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Outline

1. Rates trading is becoming electronic
futures first, then cash

2. Business of algo execution
new in futures and fixed income

3. How to get good results
understanding of market microstructure

4. How do we improve toward that result?
use a market simulator

5. How do we build and use a simulator?
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Pit trading → electronic
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Pit

position traders

floor brokers

Electronic

HFT & Market Makers

algorithmic brokers (QB)



CME rates futures shift to electronic

4Produced by QB from CME data
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Quantitative Brokers

Algorithmic execution and cost measurement
No prop trading or market making

Interest rate products, starting with futures
Equities, FX already well served
Futures on CME, Eurex, LIFFE, Montréal, ICE
cash Treasuries live May 2015
basis trading futures vs cash

Good execution depends on 
 microstructure expertise
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Midpoint fills
Passive fills
Cumulative exec
Market trades
Limit orders
Cumulative VWAP
Cointegration
Microprice
Bid-ask

Exec = 98.806  Cost to strike = -0.31 tick = -$3.92 per lot
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48 @ 98.808

5 @ 98.805

15 @ 98.805
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12 @ 98.805

43 @ 98.805

4.7% mkt  

81 passv 48 midpt 0 aggr
Midpoint fills
Passive fills
Working quantity
Cumulative Market Volume
Filled quantity
Aggressive quantity

Our limit orders

Cointegration signal  
(indicating down move)

Benchmark = 
Arrival price

Order book 
(direct + implied)Midpoint liquidity

Our fills

buy sell

Produced by QB from CME and internal data

Chicago time
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Exec = 125−07.71  Cost to strike = −0.92 tick = −$14.33 per lot
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Produced by QB from CME and internal data
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Exec = 9955.88  Cost to strike = 0.25 tick = $3.14 per lot
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Produced by QB from CME and internal data

Cointegration signal  
indicates up move:

aggressive buy



Example bond execution

9Produced by QB from internal and external data
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Multi-asset
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Differences between rates futures and equities

•No market fragmentation (futures)
simple routing, good market data

•Trading rules more complicated
match algorithms
implied quoting

•Large tick size (bid-ask spread)
•High degree of interrelation

cointegration 
multidimensional algorithms

basis trading, substitutions, etc

•Round the clock trading
Information events
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CGBU5:  10-year Canadian note futures

234 Laurier Avenue West • Ottawa, Ontario K1A 0G9 • 613 782-8111 • www.bankofcanada.ca 
234, rue Laurier Ouest • Ottawa (Ontario)  K1A 0G9 • 613 782-8111 • www.banqueducanada.ca 

 
FOR IMMEDIATE RELEASE               
15 July 2015 

CONTACT: Media Relations 
613 782-8782 

Bank of Canada lowers overnight rate target to 1/2 per cent 

OTTAWA – The Bank of Canada today announced that it is lowering its target for the overnight 
rate by one-quarter of one percentage point to 1/2 per cent. The Bank Rate is correspondingly       
3/4 per cent and the deposit rate is 1/4 per cent.  

Total CPI inflation in Canada has been around 1 per cent in recent months, reflecting year-over-
year price declines for consumer energy products. Core inflation has been close to 2 per cent, with 
disinflationary pressures from economic slack being offset by transitory effects of the past 
depreciation of the Canadian dollar and some sector-specific factors. Setting aside these transitory 
effects, the Bank judges that the underlying trend in inflation is about 1.5 to 1.7 per cent. 

Global growth faltered in early 2015, principally in the United States and China.  Recent 
indicators suggest a rebound in the U.S. economy in the second half of this year, and growth is 
expected to be solid through the projection. In contrast, China is slowing amid an ongoing process of 
rebalancing to a more sustainable growth path. This has pulled down prices of certain commodities 
that are important to Canada’s exports. Financial conditions in major economies remain very 
accommodative and continue to provide much-needed support to economic activity. Global growth 
is expected to strengthen over the second half of 2015, averaging about 3 per cent for the year, and 
accelerate to around 3 1/2 per cent in 2016 and 2017. 
The Bank’s estimate of growth in Canada in 2015 has been marked down considerably from its 
April projection. The downward revision reflects further downgrades of business investment plans 
in the energy sector, as well as weaker-than-expected exports of non-energy commodities and non-
commodities.  Real GDP is now projected to have contracted modestly in the first half of the year, 
resulting in higher excess capacity and additional downward pressure on inflation.  
The Bank expects growth to resume in the third quarter and begin to exceed potential again in the 
fourth quarter, led by the non-resource sectors of Canada’s economy. Outside the energy-
producing regions, consumer confidence remains high and labour markets continue to improve. 
This will support consumption, which will also receive a fiscal boost. Recent evidence suggests a 
pickup in activity and rising capacity pressures among manufacturers, particularly those exporters 
that are most sensitive to movements in the Canadian dollar. Financial conditions for households 
and businesses remain very stimulative.  
The Bank now projects Canada’s real GDP will grow by just over 1 per cent in 2015 and about     
2 1/2 per cent in 2016 and 2017. With this revised growth profile, the output gap is significantly 
larger than was expected in April, and closes somewhat later. The Bank anticipates that the 
economy will return to full capacity and inflation to 2 per cent on a sustained basis in the first half 
of 2017.  
The lower outlook for Canadian growth has increased the downside risks to inflation. While 
vulnerabilities associated with household imbalances remain elevated and could edge higher, 
Canada’s economy is undergoing a significant and complex adjustment. Additional monetary 
stimulus is required at this time to help return the economy to full capacity and inflation 
sustainably to target.  

