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What we know about exchange rates

Standard models don’t work!
The main textbook model is an empirical failure

The main textbook model relies on the uncovered interest parity
condition, which is derived under the assumption of risk neutrality

The leading alternative theory of exchange rates is also an empirical
failure

Argues that agents are risk averse and that currency speculation is
systematically risky
However, the payoffs to currency speculation have small or insignificant
exposures to conventional measures of systematic risk



What we don’t know about exchange rates

Unclear which alternative theory of exchange rate behavior is the
most promising.
Several alternative explanations (to name just a few)

Rare disasters / peso problems
Liquidity spirals, crash risk
Overconfidence
Price pressure

None of these theories has been thoroughly tested empirically.



“The” puzzle in international finance

If investors are risk neutral, the following conditions are implied:
Uncovered interest parity (UIP): The interest rate differential between
two currencies should be equal to the rate at which the higher interest
rate currency is expected to depreciate.
Equivalently [if covered interest parity (CIP) holds], UIP implies that
the forward rate on a currency is equal to the expected future spot rate.

Literature concludes that UIP is an empirical failure
Evidence from forecasting regressions [Bilson (1981), Fama (1984),
McCallum (1994), etc.]
Meese & Rogoff (1983): exchange rates look like random walks
Currency speculation strategies have earned positive and statistically
significant profits in historical data (1976–2010) [Villanueva, 2007;
Burnside et al. (2011), Lustig, Roussanov & Verdelhan (2011),
Menkhoff et al. (2011), Rafferty (2011), etc.]



Notation and parity Conditions

S: spot exchange rate in USD per foreign currency unit (FCU)
F : one-month forward exchange rate in USD per FCU
i : US one-month risk-free rate:
i∗: foreign one-month risk-free rate

UIP: EtSt+1/St = (1+ it)/(1+ i∗t )

CIP: Ft/St = (1+ it)/(1+ i∗t )

currencies at a forward premium have low interest rates

UIP & CIP combined: EtSt+1 = Ft

currencies at a forward premium (low interest rates) are expected to
appreciate



Regression-based evidence against UIP

Traditional regression:

St+1−St
St

= α + β
Ft −St

St

If UIP holds, α = 0 and β = 1

In practice, for major currencies, β̂ < 1

In fact, quite often β̂ < 0, currencies with low interest rate (high
forward premia) tend to depreciate



UIP regressions
Base currency is USD; sample 1976-2010 (if data available)

Point estimates are below 1 in every case
Point estimates are below 0 for 17 of 20 countries
Point estimates are significantly below 1 for 13 of 20 currencies
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More regression-based Evidence

The regressions have very low R2 and, typically, β̂ is imprecisely
estimated:

Recursive regression-based forecasts are no better than a random walk,
Meese & Rogoff (1983)

Fama (1984) and Backus, Gregory & Telmer (1993) use the
regression:

Ft −St+1
St

= a + b Ft −St
St

If UIP holds, a = 0 and b = 0
In practice, for major currencies, b̂ > 0
Not surprising. There is a mechanical relationship between β̂ and b̂:
b̂ = 1− β̂



Currency speculation strategies
Carry trade

Excess return to a long position in foreign currency:

zL
t+1 = (1+ i∗t )

St+1
St
− (1+ it) =

(
St+1−Ft

Ft

)
(1+ it)

Carry-trade strategy:
Go long (buy forward) currencies with i∗t ≥ it (St ≥ Ft)
Go short (sell forward) currencies with i∗t < it (St < Ft )

Excess return to the carry trade strategy:

zC
t+1 = sign(i∗t − it)• zL

t+1 = sign(St −Ft)• zL
t+1



Defining the strategies
Momentum

Go long (short) foreign currency at time t if it was profitable to go
long (short) the foreign currency at t−1.

Excess return to the momentum strategy:

zM
t+1 = sign(zL

t )• zL
t+1.



