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ABSTRACT

We show that benchmark-linked convex incentives can lead risk-averse money managers

aware of mispricing to over-invest in overpriced securities. In the model, the managers’

risk-seeking behavior varies in response to the interaction of mispricing with convexity and

benchmarking concerns. Convexity effects can exacerbate the manager’s over-investment

in overvalued non-benchmark securities. In contrast, they potentially offset benchmarking

effects studied in the literature, leading to under-investment in overpriced benchmark secu-

rities. Under correlated mispricing across assets, our model rationalizes positive positions in

non-benchmark, negative-risk premium (i.e., “bubble”) securities and “pairs trading” in two

overvalued securities. Our findings help explain several empirical puzzles.
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1 Introduction

The role of institutional investors in enhancing financial markets efficiency has come under in-

creased scrutiny following recent episodes of severe—perceived—mispricing. Several empirical

studies document that mutual funds, and especially hedge funds, were heavily invested in tech-

nology stocks during the “tech bubble” of the late 1990s and early 2000s.1 The evidence seems

particularly puzzling in light of the high power of the convex incentives commonly adopted in

the asset management industry, which reward good performance but do not penalize (or do so to

a lesser extent) bad outcomes. Following a standard argument, such incentives should encourage

managers to trade more aggressively against mispricing.2 The argument should be more com-

pelling in the case of sophisticated investors such as hedge funds, which follow absolute-return

strategies and thus have no benchmarking concerns with respect to mispriced assets.3

In this paper, we tackle this puzzle within a dynamic trading model that considers convexity

and benchmarking features of the money managers’ incentives. In the model, sophisticated risk-

averse managers observe assets’ mispricing. Under standard incentives, they would generally

trade against it. However, under convex incentives their optimal trading can be substantially

different, as the managers’ risk-seeking behavior varies in response to the interaction of mis-

pricing with convexity and benchmarking concerns. Based on this interaction, we derive several

novel results. First, we are able to rationalize the empirically documented over-investment of

managers in overvalued assets that do not belong to their benchmark. In fact, we show that con-

vexity effects can more than offset the portfolio tilt toward benchmark assets found by previous

studies. Thus, our second result is that convex incentives can lead to aggressive trading against

overvalued asset that are included in the benchmark. Third, we show that in response to convex

incentives and their current relative performance managers might increase their allocation in

an asset as its overvaluation worsens. Fourth, we establish that a manager can optimally hold

1 See, e.g., Brunnermeier and Nagel (2004), Greenwood and Nagel (2009), and Griffin, Harris, Shu, and
Topaloglu (2011).

2 For an exposition of this argument and an empirical investigation of its validity, see Dass, Massa, and Patgiri
(2008).

3 Buffa, Vayanos, and Woolley (2014) rationalize asset managers’ excess demand for overpriced securities as
induced by endogenous benchmarking concerns.
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a “bubble”—i.e., negative-risk premium—asset.4 Fifth, accounting for correlated mispricing,

we rationalize empirically observed “pairs trading” in two overvalued assets, a strategy that

finances the purchase of a relatively less overvalued asset by selling short the more overvalued.5

Lastly, we show that in equilibrium the trading of the managers can exacerbate overvaluation

relative to the case of no convex incentives.

Convex incentives are ubiquitous in the money management industry. Among hedge funds,

convexity arises from their typical fee structure. This structure includes a flat management

fee plus a “bonus” performance fee—typically, several times larger than the management fee—

over profits in excess of a hurdle performance rate or a high-water mark. In the mutual fund

industry, implicit convexities in manager’s incentives can result from the asymmetric relation

between a fund’s performance relative to a benchmark, usually a market index, and its clients’

share purchases and redemptions. A further source of convexity in the incentives of mutual fund

managers is the prevalence of bonus payments in the end-of-year compensation packages.6

We explore the consequences of this type of incentives in a continuous-time frictionless secu-

rities market over a finite investment horizon. The general version of our model features multiple

risky assets and a risk-less asset. Risky assets are subject to mispricing, in the sense that their

observed prices can differ from fundamental value. Mispricing is temporary, as it converges

to zero by the end of the investment period. The resulting asset returns can be characterized

as the sum of a “fair”—i.e., fundamental—and an “abnormal”—the asset’s “alpha”—expected

returns. Whereas the fair return reflects compensation for exposure to systematic risk, alpha

is directly related to the extent of mispricing. We follow prior literature in characterizing al-

phas as possibly stochastic and mean reverting. If multiple assets are mispriced, alphas can be

correlated across assets. In this framework, we study the trading problem of a sophisticated

4 We follow the definition of “bubble” assets in DeMarzo, Kaniel, and Kremer (2008).
5 For an examination of pairs trading strategies see, e.g., Gatev, Goetzmann, and Rouwenhorst (2006).
6 The convexity in mutual funds’ implicit incentives has been documented by, e.g., Chevalier and Ellison (1997)

and Sirri and Tufano (1998). The convexity in their compensation packages is documented by Farnsworth and
Taylor (2006) and Ma, Tang, and Gomez (2015). Other forces in the mutual fund industry seem to attenuate this
convexity, though. Ibert, Kaniel, Nieuwerburgh, and Vestman (2017) find that the relation between manager’s
compensation and their funds’ assets under management is concave instead, and the sensitivity of their pay to
performance is weak.
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investor (a money manager) who observes both fundamentals and prices—hence, is aware of

the mispricing—and has convex incentives. The convexity follows from a “bonus” fee payment

contingent on outperforming a given benchmark (fixed-weight) portfolio of the assets.

Our first contribution is to characterize in closed form the optimal portfolio of the man-

ager under multi-asset risky mispricing. This is a technically challenging problem, as it entails

finding the solution to a dynamic optimization problem under both kinked incentives and a

stochastic—as implied by the risky feature of mispricing—investment opportunity set. To the

best of our knowledge, ours is the first analytical characterization of the optimal portfolio in

such an environment.7

The optimal portfolio consists of the “desired,” or normal portfolio that a manager with no

convex or benchmark-linked incentives would select, plus three additional components.8 The sum

of these components determines the manager’s over- or under-investment in each asset relative

to the case of standard incentives. The first component is a hedging demand against the added

absolute performance risk to which the manager is exposed by the sensitivity of incentives to

fund performance, and tilts the portfolio toward a more conservative position in the risky assets

than the normal policy. The second is a hedging demand against the relative performance risk

to which the manager is exposed when the compensation is benchmark adjusted, and consists

of a positive allocation to the benchmark portfolio. The third is a “risk-shifting” demand,

specific to convex incentives, that captures the manager’s risk-seeking (“gambling”) behavior to

finish ahead of the benchmark. This component assigns a large positive weight to assets that

are underrepresented in the benchmark relative to the normal portfolio, and a large negative

weight to assets that are overrepresented.9 Crucially, whether an asset in our setting is under- or

overrepresented in the benchmark depends not only on the benchmark’s (given) composition or

the manager’s risk aversion, but also on the level of mispricing. In particular, an asset’s weight in

the normal portfolio falls as its overpricing rises. Thus, for an overvalued non-benchmark asset,

7 For the type of kinked incentives in our framework, Basak and Makarov (2014) regard optimal dynamic
policies under a stochastic investment opportunity set as analytically intractable (see, e.g., their footnote 5).

8 From now on, we call “desired” the composition of the normal portfolio.
9 See Basak, Pavlova, and Shapiro (2007).
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the normal allocation can initially exceed the benchmark allocation (i.e., because the asset is

excluded from the benchmark), but fall below right after a large enough overvaluation shock.

The initially underrepresented asset becomes overrepresented in the benchmark after the shock,

and the manager’s gamble switches from a long to a short position in the asset.

Our second contribution is to show that convex incentives can lead a manager to adopt

opposite trading stances in an overvalued asset depending on whether it belongs or not to the

benchmark. This result can be illustrated in a single-risky asset (a “stock”) economy. If the

stock does not belong to the benchmark, the manager can optimally overweight it for low to

intermediate levels of overvaluation. The reason is that, as long as the overvaluation is not too

severe, the zero weight of the stock in the benchmark is too low relative to the manager’s normal

allocation. To outperform the benchmark, the manager bets on future scenarios of rising overval-

uation by aggressively increasing the allocation to the stock. For the same low-to-intermediate

overvaluation levels, an all-stock benchmark assigns, relative to the manager’s normal portfolio,

an excessively high weight to the stock. To outperform the benchmark, the manager bets on

future scenarios of declining overvaluation by aggressively reducing the allocation to the stock.

In this case, convexity effects can more than offset the tilt of the relative-performance hedging

demand toward an overvalued benchmark stock.

As a third contribution, we find that the interaction between incentive convexity and the

manager’s up-to-date relative performance gives rise to new trading patterns. For instance, a

manager can increase the allocation to a non-benchmark stock as its overpricing worsens, even

when the normal portfolio reduces it. Intuitively, a surge in overvaluation that improves the

relative performance of an underperforming manager can exacerbate her risk-seeking behavior.

When the stock is underrepresented in the benchmark relative to the normal portfolio, the

manager takes an even greater gamble on a future scenario of rising stock overvaluation. As a

result, she can end up overweighting the overvalued non-benchmark stock more than a standard

investor unaware of the overpricing.

These results can rationalize a number of “puzzles” regarding the trading strategy of so-

phisticated investors without recurring to behavioral arguments. The opposing effects of convex
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incentives on the manager’s portfolio depending on the benchmark can reconcile the seemingly

contradicting findings of recent empirical studies. For instance, Brunnermeier and Nagel (2004)

find that managers with convex incentives but no stock benchmark, such as hedge fund man-

agers, were heavily exposed to overpriced stocks during the tech bubble. By contrast, Massa

and Patgiri (2009) find that similar incentive convexity induced mutual fund managers, typically

benchmarked against a stock index, to trade aggressively against overvalued stocks during the

same period. The demand for an overvalued non-benchmark stock in response to the interaction

of convexity and up-to-date performance can explain the allocation of overpriced tech stocks in

hedge funds’ portfolios in excess of the market portfolio, as documented by Brunnermeier and

Nagel (2004).10

Our fourth contribution is to examine the effects of convex incentives under multi-asset

mispricing. With multiple risky assets, some or all of them can be mispriced or belong to

the benchmark, and mispricing can be stochastic and correlated across assets. Strikingly, we

find that under correlated mispricing a manager can optimally allocate a positive weight to a

non-benchmark, bubble asset, that the normal investor sells short. This result does not hold

in a single-asset market or in a multi-asset market with the constant investment opportunity

set of prior literature, where the risk-shifting demand always sells negative risk-premium, non-

benchmark assets, which the normal policy sells short. Under correlated mispricing, when the

manager can trade in two overvalued assets the effect arises from the combination of cross-asset

diversification (substitution) and convexity effects. As the relative overvaluation of one of the

assets (i.e., its overvaluation in excess of the other asset’s overvaluation) worsens, an investor

can reallocate money between the two assets (i.e., substitute the relatively less overvalued asset

for the more overvalued one) to exploit the relative mispricing while limiting portfolio exposure

to mispricing risk. Risk aversion can prevent a normal investor from taking advantage of the

relative mispricing aggressively, and the substitution effect just translates into changes in the

relative sizes of two short positions. However, the managers’ risk-shifting demand in response to

10 Our results are also consistent with evidence from the experimental work in Holmen, Kirchler, and Klein-
lercher (2014), who find that trading at inflated prices is rational for subjects with convex incentives.
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convex incentives can exacerbate this substitution effect to the point of inducing a long position

in the relatively less overvalued, possibly non-benchmark asset. The resulting strategy resembles

the long-short “pairs trading” popular among hedge funds.

Our findings under multi-asset mispricing help explain additional puzzles. First, Liu and

Timmermann (2013) characterize pairs trading strategies as suboptimal over short horizons for

a risk-averse investor with standard incentives. Our results rationalize the adoption of these

strategies in practice by risk-averse investor with convex incentives (e.g., hedge funds). Second,

our findings help explain the empirically documented net positive positions in bubble assets of

some institutional investors (Griffin, Harris, Shu, and Topaloglu (2011)) during the tech bubble.

Third, they help explain the over-investment in technology stocks during the same episode by

mutual fund managers benchmarked against non-tech stocks, as documented by Greenwood and

Nagel (2009).

Our fifth contribution is to examine the price impact of convex incentives in an equilibrium

setting. We show that managers with convex incentives can exacerbate overpricing even beyond

the levels prevailing in an economy entirely populated by uninformed investors that overestimate

fundamentals. More generally, we show that convex incentives exacerbate mispricing (both over-

and undervaluation) relative to the case in which convex incentives are absent.