 



Intraday forecast curves

13Produced by QB from CME market data

time                    date       NYtime UKtime GEtime src    region event                      
-------------------------------------------------------------------------------------------------
2015.04.29T06:00:00.000 2015.04.29 02:00  07:00  08:00  econ   UK     Nationwide HPI             
2015.04.29T08:00:00.000 2015.04.29 04:00  09:00  10:00  econ   EC     M3 Money Supply            
2015.04.29T09:00:00.000 2015.04.29 05:00  10:00  11:00  econ   EC     EC Economic Sentiment      
2015.04.29T09:30:00.000 2015.04.29 05:30  10:30  11:30  auct   GE     Bobl                       
2015.04.29T10:00:00.000 2015.04.29 06:00  11:00  12:00  econ   UK     CBI Distributive Trades    
2015.04.29T11:00:00.000 2015.04.29 07:00  12:00  13:00  econ   US     MBA Mortgage Applications  
2015.04.29T12:00:00.000 2015.04.29 08:00  13:00  14:00  econ   GE     CPI                        
2015.04.29T12:30:00.000 2015.04.29 08:30  13:30  14:30  econ   US     GDP                        
2015.04.29T14:00:00.000 2015.04.29 10:00  15:00  16:00  econ   US     Pending Home Sales Index   
2015.04.29T14:30:00.000 2015.04.29 10:30  15:30  16:30  energy US     EIA Petroleum Status Report
2015.04.29T17:00:00.000 2015.04.29 13:00  18:00  19:00  auct   US     7-Yr Note Auction          
2015.04.29T18:00:00.000 2015.04.29 14:00  19:00  20:00  econ   US     FOMC Meeting Announcement  
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Slippage measurement

Live or die by transaction costs
Look at main determinants of good slippage
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$/lot

$9.5MM in 34 months: 77 bp annual improvement in return

April 2013 through Feb 2016

28,512 orders 
60.5 lots avg

1,724,316 lots

27,249 orders
58.4 lots avg 

1,591,694 lots

http://quantitativebrokers.com/wp-content/uploads/2016/05/QB-Algorithmic-Performance-2016.pdf
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10-year Treasury futures

Produced by QB from CME and internal data

For rates products,  
order size is not 

most important factor 
in slippage
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For rates, slippage is largely 
controlled by ability  

to forecast price motion
(and passive fills).

Price change during execution

Slippage  
to

Arrival
Price
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Natural gas futures

Produced by QB from CME and internal data

For non-rates products, 
slippage depends on 

order size (market impact)



Impact cost model
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What does performance depend on?

Passive fills
Short term price signals
Reliable performance in different mkt conds

22



How to develop and improve algos?

1. Pure theory and quant modeling

2. Experiment with real client orders

3. Simulator

23
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“Skate to where the puck 
is going to be, not where 
it has been,” Wayne 

Gretzky once told an interviewer. 
As the Great One described it, what 
cuts certain players a level above isn’t 
native instinct alone, so much as end-
less practice seeing the ice and, frankly, 
the hard work of getting to where a 
scoring opportunity will be, before it 
reveals itself.

Gretzky’s advice is one of Robert 
Almgren’s favorite lines—but not 
because the co-founder of Quantitative 
Brokers (QB) is a hockey fan. Instead, 
he says a similar idea applies to the 
business of algorithmic futures execu-
tion: the more you see, the more you 

test, the more instinctual an algo-
based strategy can become. Changing 
expectations at systematic hedge funds 
and commodity trading advisors 
(CTAs) have put increasing emphasis 
on an active and dogged approach to 
execution, with recognition that in 
correlated markets like interest rates, 
the extra step is crucial, even if it is also 
more expensive. 

Shops both big and small now argue 
it’s worth it, including AHL—Man 
Group’s managed futures fund—and 
Revolution Capital Management, a 
Broomfield, Colo.-based CTA. And 
much of the value, they say, derives 
from what comes before any trades are 
even made.

A potent mixture of in-house, futures 
commission merchant, and boutique 
brokerage-provided algorithms now 
play a part in commodity trading 
advisors’ and managed futures funds’ 
trading activities. Tim Bourgaize 
Murray examines why a new cadre of 
simulation tools is helping to organize—
and perhaps re-mold—these buy-side 
specialists’ order flow.

April 2014   waterstechnology.com

development of our own execution 
algos has allowed traders to move up the 
value chain and focus on more complex 
markets and strategies. Currently, we 

rithms designed to handle multi-legged 

Indeed, complex strategies like 
legging are where the two streams of 
QB’s information—post-trade total 

ker takes on projects like constructing a 
es the target 

price on a synthetic instrument using 

SALIENT POINTS
• Managed futures specialists are increasingly 

taking advantage of boutique agency brokers’ 
algorithms, citing their ability to be opportunistic 
and adjust to markets’ behavior, as well as 
faster speed to implementation and greater 
alpha realized through price slippage.

• Rates futures, particularly, are ripe for these 
applications given their correlation and the char-
acteristics of the complexes within which they’re 
traded, and are well-serviced by Quantitative 
Brokers (QB), among other independent shops. 
Hedge fund AHL and CTA Revolution Capital 
Management are among QB’s users for rates.

• Another value-added feature at smaller shops 
like QB is their simulation environments, which 
mimic the matching engine logic of relevant 
futures exchange venues and can test new 
adjustments to algorithms with real-time market 
data before putting the algos into production.

