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Volatility-managed portfolios？？



Abstract
• Managed portfolios that take less risk when volatility is high produce large 

alphas, increase Sharpe ratios, and produce large utility gains for mean-
variance investors.

• We document this for the market, value, momentum, profitability, return on 
equity, investment, and betting-against-beta factors, as well as the currency 
carry trade.

• Volatility timing increases Sharpe ratios because changes in volatility are not 
offset by proportional changes in expected returns. 

• Our strategy is contrary to conventional wisdom because it takes relatively less 
risk in recessions. This rules out typical risk-based explanations and is a 
challenge to structural models of time-varying expected returns.
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• Managed portfolios that take less risk when volatility is high produce large 
alphas, increase Sharpe ratios, and produce large utility gains for mean-
variance investors.

• We document this for the market, value, momentum, profitability, return on 
equity, investment, and betting-against-beta factors, as well as the currency 
carry trade.

• Volatility timing increases Sharpe ratios because changes in volatility are not 
offset by proportional changes in expected returns. 

• Our strategy is contrary to conventional wisdom because it takes relatively less 
risk in recessions. This rules out typical risk-based explanations and is a 
challenge to structural models of time-varying expected returns.

波动管理后单因素组合

Volatility-managed portfolios     波动管理后有效前沿组合

波动管理后组合
volatility-managed “combination” strategies 

volatility-managed Single-Factor Portfolios

volatility-managed mean-variance efficient MVE frontier (or multifactor)Portfolios
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background

For the market portfolio， our strategy 

produces an alpha of 4.9%, and an 

overall 25% increase in the buy-and-hold 

Sharpe ratio.

We group months by the previous month’s 

realized volatility and plot average returns, 

volatility , and the mean-variance trade-off 

over the subsequent month

A mean-variance investor should time 

volatility, that is, take more risk when the 

mean-variance trade-off is attractive 

(volatility is low), and take less risk when 

the mean-variance trade-off is unattractive 

(volatility is high).The motivation for this strategy comes from the portfolio problem of a mean-

variance investor who is deciding how much to invest in a risky portfolio.



background



frame

• Section I     Documents our main empirical results

• Section II   Understanding the Profitability of Volatility Timing

• Section III  Theoretical Framework

• Section IV  General Equilibrium Implications

• Section V   Concludes.



I. Main Results

daily and monthly data(Mkt, SMB, HML, MOM, RMW, and CMA)

• Kenneth French’s website 

IA and ROE

• Hou, Xue, and Zhang(2014)

BAB factor

• Frazzini and Pedersen (2014)

currency returns

• Lustig, Roussanov, and Verdelhan (2011)

A. Data Description 



I. Main Results

B. Portfolio Formation

C. Empirical Methodology

为RMSE，均方根误差



The worst time periods 
for our strategy do not 
overlap much with the 
worst market crashes.

D. Single-Factor
Portfolios

standard error



E. Multifactor Portfolios

standard error

MVE alpha is the right measure of 

expansion in the mean-variance frontier. 

if volatility were constant over a 

particular period, our strategy would 

be identical to the buy-and-hold 

strategy and alphas would be zero



II. Understanding the Profitability of Volatility Timing

A. Business Cycle Risk 

B. Transaction Costs

C. Leverage Constraints

D. Contrasting with Cross-Sectional Low-Risk Anomalies

E. Volatility Comovement

F. Horizon Effects



A. Business Cycle Risk 

• The results in the table show that, 

across the board for all factors, our 

strategies take less risk during 

recessions and thus have lower betas 

during recessions.(如图3)

• Thus, our strategies decrease risk 

exposure in NBER recessions.

• This makes it difficult for a business 

cycle risk story to explain our facts.

However, we still review several 

specific risk-based stories below.



B.Transaction Costs (for the market portfolio )

We report the average absolute change in monthly weights, expected return, and alpha of 

each strategy before transaction costs. We then report the alpha when including various 

transaction cost assumptions. 

We do not report results for all factors, since we do not have good measures of transaction 

costs for implementing the original factors, much less their volatility-managed portfolios.

