This smaller coefficient is con-
sistent with the recurrence documented in Figure 1 and Table 1: those results concern
the filtered cyclical component, whereas the raw exchange rate also contains movements
that need not recur. For the evaluation of forecasting performance, we use raw, unfil-
tered exchange-rate data because the target is the actual exchange-rate change, including

movements outside cyclical frequencies.

Real-time implementation. To update the forecast as new observations become avail-
able, we re-estimate pj, at each forecast date using a rolling window of fixed size L quar-
terly observations. We denote the resulting estimate by ,&,h, where t identifies the estima-
tion date. At date ¢, the available information is the exchange-rate history Z; = {&; : s <
t}. A past observation dated T can enter the estimation only if its subsequent exchange-
rate change, log £, — log &, is already observed. This requires T + h < t. The estima-
tion dates are therefore W, = {t —h— L +1,...,t — h}. Using these observations, we

estimate
Bip =argmin Y (Aplog&r iy — BA,log 57—p+h)2- (4.6)

TE Wt,h

The resulting real-time forecast is
EfC[Aylog & p) = Brnlylog & pine (4.7)
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Forecast evaluation. Once the exchange-rate change over the next 1 quarters is observed,
we compare it with each model’s forecast. For m € {LC, RW}, the out-of-sample forecast
error is

ey ppe = Dnlog Eryp — Ef[Aylog &yl

Let 7;, denote the set of forecast dates used for evaluation. The mean squared forecast

error across these dates is

——— m 1 2
MSFE, = — em ). (4.8)
h |7;z| tg, ( t+h\t>

To compare the two benchmarks, we divide the limit-cycle forecast’s MSFE by the random

walk’s:
——_ MSFE,
RelMSFE), = —/—1_. (4.9)
MSFE,

A value below one indicates that the limit-cycle benchmark forecasts more accurately

than the random walk.

4.2 Evaluation Using Model-Generated Data

Before evaluating the limit-cycle benchmark using observed exchange rates in Section
5, we examine its forecasting performance using data generated by the model. We ask
whether the preceding-cycle predictor improves forecasts when demand shocks disturb
the underlying recurrence, and how these gains depend on the estimation-window length
and sample volatility.

We simulate the nominal exchange rate from the calibrated model with demand shocks
and apply the forecasting procedure in Section 4.1.> We set the cycle length to p = 32
quarters and the forecast horizon to h = 12 quarters. Thus, the forecast uses the exchange-
rate change from t — 32 to t — 20 to predict the change from ¢ to t + 12. We consider rolling
estimation windows of L = 64, 128, and 256 quarters, corresponding to two, four, and

eight cycles.

8The log demand shock has mean zero: E[log y;] = 0. In the third-order solution, inflation and other
endogenous variables depend on polynomial terms in the log shock and the state variables, up to degree
three. These nonlinear terms can have nonzero means even when the log shock has mean zero; for exam-
ple, E[(log jit)?] = ¢2. Mean inflation therefore need not be zero. Accumulating this constant component
of inflation generates a deterministic trend in the nominal exchange rate. We remove this trend before fore-
casting so that the average change in the detrended series is zero, as under the random-walk benchmark.
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Table 3: Relative MSFE by Rolling-Window Length and Sample Volatility

Rolling estimation window

64 quarters 128 quarters 256 quarters
(2 cycles) (4 cycles) (8 cycles)

Long simulated series

With demand shocks 0.722 0.686 0.672
Without demand shocks 0.075 0.074 0.077
Evaluation blocks with demand shocks, ordered by volatility

1st=20th volatility percentiles 0.895 0.838 0.823
20th—40th percentiles 0.804 0.766 0.744
40th—-60th percentiles 0.746 0.706 0.690
60th—80th percentiles 0.699 0.664 0.649
80th—100th percentiles 0.641 0.613 0.606

Notes: The table reports relative mean squared forecast errors (MSFEs) using model-generated data. Rel-
ative MSFE is the limit-cycle benchmark’s MSFE divided by the random walk’s MSFE. Values below one
favor the limit-cycle benchmark. The forecasts use p = 32 quarters and & = 12 quarters. The first two
rows use simulated series of 100,000 observations, with and without demand shocks. The remaining rows
average relative MSFE across 20,000 evaluation blocks, each containing 200 valid forecasts from the sim-
ulation with shocks. All window lengths use the same evaluation dates within a block. The preceding
estimation observations are drawn from the long series, and every regression uses only outcomes known at
its forecast date. Volatility is the standard deviation of the log nominal exchange-rate level within a block.
The reported groups run from the 1st-20th percentiles through the 80th-100th percentiles; the lowest one
percent is excluded from the first group.

Table 3 reports two exercises. The first evaluates forecasting performance using long
simulated series of 100,000 observations, with and without demand shocks. The sec-
ond draws 20,000 evaluation blocks from the simulation with shocks, each containing
200 valid forecasts. Blocks are drawn from dates for which all three estimation-window
lengths produce valid forecasts, so the specifications are evaluated on the same dates.
The estimation windows use preceding observations from the long series and need not fit
inside the evaluation block. We group the blocks by nominal exchange-rate volatility and
report the average relative MSFE within each percentile range.

The limit-cycle benchmark delivers lower MSFE than the random walk at every
estimation-window length and in every volatility group reported in Table 3. With de-
mand shocks, relative MSFE declines from 0.722 with a 64-quarter window to 0.672 with
a 256-quarter window, corresponding to MSFE reductions of 27.8 and 32.8 percent rela-
tive to the random walk. Without demand shocks, relative MSFE ranges from 0.074 to

0.077. Longer windows also improve average relative performance within every volatility
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group, suggesting that observing more cycles helps distinguish recurrence from stochas-
tic variation. Gains are larger in the more volatile evaluation blocks at all three window

lengths.

5 Empirical Performance

We now examine whether the forecasting gains in model-generated data extend to ob-
served exchange rates. Section 5.1 describes the out-of-sample forecasting exercise and
statistical inference. Section 5.2 reports the forecast comparisons with the random walk
and examines when the limit-cycle benchmark performs better. Finally, Section 5.3 tests
whether the observed pattern of forecast gains could arise by chance if exchange rates

followed a random walk.

5.1 Empirical Implementation

We apply the limit-cycle benchmark in Section 4 separately to the twenty bilateral nom-
inal exchange rates, evaluating out-of-sample forecasts at twelve-, sixteen-, and twenty-
quarter horizons. We use a common cycle length of p = 32 quarters across currencies
and forecast horizons. This eight-year period corresponds to the recurrence examined in
Section 2 and the model calibration in Section 3.

At each forecast date, we estimate the recurrence coefficient using the L = 64 most
recent observations for which the subsequent h-quarter exchange-rate change is already
known, following Section 4.1. This window covers two eight-year cycles. A 32-quarter
window covers only one cycle and may provide too little information to estimate recur-
rence reliably, whereas a window longer than 64 quarters leaves fewer observations for
out-of-sample forecast evaluation. We use 64 quarters to balance these considerations.
The procedure yields 70, 62, and 54 out-of-sample forecasts per currency at the three hori-
zons, respectively.

We compare forecast accuracy using the relative MSFE defined in equation (4.9). The
random-walk forecast is nested in the limit-cycle benchmark when B; = 0. To assess
statistical significance, we therefore use the Clark and West (2007) test, which is designed
to compare the predictive accuracy of nested forecasting models.

Persistence and estimation error can affect inference about predictive ability at longer
horizons (Rossi, 2005). Alongside the conventional Clark—-West p-value, we therefore re-
port a finite-sample p-value that compares the same statistic with its distribution across
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10,000 wild-bootstrap simulations under the random-walk null. Following Engel and Wu
(2023) and drawing on Gongalves and Kilian (2004), we construct these simulations from
the observed quarterly exchange-rate changes. We first subtract each currency’s average
quarterly change. At each date, we multiply all currencies” demeaned changes by the
same randomly drawn sign, either +1 or —1 with equal probability. Signs are drawn in-
dependently across dates. This preserves the magnitudes of the demeaned changes and
whether currencies move in the same or opposite directions at each date, while imposing
unpredictable, zero-mean changes. Accumulating these changes produces the simulated
random-walk series. We repeat the complete rolling forecasting procedure on each simu-

lated panel. Appendix E provides the details.

