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Volatility

Theoretical
volatility surface
time structure (rough volatility)

Empirical
estimation from real data (Gatheral/Oomen 2010)
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This work joint with Linwei Shang, Baruch student



Quantitative Brokers

Agency algorithmic execution  
in futures and interest rate products

118 products (futures and cash notes+bonds) 
7 exchanges (CME, Eurex, LIFFE, etc)
8 product types (IR, EQ, etc)

Need quantitative infrastructure:
volume and volatility forecast curves
intraday volatility estimator and forecasts
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Arrival price benchmark
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VWAP benchmark
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VWAP trajectory 
requires good forecasts 

of intraday volume profile



Volume and volatility forecast curves
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Importance of volatility

Option pricing
realized vs implied

Relation to other market variables
microstructure invariance (Kyle/Obizhaeva):  
volatility / volume / trade size

Estimated price change over time intervals

7



limit order

Forward price changes

8

bid

ask

T

Probability of passive fill  
before end time T  
is based on  σ√T-t
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Volatility forecast  
CME 10-year note futures, Fri Oct 13

Information events
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Was this forecast correct?

Price history

Volatility in  
15-minute bins

Is this bin volatility "correct" for this price history?
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Forecasts in 1-minute bins
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Requires calculation of volatility in 1-minute bins
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Challenges in futures products

• Range of products (agricultural, equity, etc)
• Large-tick vs small-tick
• Range of maturities on each product
• Options on futures
• 23-hour trading day
• Event responses

12



Large-tick vs small-tick
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Options on futures:
much quote activity,  
few trades
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Volatility measurement
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Assign realized variance
number to any time interval  

(1 minute, say)
using all available market data.
Aggregate for larger intervals.

How do we know whether  
the number is "right"?
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How to evaluate a realized volatility?

Simulated data
zero-intelligence market (Oomen/Gatheral)
pure Brownian motion once time scale  
is longer than microstructure scale

Real data
unknown price process
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Zero-intelligence market
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Abstract
Most modern financial markets use a continuous double auction mechanism
to store and match orders and facilitate trading. In this paper we develop a
microscopic dynamical statistical model for the continuous double auction
under the assumption of IID random order flow, and analyse it using
simulation, dimensional analysis, and theoretical tools based on mean field
approximations. The model makes testable predictions for basic properties of
markets, such as price volatility, the depth of stored supply and demand
versus price, the bid–ask spread, the price impact function, and the time and
probability of filling orders. These predictions are based on properties of
order flow and the limit order book, such as share volume of market and limit
orders, cancellations, typical order size, and tick size. Because these
quantities can all be measured directly there are no free parameters. We show
that the order size, which can be cast as a non-dimensional granularity
parameter, is in most cases a more significant determinant of market
behaviour than tick size. We also provide an explanation for the observed
highly concave nature of the price impact function. On a broader level, this
work suggests how stochastic models based on zero intelligence agents may
be useful to probe the structure of market institutions. Like the model of
perfect rationality, a stochastic zero intelligence model can be used to make
strong predictions based on a compact set of assumptions, even if these
assumptions are not fully believable.

1. Introduction
This section provides background and motivation, a
description of the model, and some historical context for
work in this area. Section 2 gives an overview of the
phenomenology of the model, explaining how dimensional
analysis applies in this context, and presenting a summary of
numerical results. Section 3 develops an analytic treatment
of the model, explaining some of the numerical findings of
section 2. We conclude in section 4 with a discussion of
how the model may be enhanced to bring it closer to real
1 Author to whom any correspondence should be addressed.

life markets, and some comments comparing the approach
taken here to standard models based on information arrival
and valuation.