• Sources expect a greater variety of such 
brokers to crop up in coming years, while sell-
side futures commission merchants (FCMs), 
sensing greater competition, are also expected 
to mature their offerings and continue bundling 
futures algos with other execution and clearing 
services.

trading technologies for financial-market professionals ALGO CHASE
Managed Futures’

Waters Technology 
Tim Murray  
April 2014

The algorithmic “palette” for futures 
is diversifying for two reasons. The 

rst is that the style of trading is in 
transition, somewhat belatedly, just as 

oading more of 

ing algo development—built in the 

ers—many of them, including QB 
and Pragma, run by former quants like 
Almgren—put a premium on quality 
rather than price. Sure, the uptake 

“We do perform reviews on all 
algos internally using our own 
simulator, and are always keen 
to compare these results with 
those of the provider. If they 
cannot provide a simulator, it 
takes a lot longer to see if we 
believe their story.” Murray 
Steel, AHL



Computational fluid dynamics

25



Computational fluid dynamics

Complete simulation is impossible
Discretize to capture key features:
• Conservation of mass, momentum, etc
• Positivity of density, etc
• Vortex dynamics
• Chemical reactions
• 2-D, 3-D, axisymmetric, etc
• Nonlocal effects (incompressible flow)

26



Computational market simulation
Complete simulation is impossible
(Human reaction is very complicated)

Key features to include:
queue position and match algorithms
price movement

Features to neglect for simplicity:
market impact

(Literature on agent-based markets)

27
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‘They were obliged to have him with 
them,’ the Mock Turtle said: ‘no wise fish 
would go anywhere without a porpoise.’ 

‘Wouldn’t it really?’ said Alice in a tone of 
great surprise. 

‘Of course not,’ said the Mock Turtle: 
‘why, if a fish came to me, and told me he 
was going a journey, I should say “With 
what porpoise?”’ 

‘Don’t you mean “purpose”?’ said Alice. 

‘I mean what I say,’ the Mock Turtle 
replied in an offended tone.



Market simulator
Tool for developing and testing execution 
algorithms for interest rate products.
Capture essential features of main markets:
• matching algorithms and passive fill probabilities
• short term pricing signals

Will have limitations -- useful anyway
Does not embody model of market impact
The one most natural way to build a simulator

29



What did not work

30

CME Test 
Environment

Algo being tested

Dummy algos

Dummy algos

Dummy algos

ZI
Agents

ZI
Agents

ZI
Agents

ZI
Agents

(Santa Fe  
zero-intelligence  

market algorithm)

Random order 
sizes and times

No real market data:
no price signals
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Simulating and analyzing order book data:

The queue-reactive model

Weibing Huang1,2, Charles-Albert Lehalle3 and Mathieu Rosenbaum1

1 LPMA, University Pierre et Marie Curie (Paris 6)
2 Kepler-Cheuvreux

3 Capital Fund Management

September 5, 2014

Abstract

Through the analysis of a dataset of ultra high frequency order book updates, we introduce
a model which accommodates the empirical properties of the full order book together with
the stylized facts of lower frequency financial data. To do so, we split the time interval of
interest into periods in which a well chosen reference price, typically the midprice, remains
constant. Within these periods, we view the limit order book as a Markov queuing system.
Indeed, we assume that the intensities of the order flows only depend on the current state
of the order book. We establish the limiting behavior of this model and estimate its
parameters from market data. Then, in order to design a relevant model for the whole
period of interest, we use a stochastic mechanism that allows to switch from one period of
constant reference price to another. Beyond enabling to reproduce accurately the behavior
of market data, we show that our framework can be very useful for practitioners, notably
as a market simulator or as a tool for the transaction cost analysis of complex trading
algorithms.

Keywords: Limit order book, market microstructure, high frequency data, queuing model,
jump Markov process, ergodic properties, volatility, mechanical volatility, market simulator,
execution probability, transaction costs analysis, market impact.

1 Introduction

Electronic limit order books (LOB for short), where market participants send their buy and
sell orders via a continuous-time double auction system, are nowadays the dominant mode of
exchange on financial markets. Consequently, understanding the LOB dynamics has become a
fundamental issue. Indeed, a deep knowledge of the LOB’s behavior enables policy makers to
design relevant regulations, market makers to provide liquidity at cheaper prices, and investors
to save transaction costs while mounting and unwinding their positions, thus reducing the cost
of capital of listed companies. Furthermore, it can also provide insights on the macroscopic
features of the price which emerges from the LOB.
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1 Introduction

Electronic limit order books (LOB for short), where market participants send their buy and
sell orders via a continuous-time double auction system, are nowadays the dominant mode of
exchange on financial markets. Consequently, understanding the LOB dynamics has become a
fundamental issue. Indeed, a deep knowledge of the LOB’s behavior enables policy makers to
design relevant regulations, market makers to provide liquidity at cheaper prices, and investors
to save transaction costs while mounting and unwinding their positions, thus reducing the cost
of capital of listed companies. Furthermore, it can also provide insights on the macroscopic
features of the price which emerges from the LOB.
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Figure 12: Market impact profiles

orders, T1 becomes probably more relevant since the cost of market impact is likely to outweigh
the benefit from passive execution of T2. Finally, note that in our Markovian framework, no
significant price relaxation (that is the fact that on average, after the completion of the execu-
tion of a buy order, the price may drop to a lower level than the one reached at the end of the
execution) can be observed.

4 Conclusion and perspectives

In this work, we have modeled market participants intelligence through their average behaviors
towards various states of the LOB. This enabled us to analyze the di↵erent order flows and to
design a suitable market simulator for practitioners, allowing notably to investigate the trans-
action costs of complex trading strategies. To our knowledge, our model is the first one where
such pre-trade cost analysis is possible in a simple and e�cient way.

Another important public information, the historical order flow, is not considered in this ap-
proach. Market order flows have been shown to be autocorrelated in several empirical studies,
see for example Toth, Palit, Lillo, and Farmer (2011b). Thus, adding such feature in our frame-
work would probably be relevant. Another possible direction for future research would be to
explain the shape of the estimated intensity functions in a more sophisticated way. For example,
it would be interesting to design some agent based model where these repetitive patterns of the
LOB dynamics would be reproduced, providing an even better understanding of the nature of
these intensity curves.
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Simulating and Analyzing Order Book Data: The
Queue-Reactive Model

Weibing HUANG, Charles-Albert LEHALLE, and Mathieu ROSENBAUM

Through the analysis of a dataset of ultra high frequency order book updates, we introduce a model which accommodates the empirical
properties of the full order book together with the stylized facts of lower frequency financial data. To do so, we split the time interval of
interest into periods in which a well chosen reference price, typically the midprice, remains constant. Within these periods, we view the limit
order book as a Markov queuing system. Indeed, we assume that the intensities of the order flows only depend on the current state of the
order book. We establish the limiting behavior of this model and estimate its parameters from market data. Then, to design a relevant model
for the whole period of interest, we use a stochastic mechanism that allows to switch from one period of constant reference price to another.
Beyond enabling to reproduce accurately the behavior of market data, we show that our framework can be very useful for practitioners,
notably as a market simulator or as a tool for the transaction cost analysis of complex trading algorithms.