Returns to Currency Speculation

Under UIP

EtzC
t+1 = sign(i∗t − it)•EtzL

t+1 = 0 ⇒ E(zC ) = 0

EtzM
t+1 = sign(zL

t )•EtzL
t+1 = 0 ⇒ E(zM) = 0

Implement the carry trade and momentum strategies
currency-by-currency
Form portfolio carry-trade and momentum strategies that combine all
the individual trades in equally weighted portfolios



Returns of individual currency strategies
Average of annualized monthly excess returns (Feb. 1976–Dec. 2010)

Mean Std. Dev. Sharpe Skewness Excess
(%) (%) Ratio Kurtosis

Carry trade 4.6 11.3 0.41 -0.23 1.6

Momentum 4.9 11.3 0.43 -0.02 1.5



Returns of portfolio currency strategies
Annualized monthly excess returns (Feb. 1976–Dec. 2010)

Mean SD Sharpe Skew Exc. Correlation w/
(%) (%) Ratio Kurt Carry Mom.

Carry 4.6 5.1 0.89 -0.53 4.1 1.00 0.10
(0.9) (0.4) (0.21) (0.40) (1.5)

Momentum 4.5 7.3 0.62 0.08 2.9 0.10 1.00
(1.2) (0.5) (0.16) (0.32) (0.9)

50-50 4.5 4.6 0.98 0.36 2.5 0.63 0.84
(0.8) (0.3) (0.16) (0.22) (0.5)

U.S. stocks 6.5 15.7 0.41 -0.78 2.3 0.09 -0.09
(2.8) (1.0) (0.19) (0.28) (1.1)



Profitability of portfolio currency strategies
Cumulative returns (Feb. 1976–Dec. 2010)
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Simple “explanations” of why these strategies are profitable

Under UIP E(zC ) = E(zM) = 0, but UIP fails empirically, so ...
Imagine that the true process for the exchange rate is a random walk
EtSt+1 = St (not Ft as when UIP holds):

EtzL
t+1 = i∗t − it =

(
St −Ft

Ft

)
(1+ it)

=⇒ EtzC
t+1 = sign(i∗t − it)• (i∗t − it)≥ 0

More generally, sign(i∗t − it) and sign(zL
t ) are both positively

correlated with sign(zL
t+1):

Pr
[
sign(zL

t+1) = sign(i∗t − it)
]

= 0.571

Pr
[
sign(zL

t+1) = sign(zL
t )
]

= 0.569



Risk and currency strategies
Theory

Agents’ risk aversion is the most obvious explanation
Under risk aversion the asset pricing condition is

Et (zt+1Mt+1) = 0 =⇒ E(zM) = 0

Mt+1: the stochastic discount factor (SDF) that prices payoffs
denominated in USD

Unconditional pricing equation can be written as:

E(z)E(M) + cov(z ,M) = 0.

Since M > 0 in theory, most straightforward explanation of z̄ > 0 is
cov(z ,M) < 0.



Risk and currency strategies
Measuring the risk premium

Can always rationalize observed payoffs using a statistical model for
EtSt+1 to compute the risk premium:

pt = EtzL
t+1 = (1+ i∗t )

EtSt+1
St

− (1+ it)

While this can yield insights the key challenge is finding an observable
Mt+1 such that

pt =−
covt(zL

t+1,Mt+1)

EtMt+1



The beta representation

Consider linear SDFs that take the form:

Mt = ξ
[
1− (ft −µ)′ b

]
.

ξ is a scalar; set ξ = 1 because it is not identified.
ft is a k×1 vector of risk factors, µ = E(ft),
b is a k×1 vector of parameters

Given this model, the pricing equation can be rewritten in terms of
the beta representation:

E(z) = cov (z , f )b = cov (z , f )Σ−1
f ·Σf b = β ·λ ,

Σf is the covariance matrix of ft
β measures the exposure of the returns to aggregate risk
λ measures the risk premia associated with the risk factors



Empirical strategy

We have
M = ξ

[
1− (f −µ)′ b

]
E(zM) = 0 ⇐⇒ E(z) = cov (z , f )Σ−1

f ·Σf b = β ·λ

Following the finance literature [Fama & MacBeth (1973), Cochrane
(2005)], the plausibility of a risk-based explanation can be assessed by
...