From a methodological perspective, our paper is closest to the literature on money managers’

risk taking in response to non-standard incentives. We build on Basak, Pavlova, and Shapiro

(2007) and extend their analysis to a setup in which risky assets are subject to stochastic and

potentially correlated mispricing. Our equilibrium model is based on the setting of Cuoco and

Kaniel (2011). The manager’s investment in securities with negative risk premium in our model

extends results in Makarov and Plantin (2014) to a setting with risk-averse agents. In general

equilibrium models without convex incentives, Vayanos and Woolley (2013) and Buffa, Vayanos,

and Woolley (2014) find that money managers can push prices of benchmark stocks away from

fundamental value. Malamud and Petrov (2014) study the effects of convex incentives on price

informativeness and volatility under risk-neutrality.

Our paper also contributes to the theoretical literature on limits to arbitrage (Allen and
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Gorton (1993), Shleifer and Vishny (1997), Abreu and Brunnermeier (2003), Liu and Longstaff

(2004), Stein (2009), Sato (2009)). This literature relates a manager’s over-investment in over-

valued securities to issues of asymmetric information, share redemption or synchronization risks,

capital constraints or crowded trades. Our findings complement these explanations using only

the type of compensation arrangements observed in practice.

The paper is structured as follows. In Section 2 we derive the optimal trading of money

managers with convex incentives under mispricing in a single-risky asset market. We characterize

the managers’ optimal trading in multiple mispriced assets in Section 3. In Section 4 we examine

the price impact of these strategies in general equilibrium. We close the paper with some

conclusions in Section 5. We present all proofs in Appendix A, and discuss further aspects of

our model in Appendices B, C, as well as in an Internet Appendix.

2 Convex Incentives and Trading in a Mispriced Asset

2.1 Financial Markets

We consider a continuous-time frictionless securities market over a finite investment horizon

[0, T ]. The general specification of our model features n + 2 securities (n ≥ 0), consisting of

one risk-less asset and n+ 1 risky assets. Asset prices and fundamentals, as defined below, are

exogenously given. The risk-less asset pays a constant interest rate r per unit of time and is

fairly priced. The risky assets can be mispriced, meaning that their observed prices can differ

from fundamental value. For ease of exposition, we present the case of a single risky security

market in this section, and defer the general case of multiple risky securities to Section 3.

In the single risky security market, the risky asset (henceforth, the “stock”) has observed

price S and fundamental value F . Let rSt ≡ d log(St) and rFt ≡ d log(Ft) denote, respectively,

the growth in log stock price and fundamental value. We assume that the stock’s mean return

Et[r
S
t ]/dt consists of the “fair” (or “normal”) expected return r̃t ≡ Et[r

F
t ]/dt, and a possibly

non-zero “abnormal” expected return αt (the stock’s “alpha”). Letting the Brownian motion B
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be the source of risk in the economy, the (log) stock price and fundamental value follow:

rSt = (r̃t + αt)dt+ σtdBt, (1)

rFt = r̃tdt+ δdBt, (2)

for return volatility σt > 0, as specified below, and constant fundamental volatility δ > 0. The

fair mean rate of return in excess of the risk-free rate, r̃t+1/2σ2
t −r, is the compensation for the

stock’s exposure to (systematic) risk, γσ2
t , where γ > 0 reflects the average relative risk aversion

in the underlying economy. We denote µ̃t ≡ r+γσ2
t and µt ≡ µ̃t+αt, respectively, the resulting

fair and observed mean rates of returns on the stock.

In specifying the stock’s abnormal expected return, we build on the empirical findings of,

e.g., Poterba and Summers (1988) and Brennan and Wang (2010), to posit an autoregressive

process of order one, AR(1), for αt:
11

dαt = −2vtαtdt− σtvtdBt, (3)

dvt = −v2
t dt, (4)

for given initial values α0 and v0 ≥ 0. The specified dynamics (3) and (4) for αt, along with our

specification of σt below, allow for explicit solutions while ensuring realistic statistical properties

(e.g., alpha mean-reverting to zero for suitable choices of v0).

We assume that the volatility of abnormal expected returns magnifies the stock return volatil-

ity relative to fundamental volatility through:

σt = δ(1 + vtτ), (5)

where τ ≡ T − t is the time remaining to the end of the period. Following Dumas, Kurshev, and

11 The autoregressive structure of mispricing and, more generally, returns is also predicted by theoretical models
such as those of Madhavan and Smidt (1993), Wang (1993) and Johnson (2004). Note that, to ensure market
completeness, the same source of risk B drives the uncertainty in both (1) and (3), implying perfect correlation
between rS and dα. We relax this assumption in the multi-asset setup of Section 3.
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Uppal (2009), specification (5) can be interpreted as capturing “excessive” asset price volatility.

In our model, excess volatility is induced by the component vt of the volatility in abnormal

expected returns.12 Because this component affects abnormal expected returns but not funda-

mental value, we say that vt reflects mispricing risk.

Under these assumptions, we show in Appendix A the existence of a process F such that the

levels of stock price and fundamental value are related via:

St =Ft exp
(
− δαt

σt
τ
)
,

=Ft exp(OVt). (6)

According to Eq. (6), OVt ≡ −δαtτ/σt reflects the extent of stock mispricing, with OVt > 0

corresponding to stock overvaluation and OVt < 0 to undervaluation. The mispricing is tem-

porary, as prices converge to fundamental value no later than t = T (τ = 0).13 The extent of

over- or undervaluation OVt is proportional to the stock’s “appraisal ratio” αt/σt. Holding δ,

σt and τ constant, stock overpricing OVt > 0 (underpricing OVt < 0) necessarily translates, as

argued by Johnson (2004), into a negative (positive) abnormal expected return αt. Conversely,

a negative (respectively, positive) abnormal expected return αt implies stock overvaluation (un-

dervaluation), OV > 0 (OV < 0), whereas a zero αt means that the stock is fairly priced

(OV = 0).

We note that whether mispricing in the model is stochastic (risky) or deterministic (risk-

less) depends on v0. If v0 = 0, the stock’s alpha is constant at αt = α0 for all t in [0, T ], and

mispricing OVt converges deterministically to zero at T . If, on the other hand, v0 > 0, the

stock’s alpha mean-reverts to zero following a stochastic path to convergence. We assume that

mispricing is risky (v0 > 0) throughout, relegating the analysis of risk-less mispricing to Internet

Appendix A.

12 In this sense, our analysis can also be thought of as characterizing the optimal portfolio under convex
incentives and excess volatility. We thank a referee for this observation.

13 The main implications of the model remain unaltered when we assume instead that final convergence takes
place at some later T ∗ > T , such that ST∗ = FT∗ .
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2.2 The Money Manager’s Problem

The money manager receives an end-of-period compensation WM
T , which is the product of a fee

rate f and the value at T of the fund’s assets under management (AUM) WT .14 The manager

dynamically chooses the time-t fraction φt of Wt that is allocated to the stock. Given W0 = w0,

the value of the portfolio (AUM) follows:

dWt = (r + φt(µt − r))Wtdt+ φtσtWtdBt. (7)

The compensation fee fT is a function of the manager’s performance relative to a benchmark

index Y (henceforth just “benchmark”). For initial value Y0 = y0, the benchmark is the value

of a portfolio investing a fixed fraction φY ∈ [0, 1] in the stock and the rest in the risk-free asset:

dYt =
(
r + φY (µt − r)

)
Ytdt+ φY σtYtdBt. (8)

The fee rate fT is specified as the following 2-piece function:

fT = k

(
RT

ζ̄RYT

)ψ1

1{RT<ζ̄RYT } + k

(
RT

ζ̄RYT

)ψ2

1{RT≥ζ̄RYT }, (9)

where k, ζ̄ > 0, 0 ≤ ψ1 ≤ ψ2, RT ≡WT /W0, and RYT ≡ YT /Y0. Specification (9) generalizes the

flow-performance function in Basak and Makarov (2014), and is similar to the incentive function

in Kaniel and Kondor (2013).

The fee rate (9) is positive and (weakly) increasing in the manager’s relative performance

RT /R
Y
T . Let ζ ≡ ζ̄W0/Y0 denote the (normalized) performance threshold, andR1 ≡

{
RT < ζ̄RYT

}
=

{WT < ζYT } and R2 ≡
{
RT ≥ ζ̄RYT

}
= {WT ≥ ζYT } denote, respectively, the end-of-period un-

derperformance and outperformance regions. If the performance sensitivity ψ1 in R1 is smaller

than the slope ψ2 inR2, the relationship is asymmetric and presents a convex kink at RT = ζ̄RYT .

In practice, managers face kinked incentives when their compensation includes bonus payments

14 In the spirit of, e.g., Basak and Makarov (2014) we take the compensation contract as given. For an
equilibrium model endogenizing the amount of AUM, or the contract between institutions and their investors, see
Vayanos and Woolley (2013) and Buffa, Vayanos, and Woolley (2014).
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for relatively good performance (see references in the Introduction). The compensation function

can be symmetric, yet convex at RT = ζ̄RYT , also if 1 < ψ1 = ψ2. To fix the terminology, we

refer only to kinked fee schedules as “convex.”15

The fee function (9) is general enough to capture the incentives of different financial interme-

diaries such as hedge funds (HF) and mutual funds (MF). Hedge funds typically follow so-called

“absolute return” strategies, whereby incentive fees depend on performance against a money

market rate such as 3-month LIBOR (i.e., φY = 0) plus a spread. By contrast, mutual funds

typically follow so-called “relative return” strategies, whereby their performance is benchmarked

against a broad stock market index (e.g., φY = 1). In Appendix B we discuss how (9) can be

calibrated to the typical incentives of HF or MF managers.16 In Section 2.4 we compare the

optimal responses of HF and MF managers to their respective incentives to rationalize existing

evidence on their trading.

The manager has constant relative risk aversion (CRRA) preferences with relative risk aver-

sion (RRA) coefficient γ > 1, and maximizes expected utility from final wealth.17 Managers

choose the fraction φ̂t of AUM Wt allocated to the stock to maximize:

E0

[
(WM

T )1−γ

1− γ

]
, (10)

subject to initial assets under management w0 and the self-financing constraint (7).

2.3 Optimal Investment Strategy

Markets are complete in this economy (one risky asset S driven by one Brownian motion B).

Absence of arbitrage opportunities requires the existence of a unique market price of risk η =

15 Likewise, fT could be concave at any other point RT 6= ζ̄RYT (e.g., if 0 ≤ ψi < 1, i ∈ {1, 2}) yet we refer to
it as convex as long as ψ1 < ψ2. We thank a referee for this observation. Arguably, the case 0 ≤ ψ1 < ψ2 is a
better representation than the case 1 < ψ1 = ψ2 of the type of bonus packages prevalent in the financial industry,
which trigger bonus payments only if a certain performance goal is achieved. We nevertheless compare these two
cases in Appendix C.

16 For simplicity of exposition, we assume ψ1 = 0 in most of our analysis. However, we allow for ψ1 > 0 in our
analysis of benchmarking versus incentive convexity of Appendix C.

17 The assumption implies that the manager’s coefficient of relative risk aversion equals the “aggregate” risk
aversion reflected in asset prices, as introduced in Section 2.1.
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σ−1(µ−r). Since µ = µ̃+α, η consists of the sum of the market price of risk under no mispricing,

η̃t ≡ σ−1
t (µ̃t − r), plus the appraisal ratio κt ≡ σ−1

t αt:

ηt = η̃t + κt.