KEY WORDS: Ergodic properties; Execution probability; High frequency data; Jump Markov process; Limit order book; Mechanical
volatility; Market impact; Market microstructure; Market simulator; Queuing model; Transaction costs analysis; Volatility.

1. INTRODUCTION

Electronic limit order books (LOB), where market partici-
pants send their buy and sell orders via a continuous-time dou-
ble auction system, are nowadays the dominant mode of ex-
change on financial markets. Consequently, understanding the
LOB dynamics has become a fundamental issue. Indeed, a deep
knowledge of the LOB’s behavior enables policy makers to de-
sign relevant regulations, market makers to provide liquidity
at cheaper prices, and investors to save transaction costs while
mounting and unwinding their positions, thus reducing the cost
of capital of listed companies. Furthermore, it can also provide
insights on the macroscopic features of the price which emerges
from the LOB.

In the seminal work on zero intelligence LOB models of
Smith et al. (2003), a mean-field approach is suggested to study
the properties of the LOB. In such models, the underlying as-
sumption is that the order flows follow independent Poisson
processes. Although this hypothesis is not really compatible
with empirical observations, the authors show that its simplicity
allows for the derivation of many interesting formulas, some of
them being testable on market data. This work has been followed
by numerous developments. For example, in Cont, Stoikov, and
Talreja (2010), the probabilities of various order book related
events are computed in this framework, whereas stability condi-
tions of the system are studied in Abergel and Jedidi (2011). We
wish to extend this approach in two directions. On the one hand,
we want our model to be more consistent with market data, so
that we can give new insights on the dynamics of the LOB. On
the other hand, we aim at providing a useful and relevant tool for
market practitioners, notably in the perspective of transaction
costs analysis.
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Under the first-in, first-out rule (which we assume in the
following), a LOB can be considered as a high-dimensional
queuing system, where orders arrive and depart randomly. We
consider the three following types of orders:

• Limit orders: insertion of a new order in the LOB (a buy
order at a lower price than the best ask price, or a sell order
at a higher price than the best bid price).

• Cancellation orders: cancellation of an already existing
order in the LOB.

• Market orders: consumption of available liquidity (a buy
or sell order at the best available price).

In practice, market participants (or their algorithms) analyze
many quantities before sending a given order at a given level.
One of the most important variables in this decision process
is probably the distance between their target price and their
“reference market price,” typically the midprice. This reference
price is linked with the order flows since it is usually determined
by the LOB state. This interconnection makes the design of LOB
models quite intricate. To overcome this difficulty, we split the
time interval of interest into periods of constant reference price,
and consider two parts in our modeling. First, we study the LOB
as a Markov queuing system during the time periods when the
reference price is constant. Then, we investigate the dynamics of
the reference price. Such a framework is particularly suitable for
large tick assets, for which constant reference price periods are
quite long and allow for accurate parameter estimations (A large
tick asset is defined as an asset whose bid-ask spread is almost
always equal to one tick; see Dayri and Rosenbaum (2012). In
practice, our framework can be considered relevant for any asset
whose average spread is smaller than 2.5 ticks.).

Two kinds of public information are available to market par-
ticipants at the high frequency scale: the historical order flows
and the current state of the LOB. In this article, we are mostly
interested in how the state of the LOB impacts market partic-
ipants decisions. Surprisingly enough, this question has been
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Simulating and Analyzing Order Book Data: The
Queue-Reactive Model

Weibing HUANG, Charles-Albert LEHALLE, and Mathieu ROSENBAUM

Through the analysis of a dataset of ultra high frequency order book updates, we introduce a model which accommodates the empirical
properties of the full order book together with the stylized facts of lower frequency financial data. To do so, we split the time interval of
interest into periods in which a well chosen reference price, typically the midprice, remains constant. Within these periods, we view the limit
order book as a Markov queuing system. Indeed, we assume that the intensities of the order flows only depend on the current state of the
order book. We establish the limiting behavior of this model and estimate its parameters from market data. Then, to design a relevant model
for the whole period of interest, we use a stochastic mechanism that allows to switch from one period of constant reference price to another.
Beyond enabling to reproduce accurately the behavior of market data, we show that our framework can be very useful for practitioners,
notably as a market simulator or as a tool for the transaction cost analysis of complex trading algorithms.

KEY WORDS: Ergodic properties; Execution probability; High frequency data; Jump Markov process; Limit order book; Mechanical
volatility; Market impact; Market microstructure; Market simulator; Queuing model; Transaction costs analysis; Volatility.
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In the seminal work on zero intelligence LOB models of
Smith et al. (2003), a mean-field approach is suggested to study
the properties of the LOB. In such models, the underlying as-
sumption is that the order flows follow independent Poisson
processes. Although this hypothesis is not really compatible
with empirical observations, the authors show that its simplicity
allows for the derivation of many interesting formulas, some of
them being testable on market data. This work has been followed
by numerous developments. For example, in Cont, Stoikov, and
Talreja (2010), the probabilities of various order book related
events are computed in this framework, whereas stability condi-
tions of the system are studied in Abergel and Jedidi (2011). We
wish to extend this approach in two directions. On the one hand,
we want our model to be more consistent with market data, so
that we can give new insights on the dynamics of the LOB. On
the other hand, we aim at providing a useful and relevant tool for
market practitioners, notably in the perspective of transaction
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Figure 2. Intensities at Q±i , i = 1, 2, 3, France Telecom.