年度
月度



C. Leverage Constraints

In Panel B of Table V, we compare the 

strategy implemented with options to the 

strategy implemented with leverage. 

The Alphas and SR are very similar, which 

suggests that our results are not due to 

leverage constraints, even for investors with 

relatively low risk-aversion.

We consider various strategies that 

capture volatility timing but reduce 

trading activity, including using standard 

deviation instead of variance, using 

expected rather than realized variance, 

and two strategies that cap the strategy’s 

leverage at 1 and 1.5.



D. Contrasting with Cross-Sectional Low-Risk Anomalies

• The first strategy is risk parity, we keep the relative weights of all factors constant 

and only increase or decrease overall risk exposure based on total volatility.

• The second strategy is the betting-against-beta (BAB) factor

Thus, our time-series volatility-managed portfolios are distinct from the low-beta anomaly documented 

in the cross-section.



E. Volatility Comovement



F. Horizon Effects

• Given the increase in variance but only 

small and persistent increase in expected 

return, 

• The lower panel shows that it is optimal 

for the investor to reduce his portfolio 

exposure by 50% on impact because of 

an unfavorable risk-return trade-off.

• The portfolio share is consistently below 

0 for roughly 12 months after the shock.



F. Horizon Effects

Letting ft→t+T be the cumulative factor 

excess returns from buying at the end of 

month T and holding until the end of 

month t + T

• Alphas are statistically significant for 

longer holding periods but gradually 

decline in magnitude.

• For example, for the market portfolio, 

alphas are statistically different from 

zero (at the 10% confidence level) for 

up to 18 months. This same pattern 

holds for the two MVE portfolios we 

consider.



III. Theoretical Framework

1.We start by making the intuitive point that our alphas are proportional to the
covariance between variance and the factor price of risk. 
2.We then impose more structure to derive aggregate pricing implications.





• In this section we show how our volatility-managed portfolios, when applied 
to systematic risk factors, recover the component of the aggregate price of risk 
variation driven by volatility .

2.We then impose more structure to derive aggregate pricing implications.

This assumption says that unconditional exposures 

to these factors contain all relevant information to 

price the static portfolios R, but one may also need 

information on the price of risk dynamics to 

properly price dynamic strategies of these assets



• In this section we show how our volatility-managed portfolios, when applied 
to systematic risk factors, recover the component of the aggregate price of risk 
variation driven by volatility .

2.We then impose more structure to derive aggregate pricing implications.











appraisal ratio 





• In these models, alphas are 
either near zero or negative on 
average,

• The positive alphas we 
document empirically imply 
that this covariance is negative.

IV. General Equilibrium Implications

A. Macrofinance Models

four leading equilibrium asset pricing models

虚线是根据历史数据算的，
柱状图是模拟数据算的。

All models frequently generate 

return histories consistent with 

the weak risk-return trade-off 

estimated in the data. However, 

no model comes close to 

reproducing our findings in 

terms of alphas or appraisal 

ratios.



IV. General Equilibrium Implications

The easiest, but least plausible, explanation is that investors’ willingness to take 
risk is negatively related to volatility . That is, investors choose not to time volatility 
because they are less risk-averse during high-volatility periods. In the context of 
representative agent models, a plausible explanation is that volatility driven by learning 
about structural parameters might be priced differently than volatility driven by 
standard forms of risk (e.g, Veronesi(2000)).

One intuitive explanation for our results is that some investors are slow to trade. This 
could explain why a sharp increase in realized volatility does not immediately lead to a 
higher expected return in the data. This explanation is also consistent with our impulse 
responses where expected returns rise slowly but the true expected volatility process 
rises and mean-reverts quickly in response to a variance shock. 

A final possibility is that the composition of shocks changes with volatility. 
Quantitatively , Moreira and Muir (2016) show that, because discount rate shocks seem 
to be very persistent in the data, even in the extreme case in which volatility is 
completely driven by discount rate volatility , investors with plausible investment 
horizons can still benefit somewhat from volatility timing.

B. What Could Explain Our Results?

sophisticated investors seem to 

sell more quickly in response to 

increases in volatility in the 2008 

crisis.