The manager then sees financial markets as driven by a unique state-price deflator (SPD)

πt = exp

{
−rt− 1

2

∫ t

0
η2
sds−

∫ t

0
ηsdBs

}
. (11)

2.3.1 Benchmark Case: Investment Policy without Convex Incentives

To assess the effects of convex incentives on the manager’s trading strategy, we first examine the

investment policy of a standard investor with no convex incentives (ψ1 = ψ2 = 0). Following

Basak, Pavlova, and Shapiro (2007), we refer to this as the normal policy. We denote φNt the

time-t portfolio weight in the stock for a normal investor. Sotes-Paladino (2017) characterizes

φNt as:

φNt =
1

1+vtτ/γ
1+vtτ

ηt
γσt

=
1

1+vtτ/γ
1+vtτ

µ̃t − r + αt
γσ2

t

. (12)

The normal policy (12) is consistent with the commonly expected behavior of a sophisticated

risk-averse trader who detects and trades against the asset mispricing. Relative to the case of

no mispricing (αt = 0 in Eq. (12)), the normal portfolio underweights the stock when it is

overvalued (αt < 0) and overweights it when it is undervalued (αt > 0). The overweighting

or underweighting increase with the magnitude of the mispricing |αt|. For severe levels of

overpricing, akin to a negative risk premium (−αt < µ̃t − r), the normal policy sells the stock

short (φNt < 0). In the next subsection we contrast this with the behavior of a sophisticated

trader with convex incentives—the money manager.
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2.3.2 The Investment Policy of the Money Manager

Compared to standard incentives, performance-sensitive incentives increase the effective relative

risk aversion from γ—the intrinsic relative risk aversion—to γi ≡ γ + ψi(γ − 1) > γ, depend-

ing on performance with respect to the benchmark.18 Under performance-sensitive and convex

incentives (ψ1 < ψ2), effective relative risk aversion increases more in the outperformance re-

gion R2 than in the underperformance region R1. Based on this interaction between relative

performance and risk aversion, we characterize the manager’s optimal trading strategy in the

following:

Proposition 1. For t ∈ [0, T ], the manager’s time-t optimal holding of the stock φ̂t is:

φ̂t =φNt −

[
2∑
i=1

Ŵi,t

Ŵt

1− γ/γi
1 + vt/γiτ

]
φNt +

[
2∑
i=1

Ŵi,t

Ŵt

(
1− γ

γi

)]
φY +

2∑
i=1

Ŵi,t

Ŵt

Φi(t, φ
N
t − φY )

Πi,t
(13)

and optimal assets under management are Ŵt = Ŵ1,t + Ŵ2,t, where for i = 1, 2, Ŵi,t ≡

π−1
t Et[πT Ŵi,T ] is characterized in Appendix A,

Φi(t, φ
N
t − φY ) ≡ (−1)i−1

σt
√
τ

√
1 + vtτ

1 + vt
γi
τ

(
n(di,t)− n(di,t)

)
, (14)

di,t ≡ γ
√

1+vtτ
1+

vt
γi
τ

1+
vt
γ
τ

vt
√
τ
δ
(
φNγ,t − φY

)
−
√

1+
vt
γi
τ

vtτ
Γ, di,t ≡ di,t + 2

√
1+

vt
γi
τ

vtτ
Γ, (15)

Π1,t ≡ N(d1,t) + 1−N(d1,t), Π2,t ≡ N(d2,t)−N(d2,t), N(·) is the standard normal cumulative

distribution function, n(·) is the standard normal density function, λM > 0 solves Ŵ0 = w0, and

Γ ≥ 0 is given in Appendix A.

Proposition 1 shows that the optimal investment strategy of the manager has four compo-

nents: the normal policy and three additional terms that capture deviations from it, denoted as

APHt ≡ −
∑2

i=1[Ŵi,t/Ŵt(1− γ/γi)/(1 + vt/γiτ)]φNt , RPHt ≡
∑2

i=1[Ŵi,t/Ŵt(1− γ/γi)]φY and

RSDt ≡
∑2

i=1 Ŵi,t/ŴtΦi(t, φ
N
t − φY )/Πi,t. We next describe each of these terms.

18 This effect is identified in Basak and Makarov (2014). Intuitively, for ψi > 0, variations in before-fee AUM are
magnified on an after-fee basis by the fee rate k (WT /ζYT )ψi . Therefore, the manager’s compensation fluctuates
more in response to the same change in before-fees AUM than under standard incentives, raising the manager’s
effective risk aversion over her intrinsic risk aversion.
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APH stands for absolute performance hedge. It responds to the increase in effective risk

aversion induced by the sensitivity of the manager’s incentives to the fund performance, and

tilts the portfolio toward a more conservative position in the stock than the normal policy.19

Indeed, the manager’s payoff WM
T = fTWT displays a higher sensitivity to absolute performance

RT than the payoff of an identical normal investor. This implies that, compared to the normal

investor, the manager is overexposed to absolute performance risk. To hedge this risk, she

reduces the normal allocation to the stock via the “contrarian” APH demand. The magnitude

of APH rises with the performance sensitivity of incentives ψ1, ψ2 and hence, when incentives

are convex (ψ1 < ψ2), is larger (in absolute value) for outperforming managers. This demand

is independent of the benchmark—therefore similar for different types of managers (e.g., MF

and HF managers)—and varies with the level of mispricing in the opposite direction from the

normal policy.

RPH is the relative performance hedge. Accounting for the risk that the manager faces

when deviating from the benchmark, RPH is a positive allocation to the benchmark portfolio.20

Specifically, the manager’s incentives fT induce negative sensitivity of compensation WM
T to the

performance RYT of the benchmark, whereby an increase in RYT reduces WM
T . The manager

hedges this relative performance risk by increasing, compared to an otherwise identical investor

with no benchmark concerns—i.e., the normal investor, the allocation to the benchmark. Like

APH, this “benchmarking effect” intensifies with the performance sensitivity ψ1, ψ2, implying,

when incentives are convex, a larger RPH demand for outperforming managers. Unlike APH,

this demand is benchmark specific—it varies across managers according to their benchmarks—

and is unaffected by the stock mispricing.

Finally, RSD is the risk-shifting demand. It reflects the manager’s risk-seeking (“gambling”)

behavior to finish ahead of the benchmark in response to convex and benchmark-linked incen-

tives, as first studied by Basak, Pavlova, and Shapiro (2007). Intuitively, RSD can represent

19 By definition, 0 ≤ Ŵi,t ≤ Ŵt, 0 ≤ γ ≤ γi, and vtτ ≥ 0. Hence, the second term on the right-hand side of
Eq. (13) has the opposite sign of φNt and a smaller absolute value.

20 From footnote 19, the coefficient multiplying φY in the third term of the right-hand side of Eq. (13) is positive
and less than one in absolute value.
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a large long position in the stock whenever it has a lower weight in the benchmark than in

the manager’s desired portfolio—the normal policy (i.e., the stock is underrepresented in the

benchmark), and a large short position otherwise (the stock is overrepresented in the bench-

mark). In our model, in contrast to Basak, Pavlova, and Shapiro (2007), even for the same

benchmark and managerial risk aversion, this demand can adopt both long and short positions

in the stock at different mispricing levels. The reason is that the manager’s desired allocation to

the stock, but not the benchmark allocation, varies with the level of mispricing.21 In particular,

it can exceed the benchmark allocation (e.g., if the stock is excluded from the benchmark) for

a given initial stock overvaluation but fall below right after a large enough overvaluation shock.

Accordingly, the manager’s gamble will switch from a long to a short position in the stock. We

argue below that, at certain overvaluation levels, this gambling motive can drive the manager’s

over-investment in the stock, or adopt opposite signs depending on whether the stock belongs

or not to the benchmark.

2.4 The Money Manager’s Trading Under Mispricing

Under stochastic mispricing, fluctuations in the stock over- or undervaluation over the investment

period affect not only the available investment opportunities but also the manager’s standing

relative to the benchmark. As argued above, relative performance affects the manager’s effective

risk aversion and, as a result, also the APH, RPH and RSD demands. In this subsection,

we analyze the manager’s investment by distinguishing between the effects of mispricing and

relative performance on the optimal portfolio. To do so, we first examine the manager’s trading

as of the start of the period (t = 0), when relative performance is given. We then study how

the dynamic interplay between the two channels determines the optimal trading at an interim

period (0 < t < T ).

In both cases, we focus our analyses on two popular benchmarks in the money management

industry; namely, a risk-free portfolio (φY = 0) and an all-stock portfolio (φY = 1). Following

21 This can be seen from Eq. (15), where the thresholds di,t and di,t that determine RSD depend on the sign

and magnitude of the difference φNt − φY , which in turn depends on the stock’s abnormal expected return αt
through Eq. (12).
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our discussion in Section 2.2 (and Appendix B), we associate the risk-less benchmark φY = 0

with hedge funds (HF) and the risky benchmark φY = 1 with mutual funds (MF).

2.4.1 Initial Holdings of a Mispriced Stock

Figure 1 illustrates how, in the presence of mispricing, convex incentives lead money managers

to deviate from the normal policy. In panel 1(a) we plot the initial weight of the stock in the

money managers’ and normal portfolios for different overvaluation scenarios. We decompose the

managers’ excess investment in the stock relative to the normal policy into its APH, RPH and

RSD components in panels 1(b) and 1(c).22 Panel 1(a) shows that the managers’ policies across

overvaluation scenarios are not uniform, as they do not unambiguously trade more aggressively

against mispricing than the normal policy. On the contrary, their initial excess positions in the

overvalued stock are non-linear functions of the severity of the mispricing.

The managers’ trading against mispricing differs substantially depending on whether the

stock belongs to the benchmark (MF) or not (HF). As previously explained, the APH demand

does not vary between the HF and the MF managers of Panels 1(b) and 1(c). Thus, the different

stances of the HF and MF managers against mispricing must arise from the relative performance

or the risk-shifting considerations captured, respectively, by the RPH and RSD demands. Prior

studies have shown that the first channel—relative performance concerns—can generate excessive

investment in a benchmark (Basak and Pavlova (2013)), even if it is overvalued (Buffa, Vayanos,

and Woolley (2014)). In Fig. 1, the RPH demand differs between Panel 1(b) and Panel 1(c)

depending on the managers’ benchmarks. In line with these studies the benchmarking demand

RPH is positive and large for the MF manager at all levels of mispricing, whereas it is zero for

the HF manager.

More surprisingly, the convexity effects embedded in the risk-shifting demand RSD can

induce very different bets against mispricing depending on a manager’s benchmark. Indeed,

whereas the HF and MF managers of Panels 1(b) and 1(c) engage in risk shifting by taking

22 In the Figure, the performance sensitivity parameters of both hedge and mutual funds are calibrated to
the convexity of incentives in the hedge fund industry, as detailed in Appendix B.1. Market and risk aversion
parameters are typical and in line with prior literature (e.g., Brennan and Xia (2001)).
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Figure 1: Initial Portfolio Weight in a Mispriced Stock

In panel 1(a) the solid blue, dashed red and dash-and-dot black lines represent the initial portfolio weights
in the stock for different levels of initial overvaluation OV0 of, respectively, a hedge fund (HF) manager, a
mutual fund (MF) manager, and a normal investor. In panels 1(b) and 1(c) the solid blue, dashed red and
dash-and-dot black lines represent, respectively, the RSD, APH and RPH components of the optimal
initial portfolios of the HF (panel 1(b)) and the MF (panel 1(c)) managers of panel 1(a). Parameter
values are: ψ1 = 0, ψ2 = 5, ζ̄ = 1, γ = 5, T = 1, r = 1.5%, δ = .129, v0 = 0.15.

aggressive bets against both undervaluation and severe overvaluation, their RSD demands have

opposite signs at intermediate overvaluation levels.23 In particular, RSD is positive for the HF

23 Throughout, we describe the severity of mispricing (e.g., “high overvaluation”) by comparison with the
assumed mispricing parameters. In this section, we assume an instantaneous annualized volatility of changes in
overvaluation OV0 of approximately 2%. Thus, an overvaluation level of 9% can be considered “high” as long
as it is several standard deviations above the expected initial mispricing. This would be the case, for example, if
the expected initial overvaluation in the economy were 0%, in which case an observed value of 9% would be 4.5
standard deviations above the expectation.
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manager but negative for the MF manager. As observed in Fig. 1(a), the effect can lead the HF

manager to overinvest in the overvalued, non-benchmark stock. Equally strikingly, it can also,

along with a negative APH demand, more than offset benchmarking effects and lead the MF

manager to underinvest in the same overvalued stock when it belongs to the benchmark.

This result can be understood as follows. As argued above, the direction of the manager’s

gamble depends on the allocation of the stock in the manager’s desired—normal—portfolio rel-

ative to its allocation in the benchmark portfolio. Following the intuition in Basak, Pavlova,

and Shapiro (2007), whenever the normal portfolio weight in the stock exceeds the benchmark’s

(φNt > φY , i.e., the stock is underrepresented in the benchmark), the manager gambles on out-

performing in future scenarios of rising overvaluation by aggressively increasing the allocation to

the stock. In our model, unlike in Basak, Pavlova, and Shapiro (2007), a rising overvaluation will

not only improve the manager’s relative standing but will also reduce the stock weight in the nor-

mal portfolio, eventually pushing it below the benchmark weight (φNt < φY ). When this occurs,

the manager switches to gambling on outperforming in future scenarios of declining overvalua-

tion by aggressively decreasing the weight in the stock instead. Clearly, the level of overpricing

necessary to trigger this change decreases with the stock weight in the benchmark portfolio. In

particular, for the same intermediate overvaluation levels, the stock can be underrepresented in

a no-stock benchmark (φY = 0) and simultaneously overrepresented in an all-stock benchmark

(φY = 1). The respective managers’ risk-shifting demands will take opposite signs and lead to

the contrasting trading stances of Fig. 1(a).

Thus, accounting for the interaction of convexity and benchmarking effects in the incentives

of managers leads to two surprising patterns in their holdings of a mispriced stock. First, a

manager with no stock-related performance concerns might optimally overweight a mispriced

stock, relative to the normal policy, for a wide range of overvaluation. Second, and conversely,

similar convex incentives can lead a manager with performance concerns relative to an overvalued

stock (the MF manager) to aggressively underweight it for the same overvaluation levels.

These results can reconcile the apparently conflicting findings of recent empirical studies.