λC
−i(n), λM

i (n) = λM
−i(n), and

fi(q) = λL
i (qi)

gi(q) = λC
i (qi) + λM

i (qi).

In this model, market orders sent to Qi consume directly the
volume available at Qi . Therefore, we can have a market order
at the second limit while the first limit is not empty. However, for
large tick assets, this assumption is reasonable as their market
order flow is almost fully concentrated on first limits (Q±1) and
the estimated intensities of this flow at (Q±i), i ̸= 1 are very
small. Under these assumptions, the LOB becomes a collection
of 2K independent queues, each of them being a birth-and-death
process.

2.3.2 Empirical Study: Collection of Independent Queues.
In Model I, the intensities of the different queues can be esti-
mated separately. The value of K is set to 3, as our numerical
experiments show that for the considered stocks, both the dy-
namics and empirical distributions at Q±i , i = 4, 5 are quite
similar to that at Q±3. This value of K will also apply to other
experiments in the article.

The estimation method goes as follows. We define an “event”
ω as any modification of the queue size. For queue Qi , we
record the waiting time #ti(ω) (in number of seconds) between
the event ω and the preceding event at Qi , the type of the event
Ti(ω) and the queue size qi(ω) before the event. The queue size
is then approximated by the smallest integer that is larger than
or equal to the volume available at the queue, divided by the
stock’s average event size AESi at the corresponding queue. We
set the “type” of the event ω the following way:

• Ti(ω) ∈ E+ for limit order insertion at Qi ,
• Ti(ω) ∈ E− for limit order cancellation at Qi ,
• Ti(ω) ∈ E t for market order at Qi .

When the reference price changes, we restart the recording
process. Once we have collected (#ti(ω), Ti(ω), qi(ω)) from
historical data, it is easy to estimate λL

i (n), λC
i (n) and λM

i (n) by

the maximum likelihood method:

$̂i(n) =
(
mean(#ti(ω)|qi(ω) = n)

)−1

λ̂L
i (n) = $̂i(n)

#{Ti(ω) ∈ E+, qi(ω) = n}
#{qi(ω) = n}

λ̂C
i (n) = $̂i(n)

#{Ti(ω) ∈ E−, qi(ω) = n}
#{qi(ω) = n}

λ̂M
i (n) = $̂i(n)

#{Ti(ω) ∈ E t , qi(ω) = n}
#{qi(ω) = n}

,

where “mean” denotes the empirical mean and #A the cardinal-
ity of the set A.

In Figure 2, we present the estimated intensities. Data at
Qi and Q−i are aggregated together (simply by combining the
two collected samples) and confidence intervals (dotted lines)
are computed using central limit approximations detailed in
appendix. We now comment the obtained graphs.

Behaviors Under the Independence Assumption

• Limit order insertion:
• Q±1: The intensity of the limit order insertion process

is approximately a constant function of the queue size,
with a significantly smaller value at 0. Note that inserting
a limit order in an empty queue creates a new best limit
and the market participant placing this order is the only
one standing at this price level. Such action is often
risky. Indeed, when the spread is different from one
tick, one is quite uncertain about the position of the
so-called “efficient” or “fair” price (see, e.g., Delattre,
Robert, and Rosenbaum 2013) for discussions on this
notion. This smaller value can also be due to temporary
realizations of the structural relation between the bid-ask
spread and the volatility: if the spread is large because the
inventory risk of market makers is high, the probability
that anyone inserts a limit order in the spread is likely to
be low (see, among others, Madhavan, Richardson, and
Roomans 1997; Avellaneda and Stoikov 2008; Wyart
et al. 2008; Dayri and Rosenbaum 2012 for more details
about market making and the relation between spread,
volatility and inventory risk.)
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where VWAPi denotes the volume weighted average transac-
tion price of the ith slice. Indeed, VWAPi is often considered
as a simple proxy for the execution price in the slice when
one focuses on the scheduling algorithm. Hence, Slippagetheo

essentially measures the quality of the scheduling strategy and
neglects the randomness in execution prices due to the order
placement tactic. Note that here a market impact component
is included in the computation of the theoretical scheduling
slippage. This is because the value of VWAPi in each slice is
obviously impacted by our execution.

We launched 2000 simulations for each couple of (S1/S2,
T1/T2). The intensity functions estimated for the stock France
Telecom are used in these simulations, as well as the two pa-
rameters θ = 0.7 and θ reinit = 0.85 calibrated in Section 3.1.
Furthermore, we use a standard kernel smoothing method when
estimating the probability density functions of Slippagetheo and
Slippage. The results are shown in Figure 11.

Figure 11 suggests that the slippage distributions of the same
scheduling strategy using two different tactics can be very dif-
ferent: T2 (“Pegging to the best”) performs better than T1 (“Fire
and forget”) when being coupled with a linear scheduling strat-
egy with VWAP benchmark, while T1 slightly outperforms
T2 when an exponential scheduling strategy with arrival price
benchmark is considered. In our setting, the limit orders change
the queue sizes and therefore modify the behaviors of the order
flows. Consequently they generate market impact. By constantly
following the best offer queue until the total volume is filled,
T2 achieves on average a higher passive execution rate (defined
as the volume passively executed3 divided by the total executed
volume). Thus, in each slice, it often obtains a better price than
that of a more market orders based tactic. However, at the same
time, it creates a larger impact than T1 since the order stays
longer in the queues. This explains why the theoretical schedul-
ing slippage of T2 is worse than that of T1 for an execution
with arrival price benchmark using an exponential scheduling
strategy.