5.2 Empirical Results

The Limit-Cycle Benchmark Outperforms the Random Walk Table 4 reports relative
MSFEs, conventional Clark—West p-values, and wild-bootstrap p-values for 12-, 16-, and
20-quarter forecasts. At 12 quarters, the limit-cycle benchmark has a lower MSFE than
the random walk for 15 of the 20 currencies, and the Clark-West p-value is below 0.05 for
11. At 16 quarters, the corresponding counts are 14 and 13. At 20 quarters, they are 14
and 11.7 In terms of magnitude, the median MSFE reductions across all twenty currencies
are approximately 7, 12, and 19 percent at the three horizons, respectively. Accounting for
small-sample distortions through the wild bootstrap generally yields larger p-values than
conventional Clark—West inference. The bootstrap results continue to support statistically
significant forecast gains for several currencies at all three forecast horizons. Restricting
attention to the ten non-euro currencies,'’ the limit-cycle benchmark delivers lower MSFE

in seven, six, and six cases at the three horizons, respectively.

When Does the Limit-Cycle Benchmark Outperform? The limit-cycle forecast departs
from the random walk when it predicts a nonzero exchange-rate change. Its distance
from the no-change forecast is the absolute value of the prediction in equation (4.7),
Bt,hAh log & p4n|- Both the preceding-cycle movement and the rolling coefficient de-
termine this distance. When the prediction is close to zero, the two forecasts and their

forecast errors are similar.

9Greece has the largest relative forecast losses at all three horizons. Its exchange-rate history includes a
controlled depreciation against the European Currency Unit during 1983-1997 (Lazaretou, 2004).
19Ten countries in the sample adopted the euro, so their exchange-rate histories combine distinct
national-currency movements before adoption with shared euro—dollar movements afterward.
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Table 4: Out-of-Sample Forecast Performance against the Random Walk

Country 12 quarters 16 quarters 20 quarters
cw  Wild bootstrap cw  Wild bootstrap cw  Wild bootstrap
Rel. MSFE  p-value p-value Rel. MSFE  p-value p-value Rel. MSFE  p-value p-value

Australia 1.07 0.64 0.52 1.02 0.45 0.44 0.96 0.28 0.38
Austria 0.90 0.02 0.10 0.86 0.00 0.06 0.74 0.00 0.07
Belgium 0.89 0.00 0.04 0.80 0.00 0.00 0.64 0.00 0.00
Canada 0.96 0.11 0.19 0.84 0.04 0.13 0.73 0.02 0.13
Denmark 0.93 0.02 0.10 0.79 0.00 0.00 0.65 0.00 0.00
Finland 1.23 0.88 0.74 1.16 0.98 0.89 1.02 0.51 0.48
France 0.90 0.01 0.07 0.79 0.00 0.00 0.62 0.00 0.00
Germany 0.90 0.02 0.09 0.85 0.00 0.05 0.74 0.00 0.05
Greece 1.73 0.99 0.92 1.94 0.98 0.87 219 0.99 0.89
Ireland 0.89 0.00 0.04 0.81 0.00 0.00 0.62 0.00 0.01
Italy 0.93 0.00 0.04 0.83 0.00 0.01 0.69 0.00 0.05
Japan 1.22 0.95 0.85 1.07 0.85 0.68 1.04 0.79 0.62
Korea, Rep. of 0.97 0.18 0.32 1.05 0.25 0.38 1.24 0.44 0.47
New Zealand 0.90 0.00 0.04 0.92 0.01 0.06 1.06 0.42 0.44
Norway 0.98 0.10 0.18 0.89 0.02 0.11 0.73 0.01 0.10
Portugal 0.96 0.14 0.22 0.90 0.11 0.23 0.87 0.14 0.29
Spain 0.84 0.00 0.00 0.73 0.00 0.00 0.57 0.00 0.01
Sweden 1.02 0.52 0.44 0.99 0.04 0.14 0.96 0.02 0.15
Switzerland 091 0.05 0.13 1.09 0.81 0.65 1.17 0.86 0.66
United Kingdom 0.86 0.03 0.10 0.87 0.04 0.14 0.98 0.17 0.31

Notes: The table reports forecasts based on a 64-quarter rolling estimation window and a common cycle length of p = 32 quarters. Relative
mean squared forecast error (MSFE) is the limit-cycle benchmark’s MSFE divided by the random walk’s MSFE, as defined in equation (4.9).
Values below one favor the limit-cycle benchmark. The CW columns report conventional one-sided Clark-West p-values for the alternative
that the limit-cycle benchmark has a lower expected forecast loss. The Wild bootstrap columns report one-sided wild-bootstrap p-values for
the same Clark-West statistic, obtained from 10,000 simulations under the driftless random-walk null as described in Appendix E. Values
are reported to two decimal places; significance counts in the text use the unrounded p-values, and entries shown as 0.00 are positive values
below 0.005 after rounding. The baseline sample ends in 2020Q1. The forecast dates span 1999Q4-2017Q1, 2000Q4-2016Q1, and 2001Q4-
2015Q1 for the 12-, 16-, and 20-quarter horizons, yielding 70, 62, and 54 forecasts per currency, respectively.



Figure 3: Forecast Gains and the Absolute Limit-Cycle Forecast
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Notes: The figure reports forecasts for the United Kingdom. Each point represents a forecast at the 12-
quarter horizon. The vertical axis is the random walk’s squared forecast error minus the limit-cycle bench-
mark’s squared forecast error. Positive values favor the limit-cycle benchmark. The horizontal axis is the

absolute predicted log exchange-rate change, Et,lZ(lOg Et—pr12 —log&—p)|, with p = 32. The red line
shows the fitted linear relationship.

Figure 3 relates forecast gains to the absolute limit-cycle prediction for the United King-
dom at the twelve-quarter horizon. For each forecast date, the vertical axis is the random
walk’s squared forecast error minus the limit-cycle benchmark’s squared forecast error.
Positive values therefore measure gains relative to the random walk. To examine the
source of gains where the benchmark outperforms the random walk, Appendix Figure
C.1 reports the fifteen currencies with lower MSFE at this horizon. The fitted relationship
is positive for all fifteen currencies, including the United Kingdom. A larger predicted
change can produce either a larger gain or a larger loss relative to the random walk.
Among these successful currencies, the positive fitted relationships indicate that larger
limit-cycle predictions track realized exchange-rate changes sufficiently well to deliver

larger forecast gains on average.

Forecast Horizon and Data Frequency Forecast gains are concentrated at medium and

long horizons. Appendix Table C.1 reports results at 1-, 4-, and 8-quarter horizons.

24



RelMSEFE is below one in 7, 2, and 11 of the 20 currencies, respectively, while Clark—West
p-values are below 0.051in 2, 2, and 5 cases. The corresponding wild-bootstrap counts are
2,1, and 2. This weaker performance is consistent with short-run exchange-rate varia-
tion obscuring the recurrent component at shorter horizons. Even where the limit-cycle
benchmark does not outperform the random walk at these horizons, its MSFE is generally
close to that of the random walk.

Using monthly data produces a similar pattern. At the corresponding 36-, 48-, and 60-
month horizons, the benchmark delivers lower MSFE for fifteen, fourteen, and fourteen
currencies, respectively (Appendix Table C.2). The numbers of conventional Clark-West
rejections at the five-percent level differ from the quarterly results by at most one. Wild-
bootstrap p-values are below 0.05 for four, six, and five currencies, respectively.

5.3 Joint Evidence against the Random-Walk Benchmark

Table 4 evaluates forecast performance separately for each currency and horizon. We now
ask whether the overall pattern of forecast gains could arise by chance if exchange rates
followed a driftless random walk. We evaluate the sixty currency-horizon comparisons
jointly, accounting for shared exchange-rate movements and overlapping forecast peri-
ods.

We generate 10,000 wild-bootstrap panels under the driftless random-walk null using
the procedure described in Section 5.1. Each panel matches the sample size and forecast
horizons of the empirical exercise. We repeat the complete forecasting procedure, re-
estimating the model at every forecast date. Table 5 reports how often these random-
walk panels produce results at least as favorable as those observed, using three summary
statistics. Appendix E provides the details.

The first row of Table 5 evaluates whether the observed MSFE improvements in 43 of
the 60 currency-horizon comparisons could arise by chance. Only 2.89 percent of simu-
lated random-walk panels produce at least as many improvements. We therefore reject
the random-walk null at the five-percent level based on the observed number of forecast
gains.