On the one hand, Brunnermeier and Nagel (2004) report that many HF managers were heavily
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exposed to overpriced stocks during the so-called “tech bubble” of the late 1990s. On the

other hand, Massa and Patgiri (2009) hypothesize and empirically verify that, among U.S.

mutual fund managers, higher convexity in incentives led to more aggressive trading against

stock overvaluation during the same episode. Since in practice HF managers typically face

incentives with higher convexity than MF managers,24 the former finding seems inconsistent

with the finding of Massa and Patgiri (2009). The conflicting evidence is consistent, however,

with the opposing effects of convex incentives on the trading of the HF and MF managers in

our model. Ignoring the convexity in incentives, benchmarking considerations alone are unlikely

to explain the same findings. First, benchmarking effects cannot account for the behavior

of HF managers, who follow absolute-returns strategies and thus faced no explicit performance

concerns relative to bubble stocks. Second, for MF managers who faced this type of performance

concerns, benchmarking models predict overinvestment, rather than underinvestment as Massa

and Patgiri (2009) find, in benchmark stocks.

For very high levels of overvaluation, fee incentives can still induce over-investment in the

stock through the exacerbation of absolute performance concerns. Indeed, Figs. 1(b) and 1(c)

show that APH can turn positive and large for severe levels of overvaluation. The effect arises

because, in these circumstances, the normal position is short and its magnitude increasing in the

severity of the mispricing. The contrarian demand APH is then positive and can induce an over-

investment in the stock for these levels of overvaluation. Because, as mentioned above, APH is

unrelated to benchmarking effects, it affects both types of managers equally. Therefore, it can

lead to over-investment in the stock regardless of whether it belongs or not to the benchmark.

2.4.2 Interim Trading in a Mispriced Stock

The previous section illustrates the static response of a money manager to different levels of

stock mispricing. Throughout the investment period, past values of stock mispricing affect the

current value of the fund and benchmark portfolios, and hence the fund’s relative performance.

24 In the U.S, mutual funds are forbidden to charge asymmetric performance fees that reward outperformance
but do not penalize underperformance. By contrast, this type of fees is commonplace among hedge funds (see
Appendix B).
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We next study how the interaction between current mispricing and fund relative performance

impacts the manager’s interim (0 < t < T ) trading. To do so, we take advantage of a novel

feature of our setting, namely the flexibility to accommodate non-zero correlation between the

two variables.25
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Figure 2: Managers’ Interim Investment in a Mispriced Stock

This figure plots managers’ and normal investments in the stock at different mispricing states OVt, for
t = 0.5T . Panel 2(a) illustrates the case of a hedge fund (HF) manager, while Panel 2(b) illustrates the
case of a mutual fund (MF) manager subject to convex incentives. The top row across the two panels

plots the manager’s overall allocation φ̂t (solid blue line), the normal allocation φNt (dash-and-dot black

line), and the manager’s over-investment φ̂t−φNt (shaded gray area) in the stock. The bottom row across
the two panels plots the RSDt (solid blue line), APHt (dashed red line) and RPHt (dash-and-dot black
line) allocations, along with the manager’s relative performance (Ŵt − ζYT )/(ζYT ) (shaded gray area).
The figure assumes an initial overvaluation OV0 of 4%. Parameter values are as in Figure 1.

Figure 2 illustrates the managers’ optimal investment policies at t = 0.5T , as characterized

25 In a single-risky asset setup, the time-t correlation coefficient between changes in the manager’s relative
performance, X̂t ≡ R̂t/(ζ̄RYt ), and changes in overvaluation, OVt, is: corrt(dX̂t/X̂t, dOVt) = (φ̂t−φY )/|φ̂t−φY |.
Hence, corrt(dX̂t/X̂t, dOVt) is state dependent and equals either -1 or 1, depending on whether the manager’s
portfolio at a particular state under- or overweights the stock relative to the benchmark. Unconditionally, however,
this correlation is not perfect. In Section 3 we extend our analysis to more general values of the conditional
correlation between these two variables.

20



by Proposition 1, as a function of the time-t stock mispricing OVt. For comparison purposes,

the plots correspond to the HF and MF managers of Figure 1, identical except for the type of

benchmark. To best highlight the associated implications, the figure assumes an initial scenario

of relatively high stock overvaluation.26 Similarly to their initial positions, the managers’ interim

portfolios can substantially deviate from the normal policy (as illustrated by shaded area in the

top two figures) for different overvaluation levels. However, these levels are now associated with

different interim fund excess returns. Under convex incentives, changes in overvaluation that

improve the managers’ relative standing increase the APHt and RPHt demands, as absolute and

relative performance concerns intensify in the outperformance region. Hence, the interaction of

mispricing and relative performance (depicted by the shaded area in the bottom two figures)

leads to highly non-linear patterns in these demands.27 Along with the shifts in the gambling

demand RSDt, these effects give rise to several novel features.

First, a manager with no relative performance concerns with respect to an overvalued stock

(e.g., the HF manager of Panel 2(a)) can increase the allocation to the stock as overpricing

worsens, even when the normal portfolio reduces it. This is the case of the HF manager of Fig. 2

in the initial phases of overvaluation. According to Fig. 2(a), this behavior is driven exclusively

by the gambling demand RSDt, which invests an increasingly higher fraction of wealth in the

stock as the manager seeks to catch up with the risk-free benchmark. Indeed, a surge in over-

valuation that improves the relative performance of an underperforming manager exacerbates

her risk seeking behavior. When the stock is underrepresented in the benchmark relative to the

normal portfolio, the manager takes an even greater gamble on a future scenario of rising stock

overvaluation. This demand more than offsets the negative and decreasing APHt demand over

26 Specifically, the plots correspond to an initial stock overvaluation OV0 of 4% corresponding, given the
parameter values we use in this Section (see footnote 23), to two standard deviations above 0%. In this scenario,
the HF manager of Fig. 1 initially overweights the stock by 3.8% whereas the MF manager underweights it by
21.4%.

27 Although the extent of overvaluation is perfectly (negatively) correlated with the stock return in the single-
asset setup of this section (this is in general not true under the multi-asset setting of Section 3), the relative
performance of a manager displays a non-monotonic relation with the extent of mispricing. Indeed, relative
performance first rises with OVt, and then falls when OVt increases to very high levels in the bottom figures of
Panels 2(a) and 2(b). This pattern stands in contrast with prior settings with a constant investment opportunity
set (e.g., Basak, Pavlova, and Shapiro (2007)), in which relative performance maps one-to one onto (and is
perfectly correlated with) the stock return.

21



the same overvaluation range. The result is consistent with the “positive-feedback” trading of

many hedge funds during certain phases of the tech bubble documented by Brunnermeier and

Nagel (2004). Fig. 2(b) shows that, in stark contrast, the same effect can lead a manager with

relative performance concerns (i.e., the MF manager) to sell an overvalued stock with positive

risk premium, to which the normal policy allocates a positive weight.

Second, some deviations from the standard policy are exacerbated over the investment period.

For instance, a manager whose benchmark excludes the stock (the HF manager) can overweight

it more than an investor oblivious to the asset overpricing, who allocates a fixed weight φ = 1

to the stock.28 From the bottom figure in Panel 2(a), it is evident that this behavior responds

to the hump in the manager’s gambling demand RSDt in a neighborhood of the performance

hurdle ζYt = ζY0 exp(rt). This effect could explain the weight of highly overpriced technology

stocks, larger in the portfolio of hedge funds than in the market portfolio, as documented by

Brunnermeier and Nagel (2004).

Third, increases in overvaluation that lead to outperformance induce the HF manager to

also increase the APHt demand, as shown in Fig. 2(a). This effect significantly curbs overall

selling of the stock relative to the normal policy for a range of severe overvaluation levels, despite

the absence of short-sale restrictions in the model. This result agrees with the decline in short

interest in NASDAQ stocks during the tech bubble documented by Lamont and Stein (2004),

at a time when short-sale constraints on most tech stocks were unlikely to bind. As we show

in the Internet Appendix C, these incentive-based limits to short-selling can hamper the role of

sophisticated investors in stabilizing the stock market in the same fashion that explicit short-sale

constraints limit pessimistic investors’ trading against overvaluation in models of disagreement

(see, e.g., Hong and Stein (2007)).

28 This investor’s portfolio corresponds to α = v0 ≡ 0 in (12) and, given the assumption µ̃t−r = γσ2
t , represents

an all-stock portfolio.
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3 Multiple Assets and Abnormal Returns

So far, we have presented results for the case of a single-risky asset. In this setting, the stock

performs multiple functions; namely, it (i) captures the extent of mispricing, (ii) conveys the

state of nature, and (iii) represents the total risk exposure of an investor as well as the only

available risk premium in the economy.29 To disentangle the effects of these different dimensions

on the trading of the manager, in this section we solve for the optimal portfolio of a manager

who invests in multiple risky assets. Each asset is potentially subject to stochastic mispricing

and, in general, does not fully summarize the state of the economy. In addition, mispriced assets

might feature either independent or correlated abnormal expected returns, which in turn might

exhibit zero, positive or negative correlation with other assets’ observed returns.

3.1 Multi-Asset Financial Markets

Our framework follows Sotes-Paladino (2017), who generalizes the single-security market of

Section 2.1 to an arbitrary number of securities. Specifically, we now assume n + 1 ≥ 2 risky

assets with prices Si and fundamental values Fi, for i = 0, 1, . . . , n. Let rSi,t ≡ d log(Si,t) and

rFi,t ≡ d log(Fi,t) denote, respectively, the growth in log stock price and fundamental value of

asset i. The asset’s mean return Et[r
S
i,t]/dt is the sum of the “fair” (or “normal”) expected

return r̃i,t ≡ Et[r
F
i,t]/dt, and a possibly nonzero “abnormal” expected return αi,t (the asset’s

“alpha”). Letting the vector of Brownian motion processes B = (B0, B1, . . . , Bn)′ summarize

the n+ 1 sources of risk in the economy, the (log) stock prices and fundamental values follow:30

rSi,t = (r̃i,t + αi,t)dt+ σi,tdBt, (16)

rFi,t = r̃i,tdt+ δidBt, (17)

for the (row) vector of return volatility processes σi,t ≡ (σi0,t, σi1,t, . . . , σin,t), as specified below,

and the (row) vector of constant fundamental volatility δi = (δi0, δi1, . . . , δin). We denote Σt =

29 We thank a referee for this observation.
30 Henceforth, ai and aj denote, respectively, the i-th row and the j-th column of the matrix A. I[X] denotes

the diagonal matrix with vector X in the diagonal.
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(σ0,t, σ1,t, . . . , σn,t)
′ and ∆ = (δ0, δ1, . . . , δn)′ the return and fundamental volatility matrices,

which we assume are non-singular.

Following the empirical and theoretical literature (see references in Section 2.1), we let mis-

pricing be stochastic. Given the initial vector α0 = (α0,0, α1,0, . . . , αn,0, )
′ and a symmetric

positive semi-definite matrix V0, the vector of abnormal expected returns αt follows a vector

autoregressive process of order one, VAR(1):

dαt = −2∆Vt∆
−1αtdt− ΣtVtdBt, (18)

dVt = −V 2
t dt, (19)

Under appropriate choice of the matrix 2∆Vt∆
−1 (e.g., diagonal with elements in the unit

interval [0, 1)), (18) represents asset alphas that mean revert to zero over time. The matrix of

alpha volatility ΣtVt reflects total return volatility Σt, as well as the mispricing risk Vt that

magnifies Σt relative to fundamental volatility ∆:

Σt = ∆(I + τVt). (20)

Under these assumptions, we show in Appendix A the existence of a vector process F such that

the levels of asset prices and fundamental values are related via:

Si,t =Fi,t exp
(
− δiΣ−1

t αtτ
)
,

=Fi,t exp(OVi,t), (21)

where OVi,t ≡ −δiΣ−1
t αtτ now represents the extent of asset overvaluation (OVi,t > 0) or

undervaluation (OVi,t < 0) of asset i = 0, 1, . . . , n. A negative (respectively, positive) alpha for

asset i maps one-to-one onto overvaluation (undervaluation) OVi of asset i under appropriate

parameterizations of ∆ and Σt. In addition, the extent of over- or undervaluation is proportional

to the “multivariate appraisal ratio” Σ−1
t αt, and converges to zero no later than t = T . Eqs.