3.2.2 Market Impact Profiles. We now study the market im-
pact profiles of these two tactics. Recall that an order placement
tactic has two parameters: the slice duration T and the quantity
to execute n. In the following experiments, T is set to 10 min, and
the value of n varies from 1 to 60 AES1. We denote by MIi(t, n)
the market impact at time t of Tactic i with target quantity n,
defined by: MIi(t, n) = E[ St−S0

S0
], with St the midprice at time

t. We launched 2000 simulations for each value of n, t in the
ranges 1–60 AES1 and 1–600 sec. Impact profiles are given in
Figure 12.

In agreement with the celebrated “square-root law,” (see
Gatheral 2010; Toth et al. 2011a; Farmer et al. 2013), the market
impact curves are concave both in time and volume. One can
also see that the impact of T1 is quite instantaneous and depends
essentially on the target quantity n, while the impact of T2 is a
progressive process, depending both on the target quantity n and
the time t. Note that T2 seems suitable when dealing with small
orders since its market impact is small and it has a higher pas-
sive execution rate than T1. If one needs to trade larger orders,

3A buy execution is said to be passive if it occurs at the bid side of the LOB,
aggressive if it occurs at the ask side of the LOB.

T1 becomes probably more relevant since the cost of market
impact is likely to outweigh the benefit from passive execution
of T2. Finally, note that in our Markovian framework, no sig-
nificant price relaxation (i.e., the fact that on average, after the
completion of the execution of a buy order, the price may drop
to a lower level than the one reached at the end of the execution)
can be observed.

4. CONCLUSION AND PERSPECTIVES

In this work, we have modeled market participants intelli-
gence through their average behaviors toward various states of
the LOB. This enabled us to analyze the different order flows
and to design a suitable market simulator for practitioners, al-
lowing notably to investigate the transaction costs of complex
trading strategies. To our knowledge, our model is the first one
where such pre-trade cost analysis is possible in a simple and
efficient way.

Another important public information, the historical order
flow, is not considered in this approach. Market order flows
have been shown to be autocorrelated in several empirical stud-
ies (see, e.g., Toth et al. 2011b). Thus, adding such feature in
our framework would probably be relevant. Another possible
direction for future research would be to explain the shape of
the estimated intensity functions in a more sophisticated way.
For example, it would be interesting to design some agent based
model where these repetitive patterns of the LOB dynamics
would be reproduced, providing an even better understanding
of the nature of these intensity curves.

APPENDIX A

A.0.1 Proof of Theorem 2.1

Proof. For some z > 1, set

V (q) =
K∑

j=−K,j ̸=0

z|qj −Cbound|+ .

For any q ∈ ", we have

QV (q) =
∑

p ̸=q

Qq,p[V (p) − V (q)]

=
K∑

i=−K,i ̸=0

[fi(q)(z|qi+1−Cbound|+ − z|qi−Cbound|+ )

+gi(q)(z|qi−1−Cbound|+ − z|qi−Cbound|+ )]

=
K∑

i=−K,i ̸=0

[
fi(q)1qi≥Cboundz

|qi−Cbound|+ (z − 1)
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The Penn-Lehman Automated Trading Project is a broad investigation of algo-

rithms and strategies for automated trading in financial markets. The PLAT Proj-

ect’s centerpiece is the Penn Exchange Simulator (PXS), a software simulator for auto-

mated stock trading that merges automated client orders for shares with real-world,

real-time order data. PXS automatically computes
client profits and losses, volumes traded, simulator
and external prices, and other quantities of interest.
To test the effectiveness of PXS and of various trad-
ing strategies, we’ve held three formal competitions
between automated clients.

PLAT background
The PLAT Project (www.cis.upenn.edu/~mkearns/

projects/plat.html) has several underlying motiva-
tions. From a research perspective, we’re among the
growing number of AI and computer science
researchers with an interest in all forms of e-com-
merce, computational markets, algorithmic mecha-
nism design and electronic auctions, and related top-
ics. In addition to a burgeoning theoretical literature,1

this line of research has a growing platform and sys-
tems component. The best example of such a system
is perhaps the popular, successful Trading Agent
Competition (TAC)2–4 (see also http://auction2.
eecs.umich.edu/researchreport.html), which has fo-
cused primarily on multicommodity auction simu-
lations. So, one primary motivation for the PLAT
Project is to contribute to this line of systems and
competition work in automated markets. In this
regard, a distinguishing characteristic of the project
is its investigation of a real and widely studied class
of automated markets and strategies. Indeed, Wall
Street has many quantitative traders who do for a liv-
ing what PLAT Project participants do in the safety
of the PXS environment. In the same vein, we’re also
interested in designing challenging, realistic com-
petitions in automated trading in financial markets,

using PXS as the testbed.
We also actively use PXS as a platform for devel-

oping novel, principled automated trading strategies
(clients). The real-data, real-time nature of PXS
lets us examine computationally intensive, high-
frequency, high-volume trading strategies (although
this last property always presents the challenges of
estimating the market impact—the effect on prices).
We’re particularly interested in developing clients
that make predictive use of limit order book data,
including those using statistical modeling and
machine learning. We hope that, over time, the proj-
ect will generate a library of clients with varying fea-
tures (trading strategy, volume, frequency, and so on)
that can serve to create realistic simulations with
known properties.

In addition, the project has a major educational com-
ponent. Aside from the project staff team of five (who
oversee PXS maintenance and development, manage
the Island data, and run the competitions), over 30 stu-
dents are developing automated trading strategies for
PXS, and they regularly participate in the competitions.
Many of the students are in joint programs with the
University of Pennsylvania’s Computer and Informa-
tion Science Department and the Wharton School (of
business). These students must undertake a year-long
senior research project; many have chosen to do so as
participants on the PLAT Project developing novel
automated-trading strategies. Several students are from
other universities.