The second row reduces the repeated representation of the euro area by retaining Ger-
many alongside the ten non-euro currencies. The limit-cycle benchmark delivers lower
MSEFE in 22 of these 33 comparisons. Only 1.25 percent of simulated panels produce at
least as many improvements, so the rejection also holds when the euro area is represented

once.
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Table 5: Joint Evidence against the Random-Walk Benchmark

Wild bootstrap
Joint statistic Sample Observed tail frequency (%)
Comparisons with Rel. MSFE < 1 All 20 currencies 43 of 60 2.89
Comparisons with Rel. MSFE < 1 One euro-area 22 of 33 1.25
representative
Maximum CW statistic All 20 currencies 11.38 0.49

Notes: The table reports joint statistics based on relative mean squared forecast errors (MSFEs) and Clark—
West (CW) statistics. A comparison is one currency at one forecast horizon, with 1 = 12,16, 20 quarters. The
final column reports the percentage of 10,000 wild-bootstrap panels generated under the driftless random-
walk null that match or exceed the observed statistic. For example, 2.89 corresponds to a tail probability of
0.0289. All statistics use the same joint wild-bootstrap simulations described in Appendix E. The first two
rows count comparisons with lower realized MSFE. The second row retains Germany and all ten non-euro
currencies, leaving 11 series and 33 comparisons. The final row compares maxima over all 60 comparisons;
the observed maximum is attained by Denmark at & = 16. The sample and forecast dates match Table 4.

The third row asks whether the strongest individual forecast result could arise by
chance when searching across all 60 comparisons. We use the Clark-West statistic un-
derlying the p-values in Table 4, which measures the adjusted forecast-loss improvement
in estimated standard-error units. Its observed maximum is 11.38, attained by Denmark
at the sixteen-quarter horizon. We select the largest statistic in every simulated panel,
allowing each panel the same search across currencies and horizons. Only 0.49 percent
produce a maximum at least as large, yielding rejection at the one-percent level.

Taken together, the simulations show that the success of the limit-cycle forecasts is
unlikely to arise by chance under the random-walk null.

6 Conclusion

We propose a forecasting benchmark based on the tendency of exchange-rate movements
to repeat at corresponding phases of successive cycles. In the data, exchange-rate cyclical
components repeatedly align with their eight-year lags. Our model explains how durable
accumulation and lending conditions can generate a limit cycle, along which the econ-
omy returns to the same state after a fixed interval, causing exchange-rate movements to
repeat. Business-cycle shocks disturb this repetition, but movements from the preceding
cycle can still help predict subsequent changes. Our limit-cycle benchmark therefore uses
the exchange-rate change at the corresponding phase of the preceding cycle to forecast
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the change over the same horizon at the current forecast date.

Using only exchange-rate history, the proposed benchmark delivers lower out-of-
sample MSFE than the random walk for a majority of the twenty currencies at twelve-,
sixteen-, and twenty-quarter horizons. Median MSFE reductions across currencies are
approximately 7, 12, and 19 percent, respectively. Among currencies with lower MSFE,
gains tend to increase with the absolute limit-cycle forecast. Gains are more limited at
shorter horizons. Joint wild-bootstrap tests indicate that the observed pattern of forecast
success is unlikely to arise by chance under the random-walk null.

These findings give exchange-rate history a larger role in evaluating forecasting mod-
els. Like the random walk, the limit-cycle benchmark requires no macroeconomic or
financial predictors, but it captures recurrent movements that the random walk omits.
Models that introduce such predictors should therefore be evaluated against the limit-
cycle benchmark in addition to the random walk. The relevant question is whether those
predictors improve forecasts beyond the information already contained in past exchange-

rate movements.
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Appendix A Exchange-Rate Recurrence in the Data

Figures A.1 and A.2 extend the comparison in the main text to all twenty currencies. Each
panel compares the 2-12-year component of a log exchange rate with the same component
eight years earlier. The nominal and real series are shown separately, using the same filter
and lag as in Section 2. The filter input covers 1971Q1-2020Q1, and the displayed sample
begins in 1973Q1. The simulation test evaluates whether the observed alignment could

arise from filtering random walks.

A1 Simulation Test of Eight-Year Alignment

The test in Table 1 asks whether the observed alignment could arise from applying the
same filter to random walks. Let x;; denote the filtered log nominal exchange rate. For
each currency, we calculate the ordinary Pearson correlation

Aj = Cortiep (it Xit-32), Az =

é—| Y A (A1)
where P contains the 165 paired dates from 1979Q1-2020Q1. The two paired series are
centered separately in each correlation. The set Z contains all twenty currencies. Correla-
tion measures alignment while allowing amplitudes to differ.

We generate B = 10,000 driftless random-walk panels using the common-sign wild
procedure in Appendix E.2. We apply the same endpoint detrending and Christiano—
Fitzgerald filter as in the data, retaining periodicities of 8-48 quarters. Every panel uses
filter input from 1971Q1-2020Q1 and the same paired comparison dates. The raw simu-
lated series are filtered before calculating their 32-quarter correlations.

The upper-tail simulation probability is

14 ph 14y > age
Pz B+1 '

(A.2)

Each replication recomputes the twenty-currency mean, accounting for cross-currency de-
pendence and the serial dependence introduced by filtering. The test fixes the 32-quarter
lag and filter band; it does not adjust for a search over either. It assesses alignment rel-
ative to the specified random-walk null. Other predictable processes can also generate

alignment. No forecasting regression or Clark—West statistic enters the exercise.
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Figure A.2: Real Exchange-Rate Limit-Cycle Behavior across Countries
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Appendix B Model Calibration and Simulation

This appendix reports the calibration and solution method used for the exchange-rate
simulation in Figure 2, the model-generated alignment measure in Table 2, and the corre-

sponding employment dynamics.

B.1 Calibration and Solution Method

The quantitative experiment follows the benchmark calibration of Beaudry et al. (2020).
We set the habit parameter to y = 0.53, the depreciation rate to 6 = 0.05099, and the
inverse intertemporal elasticity of substitution to w = 0.30. The probability of recovering
a loan is ¢ = 0.87, the monetary-policy response coefficient is ¢, = 0.04, and the steady-
state unemployment target is 0.058. We set the discount factor to § = 0.99, the Calvo-
equivalent price-stickiness target to 6 = 0.75, the elasticity of substitution across domestic
goods to € = 6, and openness to v = 0.40. The Rotemberg adjustment-cost parameter
matches the Phillips-curve slope implied by the Calvo target.

We calibrate the nonlinear block to the recurrence documented in Section 2. We set
p1 = —0.1565, p» = 0, and p3 = 1. The bank zero-profit condition then implies a steady-
state recovery cost of ® = 0.04048. Together with the depreciation rate, these values gen-
erate a deterministic cycle of approximately 32 quarters. We solve the resulting nonlinear
rational-expectations model using the method of Galizia (2021).

B.2 Recurrence in Model-Generated Exchange Rates

For the model comparison in Table 2, we draw 10,000 contiguous 200-quarter windows,
with replacement, from a 100,000-quarter detrended log nominal exchange-rate simula-
tion. We apply the endpoint detrending and 8-48-quarter Christiano-Fitzgerald filter
used in Appendix A.1, then calculate each filtered series’ correlation with its 32-quarter
lag. Each window yields 168 paired observations. These are single-series correlations,
unlike the twenty-currency panel means. Their mean and central 95 percent range are

descriptive statistics, without a test p-value.

B.3 Simulated Employment Dynamics

Figure B.1 reports the simulated employment series that accompanies the exchange-rate
simulation in the main text. Employment is the domestic activity variable through which

durable accumulation and lending conditions generate the cycle.
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Figure B.1: Employment Dynamics in the Model
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Notes: The blue line plots the log deviation of employment from its steady state. The figure uses observa-
tions 1,001-1,200 of the stochastic simulation, matching the window in Figure 2.

Appendix C Additional Forecasting Results

These exercises examine how forecast performance changes with the horizon and data

frequency. The final exercise relates forecast gains to the absolute limit-cycle prediction.