1 Estimating betas and seeing if they are non-zero for assets with
non-zero expected returns

2 Estimating b and/or λ and checking the overall fit of the model for a
group of portfolios



Empirical strategy: betas

Villanueva (2007), Burnside (2011), Burnside, Eichenbaum and
Rebelo (BER, 2011), Burnside et al. (BEKR, 2011)

Are there risk factors for which the payoffs to the strategies have
statistically significant betas?

zit = ai + f ′t βi + εit , t = 1, . . . ,T , for each i = 1, . . . ,n.

T : the sample size
n: the number of portfolios being studied.



Betas with conventional risk factors
BER (2011): Carry trade portfolio

Beta(s)
β1 β2 β3 R2

CAPM 0.029 0.01
(0.017)

Fama-French 0.045 -0.034 0.042 0.02
(0.018) (0.030) (0.029)

Quadratic CAPM 0.033 0.286 0.01
(0.019) (0.343)

Volatility CAPM -0.004 -0.010 2.093 0.02
(0.026) (0.231) (1.627)

C-CAPM 0.006 0.00
(0.733)

Extended C-CAPM -0.314 0.671 0.013 0.01
(0.824) (0.572) (0.031)



Betas with conventional risk factors
BER (2011) : Momentum portfolio

Beta(s)
β1 β2 β3 R2

CAPM -0.042 0.01
(0.036)

Fama-French -0.037 -0.030 -0.001 0.01
(0.040) (0.036) (0.047)

Quadratic CAPM -0.027 1.202 0.02
(0.028) (1.368)

Volatility CAPM -0.012 0.001 -1.885 0.01
(0.066) (0.232) (5.212)

C-CAPM -0.583 0.00
(0.840)

Extended C-CAPM -0.176 -0.712 -0.070 0.04
(0.765) (0.718) (0.047)



More betas

Burnside (2011), BEKR (2011) long list of candidate risk factors
Implied volatility of stocks
Fed Funds rate
Term premium
Liquidity premium
Pastor-Stambaugh liquidity measures
Consumption growth
Campbell-Cochrane habit model
Luxury sales growth
Industrial production growth
GDP growth

None of these additional factors is significantly correlated with the
returns to the carry trade portfolio.
Conclusion: Conventional risk factors that have been used to
understand stock returns do not explain the returns to currency
speculation.



Empirical findings: Model fit

Estimate the parameters of the SDF, using data on
stock returns (the Fama-French 25 portfolios sorted on the basis of
book-to-market value and size),
currency carry trade returns
currency momentum returns

No model explains the returns to the currency speculation strategies
Not surprising given the insignificant betas for these strategies

The Fama-French model does a reasonable job explaining stock
returns, but predicts that the currency strategies should earn very
small returns.



Cross-sectional fit of the Fama-French model
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Factors derived from currency returns

Lustig, Roussanov & Verdelhan (LRV, 2011) claim that two risk
factors explain currency fluctuations

Use less traditional risk factors that are derived from the returns to
currency strategies.
Similar to the approach of Fama & French (1993) who construct risk
factors based on the returns to particular stock strategies.

Menkhoff et al. (MSSS, 2011) claim that currency volatility exposure
explains the returns to currency speculation
An approach in which separate risk factors price currency returns is
justifiable if currency markets are segmented (from the stock market)



Portfolios of currencies sorted by their forward discount

Following LRV (2011) and MSSS (2011) construct five portfolios,
labeled S1, S2, S3, S4, and S5, by sorting currencies according to
their forward discount against the USD

Sorting is done period by period.
Each portfolio is equally-weighted and represents the excess return to
lending at the risk-free rate the currencies included in the portfolio
while borrowing USD at the risk free rate.

Explain the cross-section of returns to these portfolios of currencies,
but add the momentum portfolio to the set of test assets.

Excluding stock returns allows for the possibility that markets are
segmented
But currency momentum should be explained by factors that explain
portfolios S1–S5.