Finally, the PLAT Project is an educational and
institutional partnership between the University of
Pennsylvania and Lehman Brothers’ Proprietary

The PLAT Project has

developed a trading

simulation that merges

automated clients with

real-time, real-world

stock market data.

This simulation has

been used for three

competitions.
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Simulator  
(artificial  
market)

Algorithm

Orders
Fills Market 

data

Market data 
(real-time or historical)

Merge real  
market data

Quote volume at each level  
and number of orders 
(CME does not give
detailed order info)



Criteria for simulator

• If no algo orders, reproduce market data

• If no market data, reproduce match engine

• Challenge:  combine market data with orders
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Project(Report(
!

Combining(historical(data(with(a(market(simulator(for(testing(
algorithmic(trading(

!
Huang,!Wensheng!

Su,!Li!
Zhu,!Yuanfeng!

!
Advisor!

Dr.!Robert!Almgren!
!

Abstract(
!
In! algorithmic! trading! field,! it! is! very! important! to! have! a! good!market! simulator! to! for! back!
testing!trading!algorithms!or! trading!strategies.!Before!trading!algorithms!or! trading!strategies!
are!used!in!production!environment,!they!are!often!required!to!be!tested!against!historical!data!
in!a!market!simulator.!One!of!the!challenges!is!to!merge!the!orders!generated!from!algorithms!
or!strategies!into!market!quotes!and!trades.!This!project!develops!an!algorithm!to!merge!orders!
into!historical!data!so!that!people!can!pragmatically!back!testing!trading!algorithms!or!strategies.!
This!algorithm!is!applied!to!US!Treasury!Futures!on!CME!and!results!are!proved!to!be!promising.!
!
1( Introduction(
!
With!the!growing!popularity!of!electronic!trading,!algorithmic!trading!has!become!the!dominant!
force! in! many! markets.! There! are! two! types! of! algorithmic! trading:! agency! execution! and!
proprietary! trading.! Agency! execution! algorithms! typically! are! developed! by! brokers! to! serve!
their!clients!to!execute!clients’!orders!in!an!efficient!way.!Proprietary!trading!algorithms!employ!
various!quantitative!and!fundamental!tools!to!trade!in!the!hope!of!achieving!returns!in!excess!of!
the! risk! borne.! In! either! case,! it! is! generally! too! expensive! for! traders! to! put! real! money! in!
before!they!back!test!their!algorithms.!!
!
For!medium!to!low!frequency!trading!strategies,!practitioners!usually!assume!that!their!orders!
are!filled!with!benchmark!prices!plus!estimated!transaction!costs.!!This!method!is!usually!good!
enough! for! medium! to! low! frequency! strategies.! For! high! frequency! and! intraday! trading!
algorithms,!however,!this!approach!usually!is!not!enough.!For!one!thing,!benchmarks!are!often!
the!targets!these!algorithms!are!designed!to!beat.!Secondly,!specific!trading!algorithms!usually!
have! a! different! risk! profile! from! benchmarks! so! their! execution! performances! are! different!
from!benchmarks!even!if!they!are!designed!properly.!!
!
There!are!some!challenges!to!realistically!back!test!new!trading!algorithms.!Since!we!can!not!go!
back!in!time!to!execute!our!orders!into!historical!markets,!it!is!impossible!to!have!a!perfect!back!
testing.!Therefore!we!need!to!make!some!assumptions!which!should!not!deviate!too!much!from!
reality.!Furthermore,!with!the!assumptions,!we!need!to!reinsert!our!orders!into!historical!trades!
and!quotes!and!make! them! interact!with!historical! flows! in!a! realistic!way.!Depending!on! the!
goals! of! the! algorithms! and! dynamics! of! markets,! the! assumptions! and! simulation! processes!
need!to!be!adapted.!

NYU MS Students, May 2012
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Next Data Feed

What is the Data 
Feed

Quote
Order

Trade

Compare T1 and 
P0 Compare Q1 and 

P0T1>P0
T1=P0

T1<P0

No 
Action

Partial Fill of our 
order book

Full Execution at 
>T1 and Partial 
Execution at T1. 
Need to check 

both Book A and B

Compare O1 and 
P0

Update 
Book A with 
New Best 
Bid = O1

Append to 
Book A Book B

O1>P0 O1=P0 O1<P0

Update 
Book A with 
New Best 
Bid = Q1

Reshuffling of 
orders at best 

bid
Full Execution at 
>Q1 and Partial 
Execution at Q1

Q1=P0

Q1<P0

Q1>P0

Notations

0. P0 – Best Bid Price at tick t0
1. T1 – trade price at tick t1
2. Q1 – quote price at tick t1
3. O1 – Order price at tick t1

Assumptions
We are only discussing buy 
limit orders. Sell limit orders will 
be symmetric.

Whenever partial filling is 
necessary, we need to model 
the distribution of order sizes at 
best bid.

Remove or 
resize the 

order in Book 
A and Book B

Order 
Resizing

The client orders 
on Book A before 
the update  will 

need to be moved 
to Book B in such 

case?

How does size 
change?

No 
Action

Append to 
Book AThe size decrease is 

prorated or based on a 
cancellation model

No 
change

Increased
Decreased

!

!

(
3.2.2( Cancellation(Model(
(
In!Algorithmic!Trading!Patterns! in!Xetra!Orders! (See!also! Johanne!Prix!etc),! the!authors! found!
orders!in!Xetra!are!more!likely!to!be!cancelled!when!they!are!newly!submitted.!It!is!reasonable!
assumption!that! in!a!FIFO!market,!traders!tend!to!cancel!their!new!orders!since!the!orders!do!