V . Conclusion

• volatility-managed portfolios offer large risk-adjusted returns and are easy to 
implement in real time. 

• Because volatility does not strongly forecast future returns, factor Sharpe ratios are 
improved by lowering risk exposure when volatility is high and increasing risk 
exposure when volatility is low. Our strategy runs contrary to conventional 
wisdom because it takes relatively less risk in recessions and crises yet still earns 
high average returns. 

• We analyze both portfolio choice and general equilibrium implications of our 
findings. We find utility gains from volatility timing for mean-variance investors 
of around 65%, which is much larger than utility gains from timing expected 
returns. 

• Furthermore, we show that our strategy performance is informative about the 
dynamics of effective risk-aversion, a key object for theories of time-varying risk 
premia.
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Abstract
• Using a comprehensive set of 103 equity strategies, we analyze the value of 

volatility-managed portfolios for real-time investors. 

• Volatility-managed portfolios do not systematically outperform their 
corresponding unmanaged portfolios in direct comparisons. 

• Consistent with Moreira and Muir (2017), volatility-managed portfolios tend 
to exhibit significantly positive alphas in spanning regressions. 

• However, the trading strategies implied by these regressions are not 
implementable in real time, and reasonable out-of-sample versions generally 
earn lower certainty equivalent returns and Sharpe ratios than do simple 
investments in the original, unmanaged portfolios. 

• This poor out-of-sample performance for volatility-managed portfolios stems 
primarily from structural instability in the underlying spanning regressions.
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1. Introduction

Background： Moreira and Muir (2017) find that the empirical success of volatility 

management is a pervasive phenomenon. existing studies leave readers with the impression 

that volatility-managed equity strategies routinely lead to improved performance.

In this paper, we assess whether volatility management is systematically advantageous for 

investors and place specific emphasis on real-time implementation.

contribution: ①based on a substantially broader sample of 103 equity trading strategies, 

we find no statistical or economic evidence that volatility-managed portfolios systematically

earn higher Sharpe ratios than their unmanaged counterparts do.

②we confirm that Moreira and Muir’s (2017)) finding of systematically positive spanning 

regressions alphas for volatility-managed portfolios also holds in our extended sample. We 

explore an array of reasonable out-of-sample versions of these “combination” strategies and 

find that they typically underperform simple investments in the original, unscaled portfolios.

③We provide evidence that this result is driven by substantial structural instability in the 

underlying spanning regressions for these strategies.



frame

• Section 2 describes the data and introduces volatility-managed portfolios. 

• Section 3 compares volatility-managed and original strategies. (single-factor)

• Section 4 contains our empirical tests on real-time strategies that combine volatility-

managed portfolios with their unscaled versions.

• Section 5 concludes.

1.波动管理后单因素组合

Volatility-managed portfolios    2.波动管理后有效前沿组合

3.波动管理后组合
volatility-managed “combination” strategies 

volatility-managed Single-Factor Portfolios

volatility-managed mean-variance efficient MVE frontier Portfolios



2.1. Data description

• 9 factors and 94 anomaly portfolios：

daily and monthly  data on factor excess returns for nine equity factors

Identifies 94 anomaly variables, data from Center for Research in Security Prices (CRSP) Monthly and Daily 
Stock Files, the Compustat Fundamentals Annual and Quarterly Files, and the Institutional Brokers Estimate 
System (IBES) database.（we group them into the following eight categories based on the classification scheme 
in Hou et al. (2015) : accruals, intangibles, investment, market, momentum, profitability, trading, and value.）

2.2. Construction of volatility-managed portfolios 

Section 2 data



In five cases the volatility-managed factor earns a higher average return and Sharpe ratio than the original 
strategy does, whereas the original factor outperforms in the remaining four cases. Three of the nine differences 
are significantly positive, as the volatility-managed versions of MOM, ROE , and BAB achieve Sharpe ratio gains 
by outperforming the original factors by 8.23%, 2.86%, and 2.58% per year.