C.1 Shorter Forecast Horizons

Table C.1 evaluates forecasts at one-, four-, and eight-quarter horizons. Relative MSFE is
below one for seven, two, and eleven currencies, respectively. Wild-bootstrap p-values
are below 0.05 for two, one, and two currencies. Improvements are less common than at

the longer horizons in Table 4.
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Table C.1: Out-of-Sample Forecast Performance at Shorter Horizons

Country 1 quarter 4 quarters 8 quarters
cw  Wild bootstrap cw  Wild bootstrap cw  Wild bootstrap
Rel. MSFE  p-value p-value Rel. MSFE  p-value p-value Rel. MSFE  p-value p-value

Australia 1.04 0.45 0.36 1.04 0.20 0.22 1.04 0.24 0.28
Austria 0.99 0.07 0.08 1.02 0.31 0.29 0.96 0.17 0.22
Belgium 1.00 0.10 0.10 1.04 0.54 0.45 0.98 0.17 0.22
Canada 1.02 0.14 0.12 1.04 0.67 0.48 1.02 0.44 0.38
Denmark 1.00 0.10 0.10 1.04 0.57 0.47 1.00 0.33 0.33
Finland 1.00 0.10 0.09 1.01 0.20 0.21 1.08 0.31 0.33
France 1.00 0.13 0.12 1.05 0.82 0.67 0.99 0.14 0.20
Germany 0.99 0.07 0.08 1.02 0.30 0.28 0.96 0.17 0.22
Greece 0.99 0.17 0.15 1.09 0.29 0.27 1.19 0.43 0.38
Ireland 1.00 0.18 0.16 1.02 0.70 0.56 0.95 0.00 0.04
Italy 1.01 0.42 0.34 1.01 0.41 0.37 0.96 0.09 0.16
Japan 0.99 0.18 0.19 1.06 0.64 0.54 1.25 0.88 0.75
Korea, Rep. of 1.02 1.00 0.99 1.01 0.60 0.49 1.00 0.19 0.32
New Zealand 1.05 0.29 0.24 1.10 0.22 0.24 0.97 0.02 0.05
Norway 1.01 0.85 0.68 1.04 0.85 0.70 1.02 0.56 0.47
Portugal 0.99 0.08 0.09 1.05 0.99 0.95 1.00 0.20 0.24
Spain 1.00 0.21 0.19 1.03 0.76 0.62 0.98 0.01 0.07
Sweden 0.97 0.02 0.05 1.00 0.11 0.14 1.07 0.41 0.38
Switzerland 1.01 0.13 0.14 0.97 0.05 0.08 0.87 0.05 0.11
United Kingdom 0.98 0.02 0.03 0.93 0.01 0.02 0.85 0.00 0.02

Notes: The table reports forecasts at the 1-, 4-, and 8-quarter horizons for the quarterly sample ending
in 2020Q1. The rolling window is 64 quarters and the cycle length is 32 quarters. Relative MSFE is the
limit-cycle benchmark’s MSFE divided by the random walk’s MSFE; values below one favor the limit-cycle
benchmark. The CW columns report conventional one-sided Clark-West p-values. The wild-bootstrap
columns compare the same statistics with their distributions across 10,000 complete random-walk panels,
repeating the rolling forecasting procedure in each panel. Appendix E.5 describes the design-specific sim-
ulations. Entries are rounded to two decimal places; counts use unrounded results, and 0.00 denotes a
p-value below 0.005.

C.2 Monthly Data

Table C.2 repeats the exercise using monthly data at 36-, 48-, and 60-month horizons. The
benchmark has lower MSFE for fifteen, fourteen, and fourteen currencies, respectively,
matching the quarterly counts at the corresponding horizons. Wild-bootstrap p-values

are below 0.05 for four, six, and five currencies.
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Table C.2: Out-of-Sample Forecast Performance Using Monthly Data

Country 36 months 48 months 60 months
cw  Wild bootstrap cw  Wild bootstrap cw  Wild bootstrap
Rel. MSFE  p-value p-value Rel. MSFE  p-value p-value Rel. MSFE  p-value p-value

Australia 1.07 0.60 0.49 1.03 0.50 0.46 0.96 0.29 0.39
Austria 0.91 0.03 0.11 0.86 0.00 0.07 0.74 0.00 0.07
Belgium 0.90 0.00 0.04 0.80 0.00 0.00 0.63 0.00 0.00
Canada 0.96 0.11 0.20 0.84 0.04 0.14 0.73 0.03 0.15
Denmark 0.93 0.02 0.10 0.79 0.00 0.00 0.63 0.00 0.00
Finland 1.23 0.89 0.75 117 0.98 0.90 1.03 0.57 0.51
France 0.91 0.01 0.07 0.79 0.00 0.00 0.61 0.00 0.00
Germany 0.91 0.02 0.10 0.86 0.00 0.05 0.74 0.00 0.06
Greece 1.73 0.99 0.93 1.95 0.98 0.88 2.22 0.99 0.90
Ireland 0.90 0.00 0.05 0.81 0.00 0.00 0.62 0.00 0.01
Italy 0.93 0.00 0.06 0.82 0.00 0.01 0.68 0.00 0.05
Japan 1.20 0.96 0.86 1.07 0.85 0.69 1.04 0.82 0.64
Korea, Rep. of 0.97 0.18 0.34 1.05 0.26 0.39 1.27 0.52 0.50
New Zealand 0.88 0.00 0.04 0.94 0.01 0.09 1.05 0.38 0.43
Norway 0.98 0.11 0.20 0.89 0.02 0.12 0.73 0.01 0.11
Portugal 0.96 0.14 0.23 0.89 0.09 0.23 0.87 0.15 0.31
Spain 0.85 0.00 0.00 0.72 0.00 0.00 0.56 0.00 0.01
Sweden 1.02 0.47 0.43 0.99 0.06 0.19 0.96 0.01 0.14
Switzerland 0.92 0.05 0.16 1.10 0.82 0.66 1.18 0.85 0.67
United Kingdom 0.86 0.03 0.11 0.87 0.03 0.15 0.98 0.17 0.32

Notes: The table reports forecasts at the 36-, 48-, and 60-month horizons for the sample ending in January
2020. The rolling window is 192 months and the cycle length is 96 months. Relative MSFE is the limit-cycle
benchmark’s MSFE divided by the random walk’s MSFE; values below one favor the limit-cycle bench-
mark. The CW columns report conventional one-sided Clark-West p-values. The wild-bootstrap columns
compare the same statistics with their distributions across 10,000 complete monthly random-walk panels.
Every panel reconstructs the predictors and re-estimates the rolling regressions. Appendix E.5 provides
the details. Entries are rounded to two decimal places; counts use unrounded results, and 0.00 denotes a
p-value below 0.005.

C.3 Forecast Gains and the Absolute Limit-Cycle Forecast

Figure C.1 examines the source of gains for the fifteen currencies with lower twelve-
quarter MSFE than the random walk. Each panel includes all forecast dates and uses
the axes in Figure 3. For these currencies, forecasts near zero perform similarly to the ran-
dom walk, while larger absolute predictions are associated with larger gains. All fifteen

titted slopes are positive.

37



Figure C.1: Forecast Gains among Currencies with Lower Limit-Cycle MSFE
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Notes: The figure includes the fifteen currencies with relative MSFE below one at the 12-quarter horizon
in Table 4. Each panel includes all forecast dates for that currency. The vertical axis is the random walk’s
squared forecast error minus the limit-cycle benchmark’s squared forecast error. Positive values favor the
limit-cycle benchmark. The horizontal axis is the absolute limit-cycle prediction, including the rolling coef-
ficient. The red lines show fitted linear relationships.
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Appendix D Model Equilibrium and Derivations

This appendix collects the equilibrium conditions and derives the reduced dynamics used
to explain the limit-cycle mechanism. The derivations express consumption, employ-
ment, and prices in terms of the durable stock, lending conditions, and demand shocks.

Coefficient formulas are collected at the end for use in numerical implementation.

D.1 Equilibrium Conditions

Households. The consumption and durable-purchase Euler equations are

U'(Cey1 —oC
U'(Ct —vCi1) = Bpe [er + (1 —er) ¢ (1 +14) Et { ( tﬂi X i t)] (D.1)
Jr
U'(Cryp1 —7Ct) R (1+ie1)
U'(Cr — vCi1) = BE £
(G = 7Ce) = Prubs 11 P et + (1 —ee1) @] (T +7141)
+(1-6)P%, H (D.2)
The labor-supply condition determines the real reservation wage:
W L ler + (1 —e) ¢] (1 +11)
W = — = :
Pt (1 - Et) U’(Ct - ’)’Ct—l) 1 + 1
1+ P* x
t1 i (1—-¢) (Ct + ?tlt (D.3)

Banks and the lending premium. Free entry equates banks’ expected receipts with
funding and recovery costs, giving the gross lending premium

RP— 1—|—1"t . 1+(1—€t)4)q>t
t = - =
1-+1; ee+(1—er)¢p

(D.4)

To obtain the premium approximation in equation (3.18), let x = log(e/é), write ®(x)

for the recovery-cost function, and define

g(x) = log RP (ée*, ®(x)) — log R”.

The polynomial coefficients satisfy p; = g\ (0)/j! for j = 1,2,3. If '(0) = 0, the bank
zero-profit condition implies
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U B R L
(1= gl + (1 - )9

The coefficients p, and p3 capture the higher-order curvature of bank pricing and the

recovery-cost function with respect to log employment.