Huang, Su, and Zhou 2012



Interleave algo orders with market

38

Algo 
orders

Market 
orders

Interleave algo orders and market orders, 
respecting time priority

and implementing exchange match rules

Inside 
quote 
level
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Mkt data Algo order Book

quote=100 lot

40 lot bid

quote=150 lot

100

100 40

100 40 50

trade=30 lot (20%) 80 32 40

quote=120 lot

quote=110 lot (10 lot cancel) 80 32 30

pro rata

cancel from
back of queue

100

140

190

152

142

8 lot fill

etc

trade=38 lot



Simulator Assumptions
• Child orders always joining back of the queue

• Child orders use pessimistic queue position model, where;
• Market Trades - reduce quantity from front of queue
• Market Quote decreases - reduce quantity from back of queue

• Child orders receive passive fills based on matching algorithm:

• Aggressive child orders are fully executed at sweep price

• Child orders cannot establish a new price level

• If a price level is traded through, child orders at that level are filled

• Hidden liquidity (BML) is recreated from QB calculations 

• Implied quotes are treated equally to direct quotes

• Static latency of 2ms on market data and 8ms on execution

40



How to use simulator

Historical
rerun scenarios for algo improvement
backtests for potential clients

Real-time
clients can connect to “test-drive” algos

Algorithm development
test new signals on historical orders
multi-market legging trades

Real-time splitting for testing
compare simulator executions with real

41



Signal development

1. Propose idea
plausibility tests

2. Statistical tests on historical market data
nonzero correlation with future price movement

3. Rerun actual orders executed
show improvement in slippage

42
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based on short-term 

mean reversion 
and trading ranges
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Passive fills
Cumulative exec
Market trades
Limit orders
Cumulative VWAP
Microprice
Bid−ask

Exec = 43.34  Cost to strike = 8.27 tick = $49.62 per lot
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D
one at 08:38:50 

1 @ 43.25

1 @ 43.31

1 @ 43.32

1 @ 43.33

2 @ 43.37

1 @ 43.36

1 @ 43.36

1 @ 43.35

2 @ 43.35

1 @ 43.34

1 @ 43.33

2.2% mkt  

13 passv 0 aggr
Passive fills
Working quantity
Cumulative Market Volume
Filled quantity
Aggressive quantity
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Passive fills
Cumulative exec
Market trades
Limit orders
Cumulative VWAP
Microprice
Bid−ask

Exec = 43.30  Cost to strike = 4.50 tick = $27.00 per lot
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D
one at 08:42:06 

1 @ 43.25

1 @ 43.32
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1 @ 43.33

1 @ 43.32
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1 @ 43.30
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1.5% mkt  

13 passv 0 aggr
Passive fills
Working quantity
Cumulative Market Volume
Filled quantity
Aggressive quantity

without signal with signal

Produced by QB from CME and internal data
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Client

QB
Algo’s quotes

trades

child orders

quotes

trades

child orders QB
simulation
matching
engine

quotes

trades

exchange
matching
engine

Splitting of actual orders in real time

QB
Algo’s

parent orders
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Ultra 10 Yr Notes
Ultra
T-Bond
5-year
10-year
2-year

Mon 04 Jan 2016 to Wed 06 Jul 2016

46Produced by QB from CME and internal data

Production slippage (min px incr)

Simulator  
slippage 

(min px incr)

Comparison of simulator with real execution
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4

Production

Buy 148 ZNH4, 2014-02-05

Produced by QB from CME and internal data

Simulator crosses spread 
because of extra volume on bid side

22 lots 46+51 lots

Remaining size  
at much lower  

price level  
following event



Pessimistic fill assumptions

48

98.075

98.080

98.085

98.090

98.095

98.100

98.105

10:30:00 10:31:00 10:32:00 10:33:00 10:34:00 10:35:00 10:36:00 10:37:00 10:38:00

10,000 lots10,000 lots3&6−M
onth Bills

BML 100 lots

10:31:21

Strike 98.0875

Sweep 98.0900●● ● ● ●

●

●

●● ●● ●●● ●● ●

●

●●●● ●●●●

G
EU

6

Production
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6

Simulator

2014-01-27: Buy 56 GEU6

Production receives 
passive fills at 10:37,  
simulator does not

Produced by QB from CME and internal data



Main differences simulator/production:
• quote imbalance
• timing and latency
• random number sequences
• pessimistic fill model
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Summary

Fixed income trading is becoming electronic

Need full range of algo execution tools:
Transaction Cost Analysis (TCA) reporting
Market microstructure analysis
Algorithm optimization
Market simulator
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Disclaimer

This document contains examples of hypothetical performance. Hypothetical performance results have many inherent 
limitations, some of which are described below.  No representation is being made that any account will or is likely to 
achieve profits or losses similar to those shown.  In fact, there are frequently sharp differences between hypothetical 
performance results and the actual results subsequently achieved by any particular trading program.  
One of the limitations of hypothetical performance results is that they are generally prepared with the benefit of hindsight. 
 In addition, hypothetical trading does not involve financial risk, and no hypothetical trading record can completely account 
for the impact of financial risk in actual trading.  For example, the ability to withstand losses or to adhere to a particular 
trading program in spite of trading losses are material points which can also adversely affect actual trading results.  There 
are numerous other factors related to the markets in general or to the implementation of any specific trading program 
which cannot be fully accounted for in the preparation of hypothetical performance results and all of which can adversely 
affect actual trading results.
The reader is advised that futures are speculative products and the risk of loss can be substantial. Futures spreads are not 
necessarily less risky than short or long futures positions. Consequently, only risk capital should be used to trade futures. 
The information contained herein is based on sources that we believe to be reliable, but we do not represent that it is 
accurate or complete. Nothing contained herein should be considered as an offer to sell or a solicitation of an offer to buy 
any financial instruments discussed herein.  All references to prices and yields are subject to change without notice. Past 
performance/profits are not necessarily indicative of future results. Any opinions expressed herein are solely those of the 
author.  As such, they may differ in material respects from those of, or expressed or published by or on behalf of, 
Quantitative Brokers or its officers, directors, employees or affiliates.  Quantitative Brokers, LLC, 2010.
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