Although the median investment position for each of the dynamic portfolios is around one, the 99th percentile 
of required leverage exceeds 400% in each case and reaches as high as 864% for the momentum strategy.

3. Direct comparisons 

table1



The results in Table 2 suggest that volatility-
managed portfolios do not systematically 
outperform their original counterparts.

In Panel A, volatility management leads to 
improved and worsened performance at roughly 
the same frequency.

Panel C reveals that the majority of the 
significantly positive Sharpe ratio differences are 
attributable to them nine momentum strategies. 
Volatility management improves performance for 
every momentum strategy, and five of the nine 
performance differences are statistically significant 
at the 5% level.

3. Direct comparisons 

three strategies exhibit statistically significant outperformance: ROE, 

BAB , and Loughran and Wellman ’s (2012) enterprise multiple.

This group includes growth in book equity ,change in 

sales less change in inventory,1/share price, and 

long-term reversal（4个显著下降）

table2



4. Combination strategies

The  interpretation of a positive alpha from this test is that an investor who holds the ex 

post optimal combination of the benchmark factors increases her Sharpe ratio by adding a 



The “original factor” results correspond to the ex post optimal combination of original factor and risk-free asset, and the “combination strategy” 
results correspond to the ex post optimal combination of original factor, volatility-managed factor, and risk-free asset.

4. Combination strategies---4.2 In-sample tests

Panel A.3 of Table 3 confirms that almost 

all combination strategies exhibit strong 

in-sample performance gains relative to 

the original factors.

table3



We find that 77 of the 103 scaled 
portfolios earn positive alphas in 
univariate spanning tests and, 
accordingly, are assigned positive 
weights in the ex post optimal 
combination portfolios. Twenty-
three of the positive estimates are  
statistically significant at the 5% 
level

4. Combination strategies--- 4.2 In-sample tests



• The improvements for the MOM, ROE , 
and BAB factors are statistically 
significant at the 1% level. Across the 
remaining six strategies, the Sharpe 
ratio and CER differences are 
insignificant.

• All nine of the Sharpe ratio and CER 
differences are negative（real-time 
combination strategies and the ex post 
optimal combination strategies.）

• In summary, Table 5 shows that 
volatility management has potential 
benefits for real-time investors in some 
factors, but the gains are not systematic 
and are much less impressive than the 
corresponding in-sample results. These 
initial results indicate that real-time 
implementation issues degrade portfolio 
performance in the volatility-managed 
portfolios setting.

4. Combination strategies- 4.3 Out-of-sample tests

table5



broad sample Out-of-sample teststable6



• The robustness design with rolling-
window parameter estimation leads to a 
slightly larger number of positive 
Sharpe ratio differences but a 
substantially smaller number of positive 
CER differences.

• Imposing a leverage constraint could 
either improve performance if real-time 
investors avoid taking extreme 
positions or hurt performance if the 
constraint prevents investors from 
capitalizing on the information content 
in lagged volatility.

• In all, more than half of the Sharpe ratio 
and CER differences are negative under 
each specification.

robustness tests（out-of-sample design）

p -value from a binomial test of the null hypothesis that  positive and negative 

performance differences are equally likely：A 9个， B 18个。

table7



• Studies showing cross-sectional anomalies routinely emphasize the alphas earned by these strategies relative to popular 
asset pricing models such as the Capital Asset Pricing Model (CAPM)  or  Fama and French (1993) three-factor model.

• A large proportion of these out-sample alpha estimates are statistically significant.

• Adding an anomaly portfolio to the CAPM market factor in real time, for example, leads to a Sharpe ratio improvement in 
75 out of 102 cases and a CER improvement in 68 out of 102 cases. Real-time performance relative to the  Fama and 
French (1993) three-factor benchmark is less impressive, with positive Sharpe ratio differences for 66 out of 100 strategies 
and positive CER differences for 55 out of 100 strategies. These results indicate that real-time anomaly strategies fare 
substantially better compared with real-time volatility-managed strategies.