Production and market clearing. In the symmetric equilibrium, firms rent the entire
stock of durables supplied by households. Durable-market clearing and aggregate home-
goods production therefore satisfy

1 1
X, = / Xy dh = / Xipdi, Y= X+ e, (D.5)
0 0

Households” aggregate purchases of new durables equal firms’ sales:

1
X = /O 1%, dh = 9F(er) = pet. (D.6)

The home-goods market clears when output net of price-adjustment costs equals do-

mestic demand and exports:

P
Yir [1 - %(HH,t - 1)2} = (1- v)ﬁttcf FUSY* (D.7)

Balanced trade in equation (3.16) implies vS5;Y™* = vP;C; / Py +. Substituting into the home-
goods market-clearing condition gives the resource constraint

PiCy

—— =0, D.8
Prrs (D.8)

NX; = Yi, [1 - %(Hm - 1)2} .

where NX; denotes net exports measured in units of home goods.
Durable purchases add to the stock available in the following period:

Xppr1 = (1= 6) Xy + Iy (D.9)

Monetary policy. The nonlinear interest-rate rule is

EifefiyU'(Ciia — 1G]
Et[U'(Cr1 — vCe) /1144

1+i =0 (D.10)
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To first order, this nonlinear rule is equivalent to 1 + i; ~ @IEt[e;Pj;lHtH], as reported in
equation (3.14).
Exchange rates. The consumption price index links the real exchange rate to the terms

of trade:

P
Q=—2"=5" (D.11)
t

Balanced trade then relates the real exchange rate to domestic consumption:

Ct

Q=1 (D.12)

Rental returns and price setting. Firms’ choice between labor and rented durables gives

Rf  w P
x — &N t t
=== — = D.13
TR ! Py (D19)
The first-order price-setting condition is
THt = BEiTTH 141 + KiMCy (D.14)
ey = X + v (D.15)

Here mc; = Rf‘ /Pyt = rfi S/ is marginal cost in units of home goods, and ¢, is its log
deviation from #ic = (e — 1)/e. Rental-cost minimization already accounts for revenue
from sales of newly produced durables.

Consumer-price inflation also reflects changes in import prices:

T = 7Tyt + VAS; (D.16)

D.2 Consumption, Durable Accumulation, and Employment
The reduced dynamics follow by combining household optimality with monetary policy

and market clearing. The utility function is given by

(Cr —yC1) 179 —1
1—w

U(Ce) = + 1. 1og(1 —er)
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D.2.1 Consumption Euler Equation

Combining equations (D.1), (D.10) and (D.4), we use the bank zero-profit condition to

write

ler+ (1 —er) @] (1+71) = [er + (1 —er) §] R (1 +1iy)

= [1 + (1 — et) 4)(1)1}] (1 + lt) , (D.17)
or, equivalently,
14 (1—e;) p@; = RY [er + (1 —e;) ¢]. (D.18)
Substituting this expression into (D.1) gives
: U'(Cip1 —oC
U'(Cr —vCi1) = PR [er + (1 —er) ¢] (1 + i) Et{ ( tﬂi 5 T t)] : (D.19)
Jr

Finally, substituting the monetary policy rule (D.10) eliminates (1 + i;) and gives
U'(Ct — vCi—1) = POMRY [er + (1 — er) ¢] Ee[ef U’ (Crir — 7Ch)] - (D.20)
Let hatted variables denote log deviations from the nonstochastic steady state and define
= U'(C; — 9Ci1).

The log-linearized version of (D.20) is

my = ﬁt + Rilf) + _f_(—>)et + (PeEtét—H + Etmiyqq, (D.21)
Using
u,(Ct - 'th—l) = (Ct — ’)’Ct_l)_w ,
we have
w A A
My = —3— y (& —v6-1) (D.22)
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Substituting this expression into (D.21) gives

. R . 1— PR
EiCr41 — (1 + ’)/) Ct+ 61 = T’Y (;{t + Rf + %et + q)eEtetH) (D.23)

D.2.2 Durable Accumulation and Consumption

To express durable accumulation in the normalization used in the main text, define

(D.24)

I
%IG
E<>
I
|
kS

The law of motion of durable goods in (D.9) is given by
X1 = (1-8)X: + I, I = ey,

Investment chosen in period t affects the stock available in period t 4 1. Using the steady-
state relation [X = §X, the normalized stock evolves as

Xi = (1—06) Xt + e (D.25)

This is the durable-stock equation (3.19) in the main text.

Now use (D.12), (D.11), (D.8), and Yg; = X; + ¢f. Since the Rotemberg cost is second
order around the zero-inflation steady state, (D.8) implies 7 ; = v5; + ¢;. Combining this
with & = (1 —v)3; gives J+ = §;. Moreover,

" & 5

X
Yo 6+y Yy o+¢

Therefore, after applying the normalization (D.24),

= (1—v)Jn,
=(1-v) 5‘f¢ (XF+ér). (D.26)

Using (D.25), the lagged normalized stock is

(D.27)
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and the expected future normalized stock is
EXfy = (1-0) XF + yéy. (D.28)

D.2.3 Employment Dynamics

Substituting consumption into its Euler equation yields an equation for employment. The
three consumption terms entering (D.23) follow from (D.26), (D.27), and (D.28),

(X; + ét) ,

. ad Xr v\ .
Ct_l_(l_v)5+lp [1_5+ (“m) et‘l}’

[(1—0) X} + yé; + Erérs1] -

Therefore the left-hand side of (D.23) becomes

Eiiq — (1 + ’)’) Ct + 761

wd
o+

=(1-v)

- (5+’Y—%> X—-A+y-ype

+ (1 — %) éi’—l + Etét—‘,—l] .

Substituting this expression into (D.23) gives

)

S

- <5+’Y—%) Xi—(+y-9)é

+ 7y ( — %) ét,1 + Efét+1]

I et 2 U (1—¢)e
= R

ér + qDeEtét+1] :
Collecting current employment on the left and the remaining terms on the right gives

myéy = ma X} + moé;_1 + myEéyq +msRE + mgjiy, (D.29)
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where

mlz(l—v)(sflp (1+v-9)+ wve_f&i)g—qy
m2=(1—v)57f;( —%)

mg——(l—v)(slflp (5+ —%)

- (1—v)5i5¢—1;7¢e,

m5=—1_77, g = s, (D.30)

Thus, before substituting out the linear part of the risk premium,

A 5 o o A D "
8r = w10 X} + a0fr—1 + azoEér 1 + agoRy + asofly, (D.31)
with
nis my my ms Mg
N = —, &= —, K3 =—, 04 =—, K50= —. (D.32)
my mq n mq mq

These are the coefficients denoted by &7, ..., a5 in equation (3.20), which retains the full

lending premium. Using the premium approximation,
[ = 0267 + psé;, (D.33)

and moving the p;é; term to the left-hand side gives the employment equation with the

linear premium component absorbed into its coefficients:

& = a1 X7 + aéi_1 + a3Erér1 + aaff + asfly, (D.34)
where
o 210 . 20 - &30

= —-, ) = ———, a3 = ———-—o,

1 — ag0p1 1 — ag001 1 — w001

o Q

py=—2 ge=_ "0 (D.35)

1 — ag001 1 — ag001
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D.3 Inflation, Rental Returns, Durable Prices, and Wages

These conditions determine prices and wages alongside the employment and durable-
stock dynamics. Each equation is expressed using the same stock normalization and

lending-premium decomposition.