(16), (17) and (21) imply that, for initial value OVi,0 = −δiΣ−1
0 α0T , the alpha of asset i also
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determines its expected overvaluation dynamics Et[dOVi,t] over the next instant dt:31

dOVi,t = rSi,t − rFi,t = αi,tdt+ τδiVtdBt. (22)

In principle, under multiple sources of risk, a manager’s trading might depend on whether the

asset’s returns, or its mispricing, are subject to systematic or idiosyncratic risks. To examine this

issue, and without loss of generality, we let B0 be a source of systematic risk and B1, . . . , Bn be

n sources of idiosyncratic risk. We further identify asset i = 0 with a well-diversified, “market”

portfolio, such that its fundamental value F0 and abnormal expected return α0 are subject to

systematic risk only.32 We let the fundamental value Fi and abnormal expected returns αi of the

remaining n risky assets i = 1, . . . , n be potentially subject to both systematic and idiosyncratic

risks. Under these assumptions, each asset’s mean fair rate of return in excess of the risk-free

rate, r̃i,t+1/2σi,tσ
′
i,t−r, is the compensation for the asset’s exposure to systematic risk, γσ0,tσ

′
i,t.

We denote µ̃i,t = r + γσ0,tσ
′
i,t and µi,t ≡ µ̃i,t + αi,t, respectively, the resulting fair and observed

mean rates of return on the asset.

3.2 Optimal Investment Strategy with Multiple Assets

Markets completeness (n+1 risky asset prices S driven by n+1 independent Brownian motions

B), along with no arbitrage, imply that the manager sees financial markets as driven by a unique

state-price deflator (SPD)

πt = exp

{
−rt− 1

2

∫ t

0
‖ηs‖2ds−

∫ t

0
η′sdBs

}
, (23)

31 Note that, for τ > 0, Vt = 0n+1 (where 0n+1 is the (n + 1) × (n + 1) zero matrix) implies no random
fluctuations in OVt = (OV0,t, OV1,t, . . . , OVn,t)

′. In this sense, the matrix Vt reflects pure “mispricing risk.”
32 Letting α0 differ from zero allows for pricing errors in the market portfolio. This assumption is in line with

Dumas, Kurshev, and Uppal (2009) and Brennan and Wang (2010), and generalizes the continuing cointegrated
price framework in Liu and Timmermann (2013), who assume zero mispricing for the market portfolio.
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where η = Σ−1(µ− r1) is the unique vector of market prices of risk, 1 is the (n+ 1)-dimensional

unit vector, and ‖ · ‖ denotes the Euclidean norm in Rn+1.33 Since µ = µ̃+ α,

ηt = η̃t + κt,

i.e., η consists of the sum of the fair (no-mispricing) market prices of risk vector η̃t ≡ Σ−1
t (µ̃t −

r1), and the multivariate appraisal ratio κt ≡ Σ−1
t αt.

The manager chooses fractions φt = (φ0,t, φ1,t, . . . , φn,t)
′ of wealth Wt to allocate in the risky

assets i = 0, 1, . . . , n, with the remaining fraction 1−(φt)
′1 in the risk-less asset. The benchmark

is the value Yt of a portfolio investing fixed fractions φY = (φY0 , φ
Y
1 , . . . , φ

Y
n )′, with φYi ∈ [0, 1],

in the risky assets i = 0, 1, . . . , n, with the rest 1− (φY )′1 invested in the risk-less asset.

The manager solves the same portfolio problem (10) as in the single-risky asset case, with

self-financing constraint and benchmark processes:

dWt =Wt

(
r + (φt)

′(µt − r1)
)
dt+Wt(φt)

′ΣtdBt, (24)

dYt =Yt
(
r + (φY )′(µt − r1)

)
dt+ Yt(φ

Y )′Σt, dBt, (25)

for initial values W0 = w0 and Y0 = y0.

We emphasize that the financial markets assumed in this section (as in Section 2.1) imply

that the manager faces a stochastic investment opportunity set. For the type of kinked incentives

we consider, prior studies have regarded optimal dynamic policies under a stochastic investment

opportunity set as analytically intractable.34 However, the particular version we adopt allows

us to characterize the optimal policy explicitly.

We first present the normal policy, that is, the optimal policy in the absence of convex incen-

tives. Letting φNt = (φN0,t, φ
N
1,t, . . . , φ

N
n,t)
′ denote the vector of fractions of wealth Wt allocated to

the risky assets i = 0, 1, . . . , n (with the balance 1− (φt)
′1 in the risk-less asset) in the normal

33 Our assumption that ∆ is non-singular, along with our specification (20) imply that Σt is non-singular for
all t ∈ [0, T ].

34 See, e.g., footnote 5 in Basak and Makarov (2014).
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portfolio, Sotes-Paladino (2017) characterizes φNt as:

φNt =
1

γ
(Σ−1

t )′(I + τVt)(I +
τ

γ
Vt)
−1ηt

=
1

γ
(Σ−1

t )′(I + τVt)(I +
τ

γ
Vt)
−1Σ−1

t (µ̃t − r1 + αt). (26)

To characterize the optimal portfolio in the presence of convex incentives, we introduce the

following additional notation. Let P be the orthogonal matrix such that the initial mispricing

risk matrix can be diagonalized as:

V0 = P ′I[d0]P, (27)

where d0 = (d0,0, d1,0, . . . , dn,0)′ ∈ Rn+1 is the vector of real, non-negative eigenvalues of V0.35

It can be shown that

Vt = P ′I[dt]P, (28)

where dt = (d0,t, d1,t, . . . , dn,t)
′ ∈ Rn+1 is the vector of eigenvalues of Vt, and for i = 0, 1, . . . , n:

di,t =
di,0

1 + di,0t
. (29)

For a (n+ 1)× (n+ 1)-dimensional matrix X and a (n+ 1)-dimensional vector x, we denote X̄ ′

and x̄, respectively, the rotated matrix X̄ ′ ≡ PX ′ and vector x̄ ≡ Px. We present an analytical

expression for the manager’s portfolio under multi-asset mispricing in the following:

Proposition 2. For t ∈ [0, T ], the manager’s time-t vector of optimal holdings of the risky

assets φ̂t is:

φ̂t =φNt −

[
2∑
i=1

Ŵi,t

Ŵt

(
1− γ

γi

)
(Σ−1

t )′(I +
τ

γi
Vt)
−1Σ′t

]
φNt +

[
2∑
i=1

Ŵi,t

Ŵt

(
1− γ

γi

)]
φY

+

2∑
i=1

Ŵi,t

Ŵt

Φi(t, φ
N
t − φY )

Πi,t
, (30)

35 Since by assumption V0 is symmetric, there exists a (n + 1) × (n + 1) matrix P such that P ′P = PP ′ = I
(i.e., P−1 = P ′) and (27) holds for the real-valued vector of eigenvalues d0. Since V0 is positive semi-definite by
assumption, the elements of d0 are non-negative.
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and the optimal level of assets under management is given by Ŵt = Ŵ1,t + Ŵ2,t, where

for i = 1, 2, Ŵi,t ≡ π−1
t Et[πT Ŵi,T ] is characterized in Appendix A,

Φi(t, φ
N
t − φY ) ≡− 1

Πi,t
√
τ

(Σ̄−1
t )′(I + τI[dt])

1
2 (I +

τ

γi
I[dt])

− 1
2
∂Πi,t

∂Ai,t
(31)

Πi,t ≡Prob(R̄i,t) =

∫
R̄i,t

n∏
j=0

n(zj)dz0dz1 . . . dzn

R̄i,t ≡


‖(I + τ

γ1
I[dt])

− 1
2 (τI[dt])

1
2 (z −A1,t)‖ > Γ, i = 1

‖(I + τ
γ2
I[dt])

− 1
2 (τI[dt])

1
2 (z −A2,t)‖ ≤ Γ, i = 2

(32)

Ai,t ≡γ(I +
τ

γi
I[dt])

− 1
2 (I + τI[dt])

1
2 (τ

1
2 I[dt])

−1(I +
τ

γ
I[dt])∆̄

′(φNt − φY ) (33)

z ≡ (z0, z1, . . . , zn)′, n(·) is as in Proposition 1, λM > 0 solves Ŵ0 = w0, and Γ ≥ 0 is as in

Appendix A.

The optimal multi-asset portfolio (30) keeps the structure of its single-asset counterpart

(13). In particular, the incentives (9) induce a wedge between the investment policies of the

money manager and the normal investor, which represents the manager’s over- or underinvest-

ment in each asset. This wedge equals the sum of the absolute performance hedge APHt ≡

−
∑2

i=1[Ŵi,t/Ŵt(1− γ/γi)(Σ−1
t )′(I + τ/γiVt)

−1Σ′t]φ
N
t , the relative performance hedge RPHt ≡∑2

i=1[Ŵi,t/Ŵt(1 − γ/γi)]φ
Y and the risk-shifting demand RSDt ≡

∑2
i=1 Ŵi,t/ŴtΦi(t, φ

N
t −

φY )/Πi,t. Each of these demands has the same economic interpretation as in Section 2.3.2.

In addition, the multi-asset formula (30) reveals that APHt and RPHt maintain the relative

weights of each stock in the normal and benchmark portfolios, respectively (with the opposite

sign in the case of APHt). We next illustrate how these demands, and especially RSD, give rise

to new results in the presence of correlated mispricing.

3.3 Money Manager’s Trading Under Multi-Asset Mispricing

In financial markets with multiple assets subject to risky mispricing, an asset’s abnormal ex-

pected return αi can be exposed to systematic risk (as in Section 2), idiosyncratic risk, or both.

Moreover, the asset’s fair return rFi can also be exposed to either or both sources of risk. Propo-
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sition 2 covers all these possibilities, for an arbitrary number of assets. However, to simplify

the analysis we make the following assumptions. First, we set n = 1, so that in addition to the

market portfolio (i = 0), investors can trade in one risky asset (i = 1). Second, we assume that

the fair return rF1 to asset 1 is exposed to idiosyncratic risk only.

As in our earlier analysis, we consider hedge fund (HF) and mutual fund (MF) managers.

In addition, we distinguish between two types of MF managers depending on their benchmarks.

One manager, running mutual fund “S,” is benchmarked against the market index (φY = (1, 0)′).

The other manager, running mutual fund “I,” is benchmarked against the “idiosyncratic” asset

1 (φY = (0, 1)′).

3.3.1 Introduction of Idiosyncratic Mispricing Risk

An issue we can address with multiple risky assets is to what extent the trading patterns we find

in Section 2 change with the availability alongside the market index of idiosyncratic investments.

For instance, a manager that over-invests in an overvalued market index just to alter the overall

portfolio risk in a desired direction could instead achieve the same goal by investing, if available,

in a fairly priced idiosyncratic security. As we detail in Internet Appendix B, we can answer this

question by assuming that the abnormal expected returns of assets 0 and 1 are uncorrelated, so

that both the fair and abnormal returns to asset 1 are exposed to idiosyncratic risk only. Since

under this assumption asset 1 commands no fair risk premium (i.e., no fair return in excess of

the risk-free rate), we refer to it as a pure idiosyncratic investment.

We draw two main observations from our analysis in Internet Appendix B. First, the avail-

ability of fairly priced idiosyncratic investments does not change our results of Section 2.4.1.

Since the expected excess return to asset 1 is zero, the HF, MF S manager—as defined above—

and the normal investor all allocate zero weight to this asset. They invest in the market index

and the risk-free asset with the same trading patterns as in the single-stock case. By contrast,

benchmarking effects lead the MF I manager to overweight the idiosyncratic investment for all

levels of mispricing of the market index. Second, when the market index is fairly priced, all

types of managers can overinvest in an overvalued idiosyncratic investment. When asset 1 is
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overvalued its risk premium is negative. In this case, absolute performance concerns can lead

managers without benchmarking concerns relative to asset 1 (i.e., the HF and MF S managers)

to overweight this asset in their portfolios, although the overall position in the asset remains

negative. The effect takes place when the normal policy sells the overpriced stock short but

absolute-performance considerations induce an overall smaller short position in the manager’s

portfolio.

3.3.2 Effects of Correlated Mispricing

In practice, exploiting temporary mispricing usually requires trading in assets with potentially

correlated alphas. For instance, “convergence trade strategies” (e.g., “pairs trading”) involve

trading in pairs of assets whose abnormal expected returns are perfectly correlated (Liu and Tim-

mermann, 2013). When this is the case, asset diversification and substitution considerations,

both in isolation and through their interaction with incentive convexity and benchmarking ef-

fects, could have a non-negligible impact on the manager’s optimal portfolio. We analyze this

possibility in Figure 3, which plots the initial portfolio weights in assets 0 (the market index,

top row) and 1 (bottom row), when abnormal expected returns are positively correlated across

assets. In Panel 3(a) we vary the mispricing of asset 0 and keep the overpricing of asset 1 fixed,

while in Panel 3(b) we keep the overpricing of asset 0 fixed and vary the mispricing of asset 1.