Currency-based risk factors

Like LRV construct two risk factors directly from the sorted portfolios.
DOL: the average excess return of the five sorted portfolios, 1

5 ∑
5
i=1 zSi

HMLFX: the return differential between S5 and S1, zS5− zS1

Following MSSS construct a measure of global currency volatility,
VOL

VOL: the monthly average sample standard deviation of the daily log
changes in the values of the currencies in our sample against the USD.
The MSSS model uses DOL and VOL as risk factors



Betas with currency-based risk factors

z̄ LRV Model MSSS Model
Portfolio (%) DOL HMLFX R2 DOL VOL R2

S1 -0.7 1.03 -0.48 0.93 1.01 2.1 0.75
(1.9) (0.02) (0.02) (0.04) (0.5)

S2 -0.3 0.95 -0.12 0.85 0.94 -0.1 0.83
(1.7) (0.03) (0.02) (0.03) (0.5)

S3 2.8 0.98 -0.00 0.83 0.97 -0.4 0.83
(1.8) (0.03) (0.03) (0.03) (0.3)

S4 3.6 1.02 0.08 0.86 1.02 -0.5 0.86
(1.8) (0.03) (0.02) (0.03) (0.3)

S5 5.3 1.03 0.52 0.94 1.06 -1.3 0.73
(2.1) (0.02) (0.02) (0.04) (0.5)

Carry 4.6 0.20 0.26 0.38 0.21 -0.8 0.15
(0.9) (0.04) (0.03) (0.05) (0.4)

Mom. 4.5 0.03 -0.10 0.02 0.1 0.1 0.00
(1.2) (0.08) (0.06) (0.08) (1.0)



GMM estimates of linear factor models
Currency-based risk factors, monthly data (Mar 1976–Dec 2010)

Pricing Errors
b λ R2 J S1 S2 S3 S4 S5 M

LRV Model
DOL 3.7 0.25 -0.04 18.9 -0.5 -2.4 -0.1 0.0 1.3 5.1

(2.2) (0.12) (0.00) (0.5) (0.7) (0.9) (0.7) (0.5) (1.4)
HMLFX 7.4 0.57

(2.1) (0.13)
MSSS Model

DOL 0.3 0.17 0.04 6.51 1.8 -2.4 0.0 0.5 0.6 4.6
(3.4) (0.16) (0.16) (1.0) (1.1) (2.4) (2.1) (3.1) (2.9)

VOL -3.9 -17.9
(1.6) (6.7)



GMM estimates of the LRV model
Cross-sectional fit
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(a) Model 1: DOL and HML
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(b) Model 2: DOL and VOL



GMM estimates of the MSSS model
Cross-sectional fit
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(b) Model 2: DOL and VOL



Currency-based risk factors

Currency-based risk factors that “explain” the returns to portfolios
S1–S5 do not explain the currency momentum portfolio

Momentum has roughly zero exposure to DOL, HMLFX and VOL
Rafferty (2011) finds similar results for a different momentum portfolio

We could construct a currency momentum factor
This approach to constructing risk factors “works” but ultimately
doesn’t “explain” the fundamental source of risk.



Rare disasters/peso problems
The basic idea

Bad (extreme) states of the world are underrepresented in sample
[see, e.g. Lewis (1995)]
Therefore, the true average return is lower than observed average
return to an investment strategy

This statement can pertain to payoffs or risk-adjusted payoffs.

This is plausible if bad states of the world are low probability but very
bad.



Rare disasters
Was the 2008 Global Financial Crisis the representative rare disaster? No!

The carry trade sustained significant losses in 2008, at a particularly
bad time for investors

If there were more observations like this in-sample, the risk-adjusted
returns to the carry trade would be smaller

But, the momentum strategy made significant profits at the peak of
the crisis

With more observations like this in-sample, the risk-adjusted returns to
the momentum strategy would be larger!

Anything we have observed in-sample makes the puzzle deeper
because momentum looks like a hedge vis-a-vis the carry trade.



Measuring rare disasters

Imagine two types of events observed, and unobserved.
For simplicity, assume risk neutrality
Observed events have probability 1−p
Unobserved events have probability p, which is small.