D.3.1 Domestic Inflation

Combining the price-setting condition (D.14) with marginal cost in (D.15) gives the do-
mestic inflation equation. Under Rotemberg pricing with marginal cost common across

tirms, its slope is

We choose the adjustment-cost parameter x to match the following benchmark slope pa-

rameterization

(1-6)(1-p8) & D036)

* 6 a+(1—a)e

Using Y ; = X; + e, the log deviation of domestic output is

YHt = E t+ Eet
(17 RN R
— S (& +a), (D.37)

Therefore

ﬂ/’l\Ct = TﬁtX —|—1/§t

:?§+V—ELAf+V & (D.38)
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Substituting (D.38) into (D.14) gives

At = BEiA 1 + MPF + MXf + Aséy, (D.39)
with
ad wd
Al =K, Ay = KV , A3 = KV . D.40
1 2 P 3 P ( )

D.3.2 Rental Return on Durables

To log-linearize the rental-rate condition (D.13), express prices and returns in consump-
tion units. Let pf = PX/P and retain rX = RY/P; for the real rental return, with R
denoting the nominal rental rate throughout. Define #X = log(rX/#X). The rental-rate

condition becomes:

X _ Wt X
rt - “_1 - ¢pt *
ney

Around the steady state, this gives

- =X
X_ W . s\ PPT o x
Fi = W(wt— (x—1)é) —x Pi
= Ayt + Asés + A6 7, (D.41)
where
@ yp*
/\4 = W, /\5 = )\4 (1 — IX) , /\6 = _77_X (D4:2)

D.3.3 Durable-Price Euler Equation

The durable-price Euler equation is obtained from (D.2). After using the bank rate at date
t+1, it implies

(Ct=Cim1) ™ = BEi [ (Cra — 4C) ™

( i1 +(1-9) &)] . (D.43)
PERY  [ery1 + (1 —ery1) @) p¥
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Let

oX
7
Ti=— . (D.44)
PR e+ (1—2)¢]
Using "
Mi =M= 3 (L4 7) & — -1 — EsCria],

the log-linearized durable-price Euler equation is

5X w .. .
= 14+7)¢ — 96— — EiC
Pi (1—7)5(F1+1—5)[( v) & — Y81 — Etlri]
I 5X AP 1-¢)e .
E —ER;, {— ———+——F
+r1+1—5( I

1-6 1
7% Ep . D4
LV I U Ry et (D.45)

From (D.26), (D.27), and (D.28),

(o0 125) %

. +6—1) . R
+(1+7—-1) 3t+7(¢T§)€t—1 — Etéi 1

wd
1 6 — vCi_q1 — E4C =(1—-v
(L4 )¢& —v6—1— Eili11 = ( )5+1p

. (D.46)

LSiIlg
E:R - p]E é + E:7
t t+ tet4+1 t t+1-

substitution of (D.46) into (D.45) gives the pre-coefficient expression

<5+7—1’YT5> X;
(p+6-1),

+(A+y—9)é+ “Tet—l - Etét—l—l]

X w 1 B
pt—l—fy[%(l“1+1—5)(1 v)

rl ~AX rl ~P
— E#f — ———E
Ti+1—0 "HI T 41—p i+

Iy (1-¢)e
+1-0oler(1-0)¢

1-9
EAX
r1+1_5 tpf+1+

+

+ Pl} Eér 1

A

BT +1—0)

+
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Therefore

pg( = /\75\(; + Agét —+ A9ét71 -+ AlOEt??i_l + AllEt?ﬁ_l
+ AEpf + AsEeérin + Avafls, (D.47)

where

w 1 %) 0%
Ay = 1— ) -,
7 1—')/,6(F1+1—(5)( V)(H—lp( L 1—(5)

Agzlc—uvﬁmjl—@ (1_")5f¢(1+7—¢),
Ag:lfvﬁ(rﬁ:l—(s) (1—V)5f¢7(¢1+_55_1),
/\13:_1f7ﬁ(rl—:1—5) (1_")%

T +ri_5 e-f(;i))e‘jcfpl , AM:,B(Fl—&l—(S). (D.48)

D.3.4 Reservation Wage

Using the lending premium in the labor-supply condition (D.3), the reservation-wage

equation becomes

w(1—e) (G —9Ci1) ¥ = [WL e + (1 —er) ¢]
+(1—e) (Ct=7Cr1) (1= ¢) (Ce+ pI¥) [RY (D49)
To linearize this expression, evaluate its components at the steady state. The left-hand

side of (D.49), the first bracket component, and the second bracket component evaluate

to

left-hand side: @ (1—¢)[(1—)C]“,
first bracket component: yr[e+ (1 —¢é)¢],
second bracket component : (1 —¢) (1—¢)[(1—7)C]"“ <C + ﬁXI_X> :
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Hence the steady-state value of the full bracket multiplying R is
Qu=nefe+(1-2) ¢l +(1—9) (1-2)[(1—7) ] (C+p*T¥),
and the steady-state wage equation is
@(1-2)[(1-v)C] ¥ = QuR".
Now linearize the bracket step by step. For the first bracket component,

nlee+ (1—e) @l =m{e(l+é)+[1-e(1+é) ¢}
=nrle+(1—e)p]+nr(1—¢)eé.

After subtracting its steady-state value and dividing by the full steady-state bracket
0y, this first component contributes

e
1—€t:(1—€_)|:1—1 e_et:|,

T Gyl
Ct_'YCtlz(l_’Y)C[1+ tlr“ 1},
—7
_ S w )
(=) = (A= ™ 1= 2 (G —1tm)|,
_ B Cét+ﬁXI_X(AX+AX>
=X 71X t t
Ce+ pF ¥ = (C+p 1) 1+ T

Multiplying these first-order terms and dropping products of deviations gives

(1=e) (Ci=1Ci1) ™ (1= ¢) (i + pEY)

=(1-¢) -2 [(1-7) (C+ﬁxfx) [1— Lo (e t)

i i)

Céy

_|_

XX
+pil

(@ ‘Gl
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Therefore, after subtracting the second component’s steady-state value and dividing by
)y, its contribution to the full bracket is first

(1-¢)(1-28)[1—7)C]"" (C+p*T¥) e W
Ou B pe G LR
N Céy + pXIX (pf + 1Y)
C + pXIX
Keeping the internal denominator visible, this equals
1—¢)(1—2e)[(1—7)C] ¥ (C+pXIX e . w . .
LA NACHPTI [ty o o)
(1-¢)(1-9[1-7C " (C+p*T*) C |
Oy C+pXIX™!
L-9)a-9[d-7) I (C+p*TY)  p*IX <AX+IA )
Qu C 4 pXIX Peit)-

The C + pXIX factors cancel only in the last two terms, so the same expression can be

written as
1-¢)(1-2)[1-7)C " (C+p*I¥) e . w
0 [—1 = g (Ct—’YCt—l)]
L 1-¢) (1—5‘2)[(1—7)(?]‘“@@
L-¢9)(-2 [gw—v)c]_ prIx (o + 1),

_ e+ (1-2¢)¢]
qu— Qw 7
foc = 1-9)(1-9)[a-mC""C Jut = (1-¢) (-8 [(1—7)C " p*I*
wC — Qw ’ wiL — Qw

These definitions imply

QwC + le - Qw 7
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Jwo + Juwc + Juw1 = 1,

The coefficients g,,c and q,,; are the normalized weights on consumption and durable
expenditure in the reservation-wage condition.
Adding the log deviations of the three left-hand-side factors gives
e w
1—e¢ 1—v

left-hand-side log-deviation = @y — (6 — yCi-1) -

Therefore the whole right-hand-side bracket, after subtracting (), and dividing by (),
log-linearizes to

N
g

1oz
%wcp)eét + (Gwc + Gwr) [—

+ Goctt + Gul (ﬁtx + ftX) .

1—e¢

Multiplication by R} adds RF. Combining the two sides of (D.49) gives

N P _m(l—¢)e,
Wt 1_e_€t 1_7(Ct ’YCt—l)——Qw et
e w " A
+ (ac+ o) |75~ T (6= 1)

+ Guwclt + Gui (ﬁf( + ftx> + RP.

Because qu,0 + quwc + guwr = 1, the terms moved from the left-hand side combine with
the negative product-share terms to leave g,,0 multiplying them. Solving for ; gives

W = qw0

R 0 on s
Ct:(l_v)5+¢(xt*+et)’
wo 0% 5 . yW+o-1),
Ct_'yct—lz(l_v)é_‘_ll){l_m)}(; ¢+ (¢1_5 )et—l],
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where (D.26) and (D.27) have been used. Also,
j‘tX = Déét, Rf = Plét + ?f

Substituting these objects into the solved wage equation and collecting by state, price,

and premium terms gives

N w &0 o, ad o,
Dt = Guo7— 1— j (1—-v) Xf 4 quc (1—v) X;
1—7 1-6 S+ S+
e . m(l-¢)e,
+Qw01_é€t+ O et
0= (1= 1) =" 8 fgue (1 —v) =" s

+ Guiké; + p18;
wy b P+o6—1,
1-— _

+ Guorpi + 7L,

Reading off these coefficients gives the reduced-form wage equation:

Wy = AsXF + A6l + A7é—1 + APy + Aoff, (D.50)
where
Ms = o (12~ =g ) L~V g e 1=V 55
Me = w07 ié + 2L (10;4))5 +6]w01 ij,y (1—-v) % + guwc (1 —v) leflp + guwix + p1,
M7 = Qwo% (1-v) (5lflplpirfg 1,
Mg = qul, Mg =1 (D.51)

Here the premium split R = p1é; + #/" has already been imposed, so p1 appears in A1g
and )\19 =1.
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D.4 Reduced Equilibrium System and Steady State