For brevity, we present results only for the case of positive correlation, but similar conclusions

obtain under negative mispricing correlation.36

Correlated mispricing can magnify the effects we presented in previous sections and give rise

to novel patterns. In particular, a manager can hold a long position in an overvalued, negative-

risk premium asset that is not included in the benchmark. This is illustrated by the positive

allocations of the HF and MF S managers of Panel 3(a) in the negative-risk premium, non-

benchmark asset 1, for moderate or high overvaluation levels of the market index. The result is

36 Our calibration of the fee incentive and market index parameters is as in Section 2.4. The assumed parameters
imply a cross-asset correlation in overvaluation changes of 0.98, a cross-asset return correlation of 0.18, volatility
of overvaluation changes of 2.5% for asset 0 and 2.9% for asset 1, return volatilities of 15% for asset 0 and 18%
for asset 1, correlation between the return and the overvaluation changes of asset 0 (respectively, asset 1) of 0.85
(0.83), and a correlation between the return of asset 0 (asset 1) and the overvaluation changes of asset 1 (asset
0) of 0.71 (0.69).
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striking when contrasted with the negative weight of the same asset in the normal portfolio, as

it implies that the managers would instead short sell the asset if subject to standard incentives.

The long positions of the MF I manager in the non-benchmark market index (Panel 3(a)), and

of the MF S manager in the non-benchmark asset 1 (Panel 3(b)), for specific negative ranges of

their respective risk premiums, provide additional examples of this behavior.
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Figure 3: Initial Portfolio Weights in Assets with Correlated Abnormal Returns

This figure plots the money managers’ investments in two risky assets at different initial mispricing
states OV0,0 (Panel 3(a)) and OV1,0 (Panel 3(b)). Across panels, we illustrate the initial portfolio weights
allocated to asset 0 (top row) and asset 1 (bottom row) of the HF manager (solid blue line), MF S manager
(dashed red line), MF I manager (dash-and-dot red line) and the normal investor (dotted black line).
Parameter values are: ψ1 = 0, ψ2 = 5, ζ̄ = 1, γ = 5, T = 1, r = 1.5%, δ0 = (0.129, 0), δ1 = (00.16), v0,0 =
(0.1502, 0.1163), v1,0 = (0.1163, 0.1406).

The result derives from the combination of cross-asset diversification (substitution) and

convexity effects. When their mispricing is positively correlated and the relative overvaluation

of asset 0—i.e., the overvaluation of asset 0 in excess of the overvaluation of asset 1—increases,

one would expect, even in the absence of convex incentives, some substitution of asset 1 for asset
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0 in an investor’s portfolio. By reallocating between the two assets, the investor can exploit the

relative mispricing while limiting portfolio exposure to mispricing risk. Fig. 3(a) shows that

risk aversion can prevent a normal investor from taking advantage of the relative mispricing

aggressively, and that the substitution effect just translates into a small reduction in the short

position in asset 1.

By contrast, the managers’ risk-shifting demand in response to convex incentives can ex-

acerbate this substitution effect to the point of inducing a long position in this asset. This is

shown in Figure 4, which decomposes the optimal portfolios of the HF and MF S managers

of Fig. 3(a) into their APH, RPH and RSD components.37 For comparison, we include the

same components of the managers’ portfolios under uncorrelated mispricing (as in Section 3.3.1).

Consider the HF manager of the top row of Fig. 4, under the correlated mispricing scenario.

When the risk premium of asset 0 is negative yet larger than the risk premium of asset 1 (consis-

tent with 0.10 < OV0,0 < 0.13 in the graph), the relative mispricing is too small to be exploited

aggressively. The gambling demands for both assets have the same sign as the normal policy

and lead to above-normal short selling of the two assets, as illustrated in Fig. 3(a). As the

overvaluation of asset 0 worsens and its risk premium falls further relative to the risk premium

of asset 1, RSD for asset 1 increases rapidly, and eventually turns positive and large. A similar

effect explains the positive position of the MF S manager of the bottom row of Fig. 4 in the

negative-risk premium, non-benchmark asset 1, for high enough overvaluation of the benchmark

asset 0. For both types of managers, the interaction of asset substitution and convexity effects

is strong enough to induce positive demands for asset 1 only when mispricing is correlated. The

result is surprising in light of the conclusions of Basak, Pavlova, and Shapiro (2007), as it implies

that in this case the gambling demand can take the opposite sign of the excess holdings of the

normal policy relative to the benchmark, negative for both HF and MF S managers.

The over-investment in an asset with negative risk premium illustrates how convex incentives

can induce “bubble-riding” behavior. DeMarzo, Kaniel, and Kremer (2008) define a bubble

37 In Appendix C, we illustrate the importance of convexity versus pure benchmarking effects in inducing this
result with an alternative approach, based on comparing benchmarked managers with and without (ψ1 = ψ2)
convex incentives. We thank Andrea Buffa for suggesting this analysis.
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Figure 4: APH, RPH and RSD components in Managers’ Initial Portfolios

This figure plots, for different initial mispricing states OV0,0 of assets 0 (keeping OV1,0 = 0.03), the
money managers’ initial hedging demands for assets 0 (Panel 4(a)) and 1 (Panel 4(b)) in their optimal
portfolios of Fig. 3(a). The blue, black and red lines represent, respectively, the RSD, APH and RPH
allocations of the HF (top row) and MF S (bottom row) managers. The solid lines correspond to the
case of positive-mispricing correlation, with mispricing risk matrix V0 as in Fig. 3. The dashed lines
correspond to the case of zero-mispricing correlation, with mispricing risk matrix V0 as in Fig. IA.2 of
the Internet Appendix. The rest of the parameters are as in Fig. 3.

in an economy with risk-averse agents as a price that yields a negative risk premium for an

asset whose cash flows have a nonnegative correlation with aggregate risk. The severe levels

of overvaluation associated with negative risk premia in our examples fit this definition. When

mispricing is deterministic (as in the constant investment opportunity set of prior literature

or Internet Appendix A), or stochastic but uncorrelated across assets (sections 2 and 3.3.1),

absolute performance concerns can lead managers to short sell a non-benchmark bubble asset

less than a normal investor. However, they do not lead to a long position in this type of asset.38

38 Even if the assets are fundamentally correlated, we verify in unreported results that under deterministic
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The reason is that, in these cases, the risk-shifting demand RSD deviates from the benchmark

in the same direction as the normal policy, leading to an overall negative position in a bubble

asset. As our results in this section show, this effect does not generalize, and can actually be

overturned, under stochastic and correlated mispricing.

3.3.3 Empirical Implications

Our results in this section have important empirical implications. First, they can rationalize the

pairs trading strategy used by sophisticated investors such as hedge funds over short investment

horizons. Liu and Timmermann (2013) show that the long-short portfolio that implements this

strategy is generally suboptimal for risk-averse investors, and demonstrate that the optimal

short-term trading in two negative-alpha (i.e., overvalued) assets under risk aversion consists of

holding short positions in both assets. Our model shows that this result is overturned when we

account for the convex incentives of risk-averse arbitrageurs.

Intuitively, the relative mispricing of two overvalued, potentially negative-risk premia assets

creates the opportunity to make a profit by trading in the two (potentially non-benchmark)

assets. Under positive and high correlation in the assets’ abnormal expected returns, future

mispricing risk can be hedged by taking opposite positions in the two assets—i.e., a long-short

strategy. Following Liu and Timmermann (2013), for a standard (normal) risk-averse investor

the strategy might be too risky over the short horizon considered in Section 3.3.2. Indeed, the

normal portfolio in Panel 3(a) is dominated by mean-variance considerations, which depend on

the instantaneous risk-return trade-off of the assets. Thus, a normal investor sells assets 0 and

1 short when both are overvalued and the overvaluation of asset 0 is large enough. By contrast,

convex incentives exacerbate the intertemporal hedging demand of the manager, eventually

offsetting the mean-variance component. The ensuing RSD demands resembles the standard

arbitrage strategy that finances the purchase of the relatively less expensive asset by short selling

the more expensive asset. Benchmarking effects play no role in this result.

mispricing convex incentives alone—i.e., in the absence of benchmarking effects—cannot lead to a positive portfolio
allocation in a negative-risk premium asset that a normal investor sells short.
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Second, our findings can rationalize further features of the behavior of some institutional

investors during the tech bubble, as documented by the empirical literature. Griffin, Harris,

Shu, and Topaloglu (2011) point to empirical evidence indicating that the overall market (as

measured by, e.g., the S&P500 index) was becoming overvalued by the late 1990s, and highlight

the existence of positive mispricing correlation across indexes during this episode.39 The results

in this section can explain as an optimal response to their incentives the net positive positions

in bubble—i.e., negative-risk premium—assets of some institutional investors reported by these

authors. The strategy of the MF S manager in our setup could also help explain the over-

investment in technology stocks by mutual fund managers benchmarked against a broad market

index, as documented by Greenwood and Nagel (2009). They find that, during the bubble,

younger mutual fund managers invested more in overvalued, non-benchmark (tech) stocks than

their more experienced peers. At the same time, their benchmark tracking error was smaller.

Arguing that these findings cannot be explained by either career concerns or convex payoff

models, the authors regard their evidence as a puzzle in light of existing theories. According

to our results, the documented higher flow convexity faced by young managers (Chevalier and

Ellison, 1997) along with both the convexity in these managers’ incentives and the risks and

correlation in the mispricing they faced can explain this puzzle.40

4 Convex Incentives and Equilibrium Mispricing

We have shown that price-taking money managers with convex incentives might trade less ag-

gressively against mispricing than if such incentives were absent. Our results also hold under

more general settings, though. In particular, we show in the Internet Appendix C that our find-

ings are robust to the mispricing dynamics that would arise in an equilibrium model in which

39 A further reason to validate the assumption of positive mispricing correlation during the technology bubble
is given by Pastor and Veronesi (2009). They argue that when a new technology is exploited at small scale the
firm’s stock return displays purely idiosyncratic risk. As the technology scales up, the stock becomes part of the
market portfolio and its returns exposed to systematic risk. At this stage, uncertainty about the technology can
lead to bubble-like asset price dynamics, much as it was observed in the technology sector during the late 1990s.

40 In unreported results, we verify that more convex incentives lead to larger risk-shifting and relative-
performance hedging demands. The first effect can explain the larger position of young managers in overvalued
non-benchmark stocks, whereas the second can account for their lower benchmark tracking error.
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money managers have price impact.

Our equilibrium framework follows closely the setting of Section 2. Investors trade contin-

uously in a single risky asset (stock) and a risk-less asset over a finite investment horizon. To

examine the price impact of managers with convex incentives when prices deviate from funda-

mental value, we assume that investors can be of either of two types: informed (sophisticated)

managers and uninformed (unsophisticated) retail traders. Managers are informed because they

observe the stock fundamentals. Retail traders neither observe fundamentals nor recognize that

managers do. In this sense, they are “sentiment-driven” investors (as in, e.g., Dumas, Kurshev,

and Uppal (2009)) who follow their own prior and learn the stock fundamentals over time, from

price realizations. Given their inference errors, they can over- or under-weight the stock in

their portfolios relative to otherwise identical investors who are as informed as the managers—

normal investors. The trading of the retail investors can thus push stock prices above or below

fundamental value, defined as the fair price prevailing under no mispricing or mispricing risk.

The effect of convex incentives on asset prices in general equilibrium can be inferred from

our earlier analysis. Absent convex incentives, an informed (normal) investor always pushes

prices towards fundamental values, reducing the extent of mispricing across economic states.

When managers have convex incentives, their optimal strategy can exacerbate the overpricing of

a non-benchmark stock relative to the case of no convex incentives. The distortion is unrelated

to benchmarking effects induced by performance concerns relative to the stock. Instead, it is

driven by the manager’s hedging demand in response to risk-shifting and absolute performance

considerations. The exacerbation of asset prices can become severe over the investment period,

when the manager’s risk-shifting demand can inflate the price of an overvalued asset even more

than overoptimistic retail traders do.

5 Conclusions

An important puzzle of the last decades is why sophisticated investors have taken long positions

in overpriced securities, as several studies document during the technology bubble of the late

1990s and early 2000s. We extend the literature on optimal trading of money managers with
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convex incentives (e.g., hedge fund and mutual fund managers) by including securities that

feature stochastic and possibly correlated mispricing. In the model, managers are aware of the

degree of mispricing. We derive and analyze, for the first time in the literature, their optimal

portfolio in this setting. The demand for overpriced securities is affected by benchmarking effects,

as studied extensively in previous literature, but also by risk-shifting and absolute performance

considerations. The level of mispricing affects mostly the last two effects. We show that the

interaction of these effects at various levels of mispricing, both before and after accounting

for correlation in mispricing across assets, gives rise to several surprising results. We also show

that, in equilibrium, the investment strategies of managers with convex incentives can exacerbate

security mispricing.

