
Multi-Regime Analysis

Applications to Fixed Income

12/7/2011 1Copyright 2011, Hipes Research



Credit

This research has been done in collaboration 
with my friend, Thierry F. Bollier, who was the 

first to recognize the relevance of MRPA to 
financial markets and to explore its 

applications.
Working Papers:

Bollier (2009)

Bollier, Hedges and Schwartz (2010)

Bollier and Hipes (2011)
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Latent Factor Models Are Nice

ÅAppropriate for strongly correlated assets with 
nearly uncorrelated idiosyncratic noise

ÅFamiliar and useful model for market 
participants and econometricians

ÅE.g., stock market "industry factors"

ÅEquivalent to PCA when the noise is uniform
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PRINCIPAL COMPONENT ANALYSIS ïFIXED INCOME
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Conventional PCA - First 3 factors
USD LIBOR - 97/11 to 10/07

Fac1 Fac2 Fac3

5 Factors PCA

Annual Drift -29 bps

Vol from PCs 89 bps

Vol from Residuals .4 bps

t/мΥ ŀ άƭŜǾŜƭέ ǎƘƛŦǘ ƻŦ ǘƘŜ [ƛōƻǊ ŎǳǊǾŜ  ςalmost parallel 
move of all rates over 2 years

t/нΥ ŀ άǎƭƻǇŜέ ǎƘƛŦǘ ςa flattening of the 2y-10y and 2-30y 
slope

t/оΥ ŀ άŎǳǊǾŀǘǳǊŜέ ǎƘƛŦǘ ςa tightening of the belly (2 to 7 
years) versus the wings

Litterman and Scheinkman (1991)

Variance Explained



Nice, But Unrealistic

Å

ÅAssumptions of zero means and unit variances 
for the factors are harmless

ÅAssumption of normal factors is unrealistic

ÅbŜǾŜǊǘƘŜƭŜǎǎ ƛǘΩǎ ǎƛƳǇƭŜ ϧ ŜƴǘǊŜƴŎƘŜŘ

ÅEmpirical distribution of a single financial 
variable

ï6M LIBOR & A Hedge Fund Index
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Gaussian Mixtures
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Single 
Gaussian

Four 
Gaussian 
Mixture

Better Fit to Center



Gaussian Mixtures ςLeft Hand Tail
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Notice the 
Scale

Four 
Gaussian 
Mixture

Single 
Gaussian

Better Fit to Tail
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A SINGLE ASSET EXAMPLE (BOLLIER, ET. AL. 2010)

As shown in the distribution of the CS/Tremont HF index (April 1994 to January 2010), realized returns do not display the

symmetry of a standard Gaussian distribution. Standard central metrics like mean and volatility cannot capture this

complexity, which suggests that observed returns may be generated by two or more overlapping distributions each with

distinct mean and volatility.
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In this univariate example, MRPA has identified three underlying óbasisôdistributions: Quiet, High Volatility (ñHiVolò)and

Crisis. The composite or óMixtureôdistribution (shown in the solid yellow line in Graphs 2 and 3 below) is the weighted

average of the basis distributions using mixing probabilities: 70% for Quiet, 25% for HiVol, and 5% for Crisis.
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Multi-Regime Factor Model

The proposition 
that markets 

display regime 
changes is intuitive

The combination 
of Gaussian linear 
factor models with 
multiple regimes 
yields a tractable 
mixture model for 

returns

Providing greater 
distributional 

accuracy

Incorporating 
correlations, fat 
tails and skew
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MRPA

Fix a time interval: daily 
changes in USD swap 

rates

During each interval the 
market is resident in a 

specific regime where a 
single factor model is 

operational

The regimes are 
hidden, but ex post, we 

will estimate their 
posteriorprobability 

from ML

Latent variable models 
and the EM algorithm 

have a Bayesian 
flavor, including the 

concepts of 
priors, Bayesian 
likelihood, and 

posteriors
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MRPA in Symbols

ÅSequence of market (observed) returns

ÅSequence of regimes

ÅFactor model for regime, m

12/7/2011 Copyright 2011, Hipes Research 11



12/7/2011 Copyright 2011, Hipes Research 12

MEANS AND PRINCIPAL COMPONENTS

Sample

Means 

12

PC1 in 4 and 3 Regime MRPA



12/7/2011 Copyright 2011, Hipes Research 13

PRINCIPAL COMPONENTS (CONTôD)
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PC3 in 4 and 3 Regime MRPA

PC2 in 4 and 3 Regime MRPA



Regime Switching Dynamics

ÅHow does past regime-residence history 
influence next period's regime draw?   

ÅVague PriorHypothesis:

ÅIID regime switching:

ÅAnalogous to the vague prior hypothesis in 
Bayesian statistics

ÅMotivation:  In practice, priorshave little 
influence on posteriors, so it's a weak 
assumption (Bartholomew & Knott, 1994)
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The EM Iteration

Log-likelihood

.ŀȅŜǎΩ ¢ƘŜƻǊŜƳ

Update priors

Update means
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Soft Clustering

ML inference assigns a posteriorprobability to each period 

It is the probability of residing in regime, m, during a given 
period, after observing the return for that period

The posteriorprobabilities provide a soft clustering of the 
periods into regimes

Typical of multi-regime (latent class) models
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POSTERIOR PROBABILITY:  4 REGIMES / 5 FACTORS

USD Libor Swaps - November 1997 to July 2010
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HiVol1 HiVol2 Quiet Crisis

Priors 38.0% 7.1% 53.4% 1.4%

Vol from PCs 103 bps 158 bps 53 bps 220 bps

Vol from Residuals 0.3 bps 0.4 bps 0.3 bps 0.7 bps
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MONTE CARLO SIMULATION TEST

Generated returns using 4 regimes, 8 factors and a noise term.  
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Conditionally Stationary

ÅMarket dynamics are highly non-stationary
ÅIn MRPA, the non-stationary aspect has been 

isolated in the regime-switching process
ÅWe cannot easily anticipatea crisis, because the 

underlying regime-process is complex, but we can 
easily recognize one when we are in it
ÅIn other words, we make no attempt here to 

forecast regimes, only to characterize them
ÅWithin a regime, is there evidence that the 

market returns are stationary?
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