Collecting the derived conditions gives a system for domestic inflation, the rental return,
the durable price, the wage, the durable stock, and employment:

b = BEtAp 11 + MPF + A X[ + Aséy,
PX = At + Asés + Aoy,
Pr = A7 Xf + Aglt + Aodi_1 + AoEiiq + AnEly
+ ApEpiq + MaEilir + Ay,
Wy = AMsX} + A6l + 781 + Mgy + Aoff,
X = (1-0) X! +yé,
& = Ao X} + A;ér—1 + AnaEséry1 + AoaPt + Aoafly. (D.52)
Finally, the steady-state block follows from the bank zero-profit condition, the con-

sumption Euler equation with monetary policy, durable accumulation, goods production,

the durable Euler equation, the wage equation, and the rental-rate condition:

RP — 1+ (1—¢)¢d
e+ (1—e)

Sy

X§ ,
=5 (a1
@(1-2)[(1-7)C] " =R’
= oce‘z“_u—1 —vr,
gt = =% (D.53)

The last condition imposes firms’ steady-state optimal pricing without a subsidy. With
foreign output normalized to one, market clearing implies jy = Y,". We retain the
calibrated employment target ¢ = 1 — 0.058 and determine the leisure weight 77 and
policy intercept © jointly with the remaining steady-state objects. In particular, optimal
pricing determines 7%, the durable Euler condition determines 7%, and the rental-rate
condition determines w. The wage and consumption Euler conditions then give
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1
BRP[e+ (1 —é)ple?e

L=

O =

The calibration requires 771, > 0. The calibrated values of #; and © are held fixed when

deriving the dynamics.

D.5 Coefficient Reference for Numerical Implementation

For implementation, the following list collects the auxiliary objects and coefficients de-
rived above. The dynamic system and steady-state conditions are repeated in compact
form so that the required inputs and equations can be read together. Inputs fixed before
steady-state calibration: «,8,y,6,w,v,0,€, ¢, D, P, @¢, p1, P2, p3, together with the target e.
The parameters 777, and © are calibrated from the steady-state conditions.

Steady-state objects: ¢,C, X, IX, Yy, p%, RY, 7%, @.

Auxiliary objects

6 a+(1—wa)e
N PR e (-0 )
Qu=nle+(1-e)gl+(1—-9) (1-2) [1-7)C) " (C+p*T¥),

_nele+(1—2)¢]
quwo = ¥ ’

_ (-9 (-9[a-md*“cC _(1-9)(1-9[a-m ¥
qJuwC = Qw ’ qul = Qw ’
RE = piéi +7f,  #f = 026} + p3é;

Employment-equation coefficients
ad -y (1-9¢)e
m= (=) e A =) = e i g g
5
mz_v(l_v)(silp(l_i(s)’
5
m=—(1-v) 7o (+r-155),



m4:(1—v)5+¢ o P
1 —
mS—m6:_T’)/;
m3 L) Mg
X110 = — X0 = —, &30 = —,
2111 %1 ny
0640—m—j, “SO_m_j’
i X10 20
1 — ag001” 1 — w001
s &30 &40
1 —ag001” 1 —ag001
X50
X5
1 —ag001
State-system coefficients
Al—K,
/\2_,(1/“_(5,
o+
Ag—Kv“—(S,
S+
w
Ay net— 17X’
)L5—/\4(1—06),
__wp"
/\6__17_)(/
w (1—v)ad ( ¥ )
Ay = k) S——
s el ¢ ey i ey L L g
w (1—v)ad
Ag = 1+v— ,
S YT (PR AR
Mo = w (1—v)ad Y(p+6—1)
l—9y(+y)p(T1+1-9) 1-6 7 5
r I 1-—
Alo:lﬂl—l——i—&' All:_l}+—i—5' Alzzm,
Mg = — w (1—-v)ad B I [ (1—¢)e + o1
1—9y(0+y)B(T1+1-96) TI1+1-6|e+(1—e)¢ ’
1
Mg = ,
“ B +1-0)
w wy %) wo
A5 = — 1—7p) —— 1—
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e n(1—¢)e w «d

= 1—

Mo = Guo 5+ o +qw01_,)/( V)5+¢+’1wC( V) =——
_ wy _ w Pp+0—-1

/\17—%0—1_7(1 V)(5+lp T

Mg = qul, Mg =1,

Az = 1, A2l = ay, Ao = ag,

Az =g, Ay = as.
Dynamic equilibrium system

r = BEfE i1 + M + A XE + Aséy,
PE = Mgty + Asé + AePi,
Pr = A7 X[+ Aglt + Aodi_1 + AoEiq + AnEly
+ AEpiiq + AMaEiéii + Aafle,
W = MsX; + Melt + A7éi—1 + AigPi + Aofy,
t—|—1 = (1-6) X7 + yé,
= Ao X} + An1éi1 + AnnEiéri1 + Aosfi + Asafle.

Steady-state block

RP — 1+ (1—¢)¢pd

e+(l—e)¢’
1=pORY [+ (1—¢)¢|e?,

. IX

X=pe*, X= 5

w
_X & _X
T aer— ¥p
_ €
YoV = X
H e—1
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Appendix E Wild-Bootstrap Inference

This appendix describes the wild-bootstrap construction used for the recurrence test in
Table 1 and forecast inference in Table 4, Appendix C, and Section 5.3. All these exercises
generate exchange-rate panels under a driftless random-walk null. Appendix A.1 ex-
plains how the simulated panels are filtered to evaluate alignment. Here, we set out the
common construction and its forecasting applications. Currency-specific tests compare
each observed Clark-West statistic with its own simulated distribution. The joint tests
evaluate the number of MSFE improvements and the largest Clark—West statistic across

the baseline panel.

E.1 Null Hypothesis and Maintained Forecasting Design

Let s;; = log &; ; denote the log exchange rate of currency i. The null hypothesis imposes

unpredictable changes with zero drift:
Sit =Sip—1+tuiy,  Eluip | Froa] =0, (E1)

where F;_; is the information available before date t. The corresponding forecast of the
cumulative exchange-rate change is zero at every horizon. In the no-intercept limit-cycle
regression, this forecast is nested at a recurrence coefficient of zero.

The baseline forecasting design uses B = 10,000 replications and the quarterly sample
ending in 2020Q1. Every replication maintains the twenty currency series, observed avail-
ability pattern, cycle length p = 32, forecast horizons h € {12,16,20}, and 64-observation
rolling estimation window. The forecast dates and completed-outcome restriction also
match the baseline. The evaluation contains 70, 62, and 54 forecasts per currency at the
three horizons, respectively. Thus, inference evaluates the baseline procedure with its

cycle length, window, horizons, and sample endpoint held fixed.

E.2 Generating the Wild-Bootstrap Panels

We first calculate observed quarterly changes and remove each currency’s sample mean.
Let D; be the dates with available quarterly innovations and define

N — — 1
ui’t = ASi,t — ASi, ASI' = _|D| 2 Asi,t- (E2)
i

teD;
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The vector u; contains these demeaned innovations for the currencies observed at date ¢.

For replication b, draw one Rademacher multiplier per date:
Pr(p” = 1) =Pr(p{" = 1) =1, Y =y (E.3)

The signs are independent across dates and replications. Within a date, the same sign
multiplies every available currency innovation. Cumulating the innovations gives the
simulated log exchange rates:

s — szﬁ)l + ung). (E.4)

An additive constant in the initial log level has no effect on the exercise, because the pre-
dictors, targets, and forecasts are expressed as changes. The observed availability pattern
determines the usable regression and evaluation observations in each replication.

The common sign preserves the observed contemporaneous relationships. For curren-
cies i and j observed at the same date,
*(b) *(b)

/ Uip Uiy

|u:i£b)| = |l//l\l',t = ﬁi,tb/l\]',t. (E5)
Each replication therefore retains the innovation magnitudes and products at each date,
including the common movements across dollar exchange rates and euro-area series.
Large and small innovations remain at their original dates. Meanwhile, independence of
the signs across dates implies E* [ung) | ;1] = 0, where [E* conditions on the observed
innovation vectors. The reference distribution therefore conditions on those vectors and

uses a symmetric sign-randomization design to impose the null.