Our rich setting provides a possible explanation for several puzzles raised by the empirical

literature on institutional money management. For instance, we are able to rationalize the over-

investment of sophisticated investors, such as hedge funds, in overpriced securities that do not

belong to their benchmarks. We also explain the aggressive underinvestment of similarly sophis-

ticated investors in overvalued benchmarks securities. Furthermore, our findings help explain

the long positions of mutual and hedge funds in negative-risk premium, “bubble” securities,

even when they are not part of their benchmarks. Lastly, we rationalize “pairs trading” in two

overvalued securities over short horizons, which prior studies show violate optimal investment

rules in the absence of the type of incentives we consider. Overall, our findings demonstrate

that, once realistic features of the managers’ incentives are accounted for, rational behavior in

response to these incentives can go a long way in explaining some apparently puzzling evidence.
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Appendix

A Proofs and Auxiliary Results

Proof of Equations (6) and (21). We prove the multi-asset version Eq. (21), of which Eq. (6)

is a particular case. To prove (21), it suffices to find a process Fi,t that is a solution of the SDE

(17) and show that Si,t, as defined by (21), is a solution of the SDE (16). Define the asset i’s

fundamental value as

Fi,t = Di,t exp

{(
δiθ − r − γδ00σi,0 +

1

2
τ(σi,t − δi)δ′i

)
τ

}
, t ∈ [0, T ] (A1)

where θ = (θ0, θ1, . . . , θn) ∈ Rn+1, γ is a positive constant, and Di,t is a geometric Brownian

motion process:

dDi,t = δiθDi,tdt+Di,t

n∑
i=0

δijdBi,t, t ∈ [0, T ],

with initial value Di,0 = D̄i > 0.

To prove that Fi,t that is a solution of the SDE (17), note that:

logFi,t = logDi,0 + (δiθ −
1

2
δiδ
′
i)t+ δiBt

+
(
δiθ − r − γδ00δi(I + τVt)e0 +

1

2
τδiVtδ

′
i

)
τ.

Thus, logFi,t is a twice continuously differentiable function of t, Bt. Applying Itô’s rule, using

the definition (20) and rearranging gives

d logFi,t =
(
r + γσ0,tσ

′
i,t −

1

2
σi,tσ

′
i,t

)
dt+ δidBt. (A2)

Noting that the first term in the RHS of (A2) is the definition of r̃i,t, we obtain (17).

To prove that Si,t, as defined by (21), is a solution of the SDE (16), we note that:

d logSi,t = d logFi,t − δid(κtτ). (A3)

We obtain d(κtτ) by applying Itô’s rule, first to κt = Σ−1
t αt:

dκt =d(Σ−1
t )αt + Σ−1

t dαt

=− Vtκtdt− VtdBt, (A4)

and then to κtτ :

d(κtτ) =dκtτ + κtdτ (A5)

=− (I + τVt)κtdt− τVtdBt. (A6)
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Substituting back into (A3) and using the definitions of Σt and αt gives (16). The proof holds

for n ≥ 0, so in particular it holds for n = 0, which proves Eq. (6).

Proof of Proposition 1. Included at the end of the proof of Proposition 2 below.

Proof of Proposition 2. We start by characterizing the manager’s optimal policy in terms

of end-of-period AUM:

Proposition A1. The manager’s time-T optimal state-contingent value of the assets under

management is ŴT = Ŵ1,T + Ŵ2,T , where for i = 1, 2:

Ŵi,T =

(
1 + ψi
λMπT

) 1
γi

(ζYT )
1− γ

γi 1Ri,T , (A7)

R1,T =
{
λMπT > b (ζYT )

}
, R2,T = R\R1,T , (A8)

b (ζYT ) =

[
(1 + ψ2)γ1(γ2−1)

(1 + ψ1)γ2(γ1−1)

(
γ1

γ2

)γ1γ2] 1
γ2−γ1

(ζYT )−γ , (A9)

and λM > 0 solves E0[πT ŴT ] = w0.

Proof. Let ζ ≡ ζ̄W0/Y0 be the normalized performance fee threshold, and let

UT (WT ) ≡ (fTWT )1−γ

1− γ
. (A10)

At t = 0, the problem of the money manager is then:

max
WT

E0 [UT (WT )] s.t. E0[πTWT ] = w0. (A11)

The objective function (A10) in the manager’s problem (A11) is locally non-concave in a neigh-

borhood of WT = ζYT . Standard optimization techniques cannot be applied directly to this

problem. Following Basak and Makarov (2014), the first step consists in constructing the con-

cavification ŨT (·) of the manager’s utility function UT (·) (i.e. the smallest concave function

ŨT (w) satisfying ŨT (w) ≥ UT (w) for all w ≥ 0), restate and solve the original problem (A11)

in terms of ŨT (·).
In order to construct the concavified function, we look for functions W (ζYT ), W (ζYT ),

a (ζYT ) and b (ζYT ) so that (omitting the arguments for notational simplicity):

ŨT (WT ) =


UT (WT ), if WT < W ≤ ζYT ,

a+ bWT , if W ≤WT < W ,

UT (WT ), if ζYT ≤W ≤WT ,

(A12)
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and

Ũ
′
T (WT ) =


U
′
T (WT ), if WT < W ≤ ζYT ,

b, if W ≤WT < W ,

U
′
T (WT ), if ζYT ≤W ≤WT .

(A13)

where:

U
′
T (WT ) =

{
(1 + ψ1)W−γ1T (ζYT )γ1−γ , if WT < ζYT ,

(1 + ψ2)W−γ2T (ζYT )γ2−γ , if WT > ζYT .

Eqs. (A12) and (A13) give us a system of 4 equations in our 4 unknowns W , W , a and b:
a+ bW = 1

1−γW
1−γ1 (ζYT )γ1−γ

a+ bW = 1
1−γW

1−γ2 (ζYT )γ2−γ

b = (1 + ψ1)W−γ1 (ζYT )γ1−γ

b = (1 + ψ2)W
−γ2 (ζYT )γ2−γ .

The solution to this system of equation yields

b (ζYT ) =

[
(1 + ψ2)γ1(γ2−1)

(1 + ψ1)γ2(γ1−1)

(
γ1

γ2

)γ1γ2] 1
γ2−γ1

(ζYT )−γ , (A14)

W (ζYT ) =

[(
1 + ψ2

1 + ψ1

)γ2−1(γ2

γ1

)γ2] 1
γ2−γ1

ζYT , (A15)

W (ζYT ) =

[(
1 + ψ1

1 + ψ2

)γ1−1(γ2

γ1

)γ1] 1
γ2−γ1

ζYT . (A16)

In order to verify that (A14) to (A16) are indeed the solutions we are after, it remains to verify

that W and W satisfy the condition:

W ≤ ζYT ≤W,

which holds iff: [(
(1 + ψ2)

(1 + ψ1)

)γ2−1(γ2

γ1

)γ2] 1
γ2−γ1

< 1,

and [(
(1 + ψ1)

(1 + ψ2)

)γ1−1(γ2

γ1

)γ1] 1
γ2−γ1

> 1.

Since
1 + ψ2

1 + ψ1
<

(
1 + ψ2

1 + ψ1

γ1

γ2

)γ2
,

and
1 + ψ1

1 + ψ2
<

(
1 + ψ1

1 + ψ2

γ2

γ1

)γ1
,

both conditions indeed verify.
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We can now restate the manager’s optimization problem (A11) at t = 0 as:

max
WT

E0

[
ŨT (WT )

]
s.t. E0[πTWT ] = w0. (A17)

Attaching Lagrange multiplier λM to the budget constraint, the solution to the concavified

problem (A17) is given by the standard (state-by-state) first order condition:

Ũ
′
T (WT ) = λMπT .

Using (A13):

λMπT =


(1 + ψ1)W−γ1T (ζYT )γ1−γ , if WT < ζYT ,

b, if W ≤WT < W ,

(1 + ψ2)W−γ2T (ζYT )γ2−γ , if WT > ζYT ,

which gives the manager’s optimal time-T AUM as:

ŴT =


(1 + ψ1)

1
γ1 (ζYT )

γ1−γ
γ1 (λMπT )

− 1
γ1 , if WT < W ,

W ∈
[
W,W

]
, if W ≤WT < W ,

(1 + ψ2)
1
γ2 (ζYT )

γ2−γ
γ2 (λMπT )

− 1
γ2 , if W ≤WT .

(A18)

Using Eqs. (A14) through (A16), we note that:

ŴT < W ⇔ λMπT > b,

and

ŴT ≥W ⇔ λMπT ≤ b,

which allows us to re-express (A18) as:

ŴT =

 (1 + ψ1)
1
γ1 (ζYT )

γ1−γ
γ1 (λMπT )

− 1
γ1 , if λMπT > b (R1,T ),

(1 + ψ2)
1
γ2 (ζYT )

γ2−γ
γ2 (λMπT )

− 1
γ2 , if λMπT ≤ b (R2,T ).

(A19)

To obtain the expression for the optimal portfolio (30), we first solve for the time-t optimal

AUM Ŵt. By no-arbitrage, the deflated wealth process πtŴt is a martingale, so using (A19) the

optimal wealth Ŵt for all t ∈ [0, T ] is given by:

πtŴt = Et

[
πT ŴT

]
⇒ Ŵt = Ŵ1,t + Ŵ2,t, (A20)

where:

Ŵi,t = πtEt

[
(1 + ψi)

1
γi (ζYT )

γi−γ
γi (λMπT )

− 1
γi 1Ri

]
. (A21)
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To compute the expectation on the RHS, we need a characterization of the state-price deflator

(SPD) πT and the benchmark value YT . To this aim, we first define the vector process B̃ =

(B̃0, B̃1, . . . , B̃n, )
′ by B̃0 = 0 (where 0 is the (n+ 1)-dimensional column vector of zeros) and:

dB̃t = κtdt+ dBt, t ∈ [0, T ], (A22)

where κ is the “multivariate appraisal ratio” defined in Section 3. Stacking the dynamics of

prices in a column vector dS = (dS0, dS1, . . . , dSn)′, we can write dS as:

dSt =I[St]
(
(µ̄t + αt)dt+ ΣtdBt

)
=I[St]

(
µ̄tdt+ ΣtdB̃t

)
. (A23)

Let P denote the actual (objective) probability measure under which B is a standard Brownian

motion vector process. We show below that B̃ is a standard Brownian motion vector process

under an equivalent probability measure P̃. Eq. (A23) then indicates that the risky assets

show no mispricing under the equivalent probability P̃, because their mean returns equal the

“fundamental” returns µ̄ and αi is identically equal to 0 for all i. In this “no-mispricing”

economy, markets are still complete (n + 1 risky asset prices S driven by n + 1 independent

Brownian motions B̃), the vector of market prices of risk is η̃ ≡ Σ−1(µ̄ − r), and investors see

financial markets as driven by a unique SPD

π̃t = exp

{
−rt− 1

2

∫ t

0
‖η̃s‖2ds−

∫ t

0
η̃′sdB̃s

}
. (A24)

The prove that B̃ is a P̃-standard Brownian motion process, define the process ξt on [0, T ] by:

ξt ≡ exp

{
−1

2

∫ t

0
‖κs‖2ds−

∫ t

0
κ′sdBs

}
, (A25)

so that ξ0 = 1. It can be verified that ξ is a P-martingale.41 Define the measure P̃ on the

filtration FT generated by the prices processes (St : 0 ≤ t ≤ T ) by ξT = dP̃/dP, on FT . By an

application of the Girsanov’s Theorem, P̃ is a probability measure equivalent to P, and B̃ is a

(n+ 1)-dimensional standard Brownian motion process under P̃.