Theoretically
(1−p)EN (z) + pED (z) = 0

z is the payoff to some strategy
EN (z) is the expected payoff to the strategy across observed events
ED (z) is the expected payoff to the strategy across unobserved events

Given the theoretical restriction, strategies that are more profitable
in-sample, must be less profitable out of sample



Measuring rare disasters
BEKR (2011)

Construct hedged and regular versions of the carry trade strategy
Average monthly payoffs to these two strategies in-sample are
estimated to be

EN (z) = 0.35 EN
(

zH
)

= 0.11

We can measure the losses to the hedged version of the carry trade in
out-of-sample states under the assumption that the options used to
hedge are in the money in bad states

ED
(

zH
)

=−0.012

Implies
p ∼= 0.1 ED (z)∼=−0.038



Measuring rare disasters
BEKR (2011)

EN (z) = 0.35 EN
(

zH
)

= 0.11

ED (z)∼=−0.038 ED
(

zH
)

=−0.012

Rare disasters do not imply huge losses to the carry trade
The estimate of p ∼= 0.1 is too large to be credible (disasters should
have been observed in-sample)

In the risk-corrected version of our analysis, p is the “risk-neutral”
probability of a disaster: the actual probability times the value of the
SDF in the disaster state
Our large estimate of p can be re-interpreted: a small probability of a
disaster combined with a very large estimate of M in the disaster state

BER (2011) find similar results incorporating the momentum strategy
into the analysis



What we don’t know about rare disasters

The rare disaster story appears to be able to explain the unconditional
mean payoffs to the carry trade and the momentum strategies
A more complete explanation of the UIP puzzle requires that rare
disasters can account for apparent time variation in the size of the
risk premium
In other words, rare disasters may account for unconditional
moments, but it is not known whether they can account for
conditional moments.



Currency crashes

Brunnermeier, Nagel & Pedersen (2008): currency speculation is
subject to crash risk

Crash risk: the tendency of destination currencies to simultaneously
and suddenly crash in value relative to funding currencies.

Rafferty (2011) measures crash risk by constructing a global currency
skewness measure

Measures the intramonth skewness of currencies (normalized by the
sign of their interest differential with the USD)

This SKEW factor appears to be able to price the cross section of
sorted carry trade, momentum and currency value portfolios.



Currency crashes
Rafferty’s Skewness-based Factor Model

Introduction Currency Portfolios Factor Model Results Horse Races Robustness Conclusion

Cross Sectional Fit - All Portfolios
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Currency crashes: what we don’t know

Exposure to realized skewness appears to be associated with the expected
return on currency portfolios.

Is realized skewness predictable?
If so, does exposure to its unforecastable component vary
systematically across portfolios with different expected returns, both
unconditionally and conditionally?
Is there any association between realized skewness and observed
changes in FX market liquidity?
Are there other observable correlates with realized skewness?



Overconfidence

Judgmental overconfidence has been documented in many studies in
the psychology of judgment and in experimental market studies
[DeBondt & Thaler, (1995), Rabin (1998), Griffin & Brenner (2004)].
Overconfidence has been extensively studied in the context of the
U.S. stock and bond markets [Odean (1998), Daniel, Hirshleifer &
Subhramanian (1998, 2001)]
Burnside, Han, Hirshleifer & Wang (2011) propose an explanation of
the UIP puzzle based upon investors’ overconfidence about the
precision of their information and beliefs.