• The results in Table 8 provide a useful backdrop to examine why the statistical support for out-of-sample combination 
strategies is particularly weak in the volatility-managed portfolios setting. We consider three potential explanations: (i)
estimation risk in the out-of-sample portfolio choice exercise, (ii) low power in the out-of-sample tests, and (iii) structural 
instability in the conditional risk-return trade-off for the various factors and anomaly portfolios.

Explanations for poor out-of-sample performance

real-time anomaly strategies 

with real-time volatility-

managed strategies

table8



(i) estimation risk

• Although estimation error is always a challenge with real-time portfolio choice applications, we are skeptical that it fully 
accounts for our results for a variety of reasons. First, our empirical design incorporates several features intended to 
mitigate estimation risk, including a leverage constraint on portfolio positions, a risk-free asset in the investment 
opportunity set (Kirby and Ostdiek, 2012), and expanding-window parameter estimation.

• Second, DeMiguel et al. (2009b) emphasize that estimation risk is less problematic in applications, like ours, in which the 
number of test assets is small. 

• Third, our main results are based on comparisons of real-time strategies that include volatility-managed portfolios in the 
investment opportunity set with those that exclude volatility-managed portfolios from the investment opportunity set. Thus, 
both the combination strategy and the benchmark suffer from estimation risk, and it is not obvious why one of the two 
would be more adversely impacted.

• Fourth, if estimation risk is the primary explanation of the poor performance of the combination strategies, then we should 
see more favorable results under specifications with longer training samples.  Table 7 reveals, however, that lengthening 
the initial training sample has little impact on our conclusions.

• Finally, Panel B of Table 8 provides direct evidence that in-sample alphas do translate into improved real-time 
performance measures much more frequently outside of the volatility-managed portfolios setting.

Explanations for poor out-of-sample performance



(ii) low power 

Another common concern with out-of-sample tests is that they lack power relative to in-sample tests because the evaluation 
period is shorter (e.g., Inoue and Kilian, 2004). Our focus on assessing the value of volatility management for real-time 
investors necessitates the use of out-of-sample tests. 

Low power also does not seem to be a satisfactory explanation for our results. If volatility management is systematically 
beneficial to investors, then we should see a majority of performance differences that are positive in Tables 6 and 7. Low 
power might be an explanation for why an individual result is statistically insignificant, but it does not account for why most 
of the performance differences have the wrong sign.

Explanations for poor out-of-sample performance



(iii) structural instability 

A more plausible economic explanation for the poor out-of-sample performance for the combination strategies is structural 
instability in the spanning regression parameters from Eq. (5) and the implied optimal weights. 

Explanations for poor out-of-sample performance

• In Panel A, we find strong statistical evidence of structural breaks in the spanning tests for the 103 volatility-

managed portfolios. 41 out of 103 tests identify three or more breaks. The average number of breaks is 2.37 for both 

the univariate spanning regressions and the spanning regressions that control for the Fama and French (1993) factors.

•

• In contrast, structural breaks are less common in the standard time-series anomaly regressions in Panel B. In the 

CAPM regressions, for example, 53 out of 102 strategies have one break or less, and the average number of breaks 

is 1.44. 

table9



结论

• Recent literature suggests that investors can enhance Sharpe ratios and lifetime utility by 
adopting simple trading rules that scale positions in popular equity portfolios by lagged 
variance. Two forms: direct investments in volatility-managed portfolios or combination 
portfolios that invest in both the volatility-managed version and the original version of an 
underlying strategy.

• Across a broad sample of 103 equity portfolios, volatility management degrades and 
improves performance at about the same frequency. From a practical perspective, the results 
suggest that direct investments in volatility-managed portfolios are not a panacea of 
improved performance.

• Combination strategies that incorporate volatility management, in contrast, exhibit 
systematically strong in-sample performance. On this point, we extend Moreira and Muir ’s 
(2017) spanning regression analysis to our broader set of 103 equity strategies and show that 
these portfolios tend to exhibit positive alphas. 

• The Sharpe ratios and CERs for the out-of-sample combination portfolios are dramatically 
less impressive than those earned by their in-sample versions. Moreover, the real-time 
combination strategies routinely underperform simpler strategies constrained to invest in the 
original, unscaled portfolios.
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