For the securities market (16)-(21), Sotes-Paladino (2017) then characterizes πt from π̃t and

ξt as:

πt = π̃tξt, (A26)

where for 0 ≤ t ≤ T

π̃t = π̃s exp

{
−r(t− s)− γ2

2
δ0V

−1
T (Vs − Vt)V −1

T δ′0 + γδ0V
−1
T (κt − κs)

}
, (A27)

41 Specifically, the Novikov condition E[exp{ 1
2

∫ T
0
‖κs‖2ds}] <∞ can be verified to be satisfied.
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ξt =
ξs√∏n

0 (1 + dj,s(t− s))
exp

{
−1

2
(κ′tV

−1
t θ̃t − κ′sV −1

s θ̃s)−
1

2
θ′(Bt −Bs)

}
, (A28)

where π̃0 = ξ0 = 1, and θ̃t ≡ θ − κt.
We can write the dynamics (25) of Y under the equivalent “no mispricing” probability P̃ as:

dYt = Yt
(
r + (φY )′Σtη̃t

)
dt+ Yt(φ

Y )′ΣtdB̃t, (A29)

where B̃ = κtdt+dBt is a standard Brownian motion vector process under P̃. Eq. (A29) implies:

YT = Yt exp

{
rτ + γ(φY )′

(∫ T

t
Σ2
sds

)
eM −

1

2
(φY )′

(∫ T

t
Σ2
sds

)
φY + (φY )′

∫ T

t
ΣsdB̃s

}
= Yt exp

{
rτ + (φY )′∆V −1

T (Vt − VT )V −1
T ∆′

(
γ − 1

2
φY
)

(φY )′∆V −1
T (θ̃T − θ̃t)

}
, (A30)

where we used dVs = −V 2
s ds and dθ̃s = VsdB̃s to solve for the integrals in (A30). Defining:

ζ0 ≡

[
(1 + ψ2)γ1(γ2−1)

(1 + ψ1)γ2(γ1−1)

(
γ1

γ2

)γ1γ2] 1
γ2−γ1

, (A31)

we can express b (ζYT ) = ζ0 (ζYT )−γ . Region R1,T is then given by:

λMπT > b (ζYT )⇔ λMπT > ζ0 (ζYT )−γ . (A32)

Replacing (A26) and (A30) in this condition we obtain, after much simplification,

‖I−
1
2

dT
(θ̄T − θ̄ − γP (δ′M −∆φY ))‖ > Γ, (A33)

where

Γ2 =‖I−
1
2

d0
(θ̄0 − θ̄ − γP (δ′M −∆φY ))‖ − ‖I−

1
2

d0
(θ̄ + γP (δ′M −∆φY ))‖2

+ ‖I−
1
2

dT
(θ̄ + γP (δ′M −∆φY ))‖2 − 2γ(δM − (φY )′∆)P ′θ̄0T − ‖θ̄‖T

− 2(γ − 1)rT − 2γ(φY )′∆V −1
T (V0 − VT )V −1

T

(
γδ′M −

1

2
∆′φY

)
+ γ2δMV

−1
T (V0 − VT )V −1

T δ′M + 2 ln

[
ζ0
∏n

0

√
1 + dj,0T

λM (ζY0)γ

]
=(η̄′0 − γ(φY )′Σ̄0)I−1

d0
(η̄0 − γΣ̄′0φ

Y )− 2(γ − 1)
(
r +

γ

2
(φY )′Σ̄0(I + TId0)−1Σ̄′0φ

Y
)
T

+ 2 ln

[
ζ0
∏n

0

√
1 + dj,0T

λM (ζY0)γ

]
(A34)

and X̄ ′ and x̄ denote, respectively, the rotated matrix X̄ ′ ≡ PX ′ and vector x̄ ≡ Px as intro-

duced in Section 3.2.

We can now compute the expectation on the RHS of (A21). Indeed, (A26) to (A28) and
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(A30) indicate that conditional on time t, πT and YT follow multivariate log-normal distributions.

Computing the expectation by direct integration against the multivariate normal density on the

region defined by (A33) gives, after lengthy algebraic manipulation,

Ŵi,t =

(
1 + ψi
λMπt

) 1
γi

(ζYt)
γi−γ
γi

n∏
j=0

√√√√(1 + dj,tτ)
1
γi

1 +
dj,t
γi
τ

× exp

{
−γ − 1

γi

[
r +

1

2

γi − γ
γi − 1

(φY )′Σ̄t(I + τI[dt])
−1Σ̄′tφ

Y

]
τ

− 1

2γi

(
1− 1

γi

)(
η̄′t −

γi − γ
γi − 1

(φY )′Σ̄t

)
(I +

τ

γi
I[dt])

−1

(
η̄t −

γi − γ
γi − 1

Σ̄′tφ
Y

)
τ

}
Πi,t,

(A35)

where

Πi,t ≡Prob(R̄i,t) =

∫
R̄i,t

n∏
j=0

n(zj)dz0dz1 . . . dzn

R̄i,t ≡

{
‖(I + τ

γ1
I[dt])

− 1
2 (τI[dt])

1
2 (z −A1,t)‖ > Γ, i = 1

‖(I + τ
γ2
I[dt])

− 1
2 (τI[dt])

1
2 (z −A2,t)‖ ≤ Γ, i = 2

(A36)

Ai,t ≡γ(I +
τ

γi
I[dt])

− 1
2 (I + τI[dt])

1
2 (τ

1
2 I[dt])

−1(I +
τ

γ
I[dt])∆̄

′(φNt − φY ), (A37)

n(·) is the standard normal density function, and z ≡ (z0, z1, . . . , zn)′.

In order to derive the investment policy (30) replicating the optimal portfolio value (A20),

note that this can be rewritten as Ŵt = h(t, Yt, πt, η̄t,Πi,t), some function h ∈ C1,2. Applying

Itô’s Lemma the diffusion term σŴ of dŴt is:

σŴ = hY σY + hπσπ + hη̄ση̄ + hΠiσΠi , (A38)

where hx denotes the partial derivative of h w.r.t. x and σX is the diffusion term in the SDE

characterizing the dynamics of the process X. Computing the diffusion terms in (A38) explicitly

and equating the result to the diffusion term of Wt in (24) gives the optimal portfolio (30)-(31).

To obtain Ŵt in Proposition 1, we specialize (A35)-(A37) to n = 0 to get:

Ŵi,t =

(
1 + ψi
λMπt

) 1
γi

(ζYt)
1− γ

γi

√√√√(1 + vtτ)
1
γi

1 + vt
γi
τ
× exp

{
−γ − 1

γi

[
r +

1

2

γi − γ
γi − 1

(σtφ
Y )2

1 + vtτ

]
τ

− 1

2γi

(
1− 1

γi

) (ηt − γi−γ
γi−1σtφ

Y
)2

1 + vt
γi
τ

τ

Πi,t, (A39)

where Π1,t ≡ N(d1,t) + 1 − N(d1,t), Π2,t ≡ N(d2,t) − N(d2,t), N(·) is the standard normal
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cumulative distribution function, and

di,t ≡ γ
√

1+vtτ
1+

vt
γi
τ

1+
vt
γ
τ

vt
√
τ
δ
(
φNγ,t − φY

)
−
√

1+
vt
γi
τ

vtτ
Γ, di,t ≡ di,t + 2

√
1+

vt
γi
τ

vtτ
Γ. (A40)

Applying Itô’s Lemma to compute the diffusion term σŴ of dŴt, and equating the result to the

diffusion of Wt in (7) (equivalently, specializing (30)-(31) to the case n = 0 and rearranging)

gives the optimal portfolio (13)-(14) in Proposition 1.
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B Parameterization of Money Managers’ Incentives

B.1 Incentive Fee Schedules of Hedge Funds

The typical fee contract in the hedge fund industry (“two-twenty”) stipulates a 2% management

fee plus an incentive fee equal to 20% of profits beyond a designated benchmark performance.

The benchmark is usually a money market rate such as LIBOR plus a spread, consistent with

the typical goal in the industry of delivering “absolute returns” in all market conditions.42

To capture these incentives, we set the benchmark weight in the risky assets to zero (φY = 0),

in which case YT = Y0e
rT . We define the continuously-compounded rates rT ≡ ln (RT ) /T, rYT ≡

ln
(
RYT
)
/T = r, and set the threshold performance ζ̄ to equal ehT , for the spread (hurdle rate)

h ≥ 0. For ψ1 = 0, and for any α > 0, we can then write:

k

(
RT

ζ̄RYT

)α
= keα(rT−(r+h))T . (B1)

A first-order approximation of the RHS of (B1) around rT = r + h gives:

k

(
RT

ζ̄RYT

)α
≈ k + kα(rT − (r + h))T, (B2)

We apply (B2) to the two terms in the RHS of (9) and set ψ1 = 0, which implies a fee rate:

fT ≈ k + kψ2(rT − (r + h))+T, (B3)

where x+ ≡ max(0, x). From equation (B3), we can calibrate a two-twenty contract with no

hurdle rate within our setup by setting, e.g., k = 1, kTψ2 = 5, and (r+h) = 1.5%+0% = 1.5%.43

B.2 Flow-Performance Relationship of Mutual Funds

In the mutual fund industry, convex incentives can arise implicitly from the relation between a

fund’s performance relative to its benchmark and its investors’ share purchases and redemptions.

In the U.S., mutual funds typically charge a management fee proportional to AUM but no

incentive fees. Let m be the management fee. An extensive literature (see, e.g., Chevalier

and Ellison (1997), and Sirri and Tufano (1998)) documents that mutual fund inflows after

positive benchmark-adjusted performance largely exceed outflows following negative benchmark-

42 The fee structure often includes a “high-water mark” condition so that the fund has to recover losses before
any incentive fee can be charged following a year in which the fund declines in value. Such provisions may reduce
the long-term risk-seeking incentives of a hedge fund manager, as analyzed by Hodder and Jackwerth (2007),
Panageas and Westerfield (2009), and Drechsler (2013). Since we focus on the trading behavior of the manager
over short-horizons, we follow Buraschi, Kosowski, and Sritrakul (2011) and assume that the high-water mark
is prespecified at the beginning of the period, and allow differences in high-water marks by varying the spread
parameter ζ̄ in (9).

43 Given the exponential form of the performance fee (9) in the outperformance region, ψ2 = 5 can reflect a
performance fee that is a large multiple (e.g., 10) of the base management fee, as observed in practice, for a wide
range of relative performance values.
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adjusted returns. In the model, we capture the ensuing convexity in the so-called flow-to-relative

performance relationship (FPR) as follows. At t = T , mutual fund investors purchase or redeem

additional fund shares depending on the manager’s performance relative to the benchmark Y at

the flow rate qT :

qT = q

(
RT

ζ̄RYT

)ψ1

1{RT<ζ̄RYT } + q

(
RT

ζ̄RYT

)ψ2

1{RT≥ζ̄RYT }, (B4)

with q > 0. Setting k ≡ mq, it is easy to see that the mutual fund manager’s fee rate fT = mqT

fits specification (9). This functional form allows flows to be sensitive (and potentially locally

concave for ψ1 < 1) to medium and low relative performance. For ψ1 < ψ2, fT reflects the

asymmetric sensitivity of flows to performance according to which outperforming funds receive

a disproportionally high amount of inflows.44 The FPR (B4) can also capture linear relationships

(ψ1 = ψ2 = 1), log-linear relationships (ψ1 = ψ2 6= 1), as well as no relationship (ψ1 = ψ2 = 0).

44 While many empirical studies document no sensitivity of flows to poor relative past performance (e.g. Sirri
and Tufano (1998)), many others (e.g. Huang, Wei, and Yan (2007)) find it is positive, although lower than the
sensitivity to medium or high relative returns.
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C Benchmarking vs. Incentive Convexity and Robustness

In Sections 2 and 3 we compare the impact of convexity versus benchmarking effects on the

manager’s trading of a mispriced asset through its APH, RPH and RSD demands. We next

perform a similar analysis by comparing the investment behavior of managers with vs. without

kinked incentives, when they face the same performance concern relative to the mispriced asset.

We argue that the results of this analysis have empirical relevance, as they highlight the difficul-

ties, without accounting for incentive convexity, to rationalize the long-short convergence trade

strategies that sophisticated investors use in practice.

To remove the kink in the incentives of a manager with relative performance concerns, we

set 0 < ψ1 = ψ2 in (9). We show the results in Figure C.1, where we plot the trading in assets

0 (the benchmark) and 1 (the non-benchmark asset) of the “benchmarked” investors with (a

MF S manager) and without kinked incentives. For ease of comparison, we adopt the correlated

mispricing scenario of Section 3.3.2. To illustrate the robustness of our results to different risk

aversion values, we further assume a more risk-tolerant manager (γ = 3) than in Sections 2 and

3.

In line with our previous analysis, we see that convex incentives can lessen the manager’s

over-investment in overvalued benchmark assets (i = 0) but exacerbate it in overvalued non-

benchmark assets (i = 1). Indeed, the top row of Fig. C.1 shows that the MF S manager

typically overweights the overvalued benchmark asset 0 in her portfolio less intensively than

a comparable manager with the same benchmark but no kinked incentives. In contrast, the

bottom row indicates that incentive convexity can lead a manager to overweight a negative-risk

premium asset more when it does not belong to the benchmark. The difference is particularly

striking in situations where both benchmark and non-benchmark assets are overvalued, but the

latter relatively less so. In these situations, the benchmarked managers with and without convex

incentives can adopt opposite positions in the non-benchmark asset. Whereas the MF S manager

holds the non-benchmark asset long, the benchmarked manager without convex incentives holds

a long position in the relatively more expensive benchmark asset and sells the cheaper, non-

benchmark asset short.
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Figure C.1: Convexity versus Benchmarking Effects

This figure compares the investment policy of a MF S manager with versus without kinked incentives, at
different initial mispricing states OV0,0 (Panel 1(a)) and OV1,0 (Panel 1(b)). Across panels, we illustrate
the initial portfolio weights allocated to asset 0 (top row) and 1 (bottom row) of the MF S manager with
kinked incentives (ψ1 = 0, ψ2 = 5, ζ̄ = 1, solid blue line), the MF S manager without kinked incentives
(ψ1 = 5, ψ2 = 5, dashed red line) and the normal investor (dotted black line). The relative risk aversion
parameter is: γ = 3. The rest of the parameter values are as in Figure 3.
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