Subjective beliefs

Recall that if agents are risk neutral:

EtzL
t+1 = (1+ i∗t )

EtSt+1
St

− (1+ it) = 0

In a simple model with overconfidence, this condition holds for
agents’ subjective expectations operator, EC

t , but not given the
objective distribution of the data

(1+ i∗t )
EC

t St+1
St

− (1+ it) = 0

To a first order approximation write this as

EC
t ∆st+1 + i∗t − it = 0

∆st+1is the % change in the USD/FCU exchange rate



Signals, overconfidence and over-reaction

EC
t ∆st+1 + i∗t − it = 0

Start with a very simple monetary framework
Suppose agents receive an imperfect signal that US money growth
will be higher in the future
Signal ⇒ higher expected inflation ⇒ US interest rate rises⇒
demand for real USD money balances falls ⇒ USD depreciates today
When agents are overconfident, they believe signals are more accurate
than they are⇒ the foreign currency appreciates, and, on average,
overshoots its long-run level
Consequently, once information is revealed the USD will appreciate,
on average, tomorrow, though agents expect the opposite



Overconfidence: empirical evidence

The model implies that UIP holds for agents’ beliefs not for rational
forecasts

Consistent with survey evidence in Frankel and Froot (1987); UIP holds
for professional forecasts

Some evidence that, contrary to the framework just described,
inflation surprises in the US lead to USD appreciation [Andersen et al.
(2003), Clarida & Waldman (2008)]

Story: surprise inflation induces contractionary monetary policy, US
rates rise, USD appreciates
The model with overconfidence can be modified to be consistent with
this observation by incorporating standard New Keynesian features



Overconfidence: What we don’t know

Existing evidence is qualitative, and relies on a very particular
information structure
If overconfidence is pervasive it should tell us very specific things
about pricing at different investment horizons (term structure)
Broader quantitative predictions of theories of overconfidence have
not been explored.



Price pressure: The basic question

Why don’t speculators invest up to the point that an asset’s price
rises (immediately), thus eliminating expected profit opportunities.
In the FX context, imagine St > Ft

Carry traders buy the foreign currency forward and get payoff St+1−Ft
Expected payoff (if exchange rates are a random walk) is St −Ft > 0
Why doesn’t Ft rise until expected profits disappear?



Price pressure

Price pressure: the price at which investors can buy or sell an asset
depends on the quantity they wish to transact.
Shleifer (1986) and Mitchell & Pulvino (2004) present evidence for
stocks.
Anecdotal evidence gathered from currency traders suggests that a
similar phenomenon occurs in FX markets: prices move against
individual traders when they place large orders.
Price pressure drives a wedge between marginal and average payoffs
to a trading strategy.
Observed average payoffs to a strategy can be positive while the
marginal trade is not profitable.



Price Pressure: A Single Trader
BER (2011)

A single risk-neutral trader.
Asset with value v + ε, where ε is random, mean zero.
Price at the beginning of the day: p0 = a

If a < v , optimal for trader to buy a positive quantity of the asset.

Trading takes place during the course of a day. At instant t during
the day the change in the price depends on the flow of orders, mt ,
submitted at that point in time:

ṗt = bmt , b > 0

Implies that it is optimal to split up an order of size x evenly in a
constant flow m = x/T (day has length T )
Total cost of the order:

∫ T
0 pt

x
T dt = ax + 1

2bx2.



Price Pressure: A Single Trader
Optimal order size

The total cost of the order:
∫ x

0 (a + bz)dz
The trader chooses x to maximize expected profits:

E (π) = vx −
∫ x

0
(a + bz)dz

The first-order condition for this problem implies that the optimal
value of x is

x∗ =
v −a

b
The price paid for the last unit of the asset: p∗ = v
The expected profit from the last unit of the asset purchased is zero,
but total expected profits are positive.
Logic can be extended to multiple traders.



Price pressure: What we don’t know

Price pressure has not been thoroughly tested empirically, although
there is some evidence that prices respond to order flow [Evans &
Lyons (2002), Berger et al. (2006)]
A convincing general equilibrium model in which price pressure is
important in FX markets, yet central bankers control short term
interest rates, has not been devised.



Conclusion

From the past 35 years of exchange rate data we can conclude that
standard textbook models of exchange rates are inadequate

UIP fails
Standard risk-based models fail

Good news for international economists (and PhD students!):
Numerous promising ideas have yet to be fully explored (and I’ve
mentioned only some here)

Standard theories have received much more empirical testing than
recent theoretical innovations
Models in which investor psychology and price pressure play a role have
not been fully developed in the dynamic general equilibrium context.
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