E.3 Repeating the Rolling Forecast Exercise

The complete forecast is reconstructed from every simulated history. For each currency,
horizon, and empirical forecast date ¢, define

*(b *(b *(b

y zgh) = Si,§+)h - Si,g , (E.6)
x(b) _ *(b) *(b)

Xith = Sit—p+h — Sit—p’ (E.7)

Since p > h at all three horizons, the predictor is observable at the forecast date. Let
W, contain the 64 most recent available regression rows whose outcomes have been

completed by t. Each included date 7 satisfies T + / < t. The no-intercept rolling estimate
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is
x(b)  x(b)
x(b) ZTEWi,t,h xi,’c,h i,Th E.8
Bitn = NN E8)
ZTEWi,t,h (xi,r,h)

The limit-cycle and random-walk forecasts are, respectively,

IELC[ 1th} ‘B\; h 1th’ IE'RW[%EZ;L)} = 0. (E.9)

Here E}*[-] denotes model m’s forecast computed using the simulated exchange-rate his-
tory available at date ¢ in replication b, following the notation in Section 4.1. Re-estimating
the coefficient at every forecast date incorporates the sampling variation from the rolling
regressions. Constructing all horizons from the same simulated quarterly path also re-

produces overlap among forecast targets and estimation windows.

E.4 Forecast Losses and Currency-Specific Inference

Let 7, denote the empirical set of forecast dates and n;, = |7; ,|. For m € {LC, RW}, the

simulated forecast error is e ( ) = =Y; Eh) E}" [yl*%)] Relative MSFE is
LC,x(b)\2
x(b) EteTh( ith )
Rip™ = RW,#(0) (E.10)

ZteTh( ith )2.

A value below one records an improvement in realized forecast accuracy.
For inference using the Clark—West statistic, define the adjusted loss differential fol-
lowing Clark and West (2007):

CW,%(b RW, % (b)\ 2 LC,#(b)\2 «(0)1)2
dip ) = (ei,t,h ( )> - (ei,t,h ( )) + (EtLC [%gh)D ' (E.11)

The final term adjusts for estimation noise in the larger forecasting model; it is the squared
difference between the two forecasts because the random-walk forecast is zero. Averag-

W,x(b)

. . C o
ing over forecast dates gives d; . Studentization uses a standard error robust to het-
eroskedasticity and autocorrelation (HAC), with the same Bartlett weights and 32 lags as

in the empirical calculation:

ECW,*(b)
CW,x(b) ih
T, = WA (E.12)
seHAC (d )



Larger values favor the limit-cycle benchmark. The standard error is recalculated from
each simulated loss sequence.
The two inference columns in Table 4 use the same observed statistic T; hW’ObS. The

conventional column uses 1 — CID(TZChW’DbS), where & is the standard normal distribution
function. The wild-bootstrap column ranks it against the simulated statistics for the same

currency and horizon:

B CW,x(b) CW,obs
sund _ 1T Lo My 7 2 T (E.13)
ol B+1 ' '

Here 1{-} is the indicator function. The plus-one correction prevents a reported simula-
tion probability of zero. These currency-specific probabilities evaluate each comparison
separately.

E.5 Forecasting Extensions

Tables C.1 and C.2 use the same wild-bootstrap procedure with 10,000 complete pan-
els for each design. The shorter-horizon exercise retains the quarterly sample ending
in 2020Q1, the 32-quarter cycle length, and the 64-quarter rolling window, and evalu-
ates h = 1,4,8 quarters. The monthly exercise uses data from 1973M1-2020M1, a cycle
length of 96 months, a rolling window of 192 observations, and horizons of 36, 48, and 60
months.

For each design, innovations are calculated and demeaned using its own frequency
and sample. Each replication applies common signs across currencies, reconstructs the
predictors, and re-estimates the rolling regression at every forecast date, using only out-
comes then available. Forecast dates and evaluation samples match the corresponding
empirical exercise. The same Clark-West and HAC calculations are applied to the ob-
served and simulated loss sequences within each design. Each observed statistic is com-
pared with its own design-specific simulated distribution using equation (E.13); the base-

line simulated critical values are not reused for the extensions.

E.6 Joint Forecast Statistics

LetC = {(i,h) : i =1,...,20, h € {12,16,20} } denote the set of 60 currency-horizon
comparisons. All statistics below are computed from the same complete panel within a
replication. This preserves their dependence across currencies and horizons when con-
structing the joint reference distributions.
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Number of MSFE improvements across all currencies. The first statistic is the number
of comparisons with lower realized MSFE:

NAY = Y YR <1y, N =4, (E.14)
(i,h)eC

Each favorable comparison contributes one, regardless of the size of the MSFE reduction.
Its null tail counts panels with N:lgb) > 43. The count uses realized MSFE reductions; it
does not require each comparison to be individually statistically significant.

Number of improvements with one euro-area representative. Define Zone euro to con-
tain Germany and the ten non-euro currencies: Australia, Canada, Denmark, Japan, Ko-
rea, New Zealand, Norway, Sweden, Switzerland, and the United Kingdom. The re-
stricted set Cone euro = Zone euro X {12,16,20} contains 33 comparisons. The second statis-
tic is

Ngr(lg)euro = Z 1{Rz§lb) < 1}/ Ngrblse euro — 22. (E-15)

(i,h)€Cone euro

The same restriction is applied to the observed results and every simulated panel. The
null tail counts panels with at least 22 gains among these 33 comparisons. The restric-
tion reduces repeated euro-area representation while retaining the simulated dependence

among the remaining series.

Maximum Clark-West statistic. The third statistic selects the strongest result in each
panel:

M = max TSP, (E.16)

M*®) — max TWHO) )
(inyec "

Gmec M7
The observed maximum is attained by Denmark at 1 = 16 and is displayed as 11.38
in Table 5. Comparisons use the underlying statistic before rounding. Every simulated
panel selects its own maximizing currency and horizon, which can differ from Denmark
at i = 16. The null tail counts panels with M*() > M, accounting for the search over

the 60 specified comparisons.

E.7 Tail Frequencies and Interpretation
For any of the three joint statistics S € { N,11, None euro, M }, define

Ks

B
Ks=) 1{s'®>s"),  g5= =2 (E.17)
b=1
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Table 5 expresses the simulated tail frequencies as percentages, 1007s. The corresponding

plus-one Monte Carlo convention is

. 1+Ksg
PS=By1-

(E.18)

At B = 10,000, the difference between these conventions is at most 1/ (B + 1) in probabil-
ity units and does not change the significance conclusions for the reported joint results.
Both use an upper-tail comparison because larger counts and a larger maximum favor the
limit-cycle benchmark.

The reported tail frequencies are 2.89 percent for the full-panel count, 1.25 percent for
the count with one euro-area representative, and 0.49 percent for the maximum Clark—
West statistic. These correspond to probabilities of 0.0289, 0.0125, and 0.0049. The first
two statistics reject the specified random-walk null at the five-percent level, and the third
rejects at the one-percent level. Their interpretation is the probability of obtaining an
equally or more favorable statistic under the simulated null. The count tests ask how
often a random-walk panel produces at least as many MSFE improvements as observed.
The maximum test asks how often its largest Clark—West statistic reaches the observed

maximum, allowing the same search in every simulated panel.

63



	Introduction
	Exchange-Rate Cycles and Their Recurrence
	A Model of Exchange-Rate Limit Cycles
	Environment
	Households.
	Banks with Free Entry and the Lending Premium.
	Firms.
	Monetary policy.
	International Prices and Trade.

	Equilibrium Dynamics and the Limit-Cycle Mechanism

	Forecasting Exchange Rates Using Limit Cycles
	The Limit-Cycle Benchmark
	Evaluation Using Model-Generated Data

	Empirical Performance
	Empirical Implementation
	Empirical Results
	Joint Evidence against the Random-Walk Benchmark

	Conclusion
	Appendix Exchange-Rate Recurrence in the Data
	Simulation Test of Eight-Year Alignment

	Appendix Model Calibration and Simulation
	Calibration and Solution Method
	Recurrence in Model-Generated Exchange Rates
	Simulated Employment Dynamics

	Appendix Additional Forecasting Results
	Shorter Forecast Horizons
	Monthly Data
	Forecast Gains and the Absolute Limit-Cycle Forecast

	Appendix Model Equilibrium and Derivations
	Equilibrium Conditions
	Consumption, Durable Accumulation, and Employment
	Consumption Euler Equation
	Durable Accumulation and Consumption
	Employment Dynamics

	Inflation, Rental Returns, Durable Prices, and Wages
	Domestic Inflation
	Rental Return on Durables
	Durable-Price Euler Equation
	Reservation Wage

	Reduced Equilibrium System and Steady State
	Coefficient Reference for Numerical Implementation

	Appendix Wild-Bootstrap Inference
	Null Hypothesis and Maintained Forecasting Design
	Generating the Wild-Bootstrap Panels
	Repeating the Rolling Forecast Exercise
	Forecast Losses and Currency-Specific Inference
	Forecasting Extensions
	Joint Forecast Statistics
	Tail Frequencies and Interpretation