1.1. Motivation

In this paper we analyse the continuous double auction trading
mechanism under the assumption of random order flow,
developing a model introduced in [1], which is in turn based
on a line of earlier work [2–11]. This analysis produces
quantitative predictions about the most basic properties of
markets, such as volatility, depth of stored supply and demand,
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Zero-intelligence for variance measurement
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Abstract Given a time series of intra-day tick-by-tick price data, how can realized
variance be estimated? The obvious estimator—the sum of squared returns between
trades—is biased by microstructure effects such as bid–ask bounce and so in the past,
practitioners were advised to drop most of the data and sample at most every five
minutes or so. Recently, however, numerous alternative estimators have been devel-
oped that make more efficient use of the available data and improve substantially over
those based on sparsely sampled returns. Yet, from a practical viewpoint, the choice
of which particular estimator to use is not a trivial one because the study of their
relative merits has primarily focused on the speed of convergence to their asymptotic
distributions, which in itself is not necessarily a reliable guide to finite sample perfor-
mance (especially when the assumptions on the price or noise process are violated).
In this paper we compare a comprehensive set of nineteen realized variance estima-
tors using simulated data from an artificial “zero-intelligence” market that has been
shown to mimic some key properties of actual markets. In evaluating the competing
estimators, we concentrate on efficiency but also pay attention to implementation,
practicality, and robustness. One of our key findings is that for scenarios frequently
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ZI did not work for algo simulation
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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.

Weibing Huang, University Pierre and Marie Curie (Paris 6), Paris 75005,
France (E-mail: weibing 365@hotmail.com). Charles-Albert Lehalle, Capital
Fund Management (CFM), Quantitative Research, 23/25, rue de l‘Université,
Paris 75007, France (E-mail: charles@lehalle.net). Mathieu Rosenbaum is Pro-
fessor, University Pierre and Marie Curie (Paris 6), Paris 75005, France (E-mail:
mathieu.rosenbaum@upmc.fr).

Color versions of one or more of the figures in the article can be found online
at www.tandfonline.com/r/jasa.

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

© 2015 American Statistical Association
Journal of the American Statistical Association

March 2015, Vol. 110, No. 509, Applications and Case Studies
DOI: 10.1080/01621459.2014.982278
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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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France (E-mail: weibing 365@hotmail.com). Charles-Albert Lehalle, Capital
Fund Management (CFM), Quantitative Research, 23/25, rue de l‘Université,
Paris 75007, France (E-mail: charles@lehalle.net). Mathieu Rosenbaum is Pro-
fessor, University Pierre and Marie Curie (Paris 6), Paris 75005, France (E-mail:
mathieu.rosenbaum@upmc.fr).

Color versions of one or more of the figures in the article can be found online
at www.tandfonline.com/r/jasa.

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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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
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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
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simulation that merges

automated clients with

real-time, real-world

stock market data.

This simulation has

been used for three
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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.
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Skating Legs
Shaping that behavior first requires seri-
ous vetting, with the same matching en-
gine logic as the venues—CME, Liffe, 
and Eurex—taking in real-time mar-
ket data that can then merge with or-
ders from the algo. That is the genesis of 
simulation, and Almgren says QB’s en-
vironment is designed to pinpoint mi-
cro-pricing bands and short-term price 
signals, rather than liquidity or impact, 
because those are the important features 
for the beefier rates markets it focus-
es on. “It’s a sweet spot we were going 
for in trying to build this the right way, 
without making it too complicated for 
our users,” he says of the simulator. “Just 
interweave orders in with the market’s, 
and see how they perform.”

In 2014, its role has taken on new 
complexity. Steel, for instance, says 
AHL is eyeing more advanced applica-
tions for its agency brokers. “Since the 
introduction of electronic trading, the 
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 
are evaluating a new generation of algo-
rithms designed to handle multi-legged 
and cross-asset strategies.”

Indeed, complex strategies like 
legging are where the two streams of 
QB’s information—post-trade total 
cost analysis and in-depth simulation—
come together. Today, the agency bro-
ker takes on projects like constructing a 
20-leg strategy that specifies the target 
price on a synthetic instrument using 

customized ratios across the curve, 
usually combining passive and aggres-
sive legs at an expressed tolerance. QB 
also recently examined nuances around 
settlement price sensitivity for com-
modities indexing for one of its global 
asset manager clients. It’s hard work 
deep in the weeds, where others are 
disinclined to go, but worth the effort 
on two simple premises: avoiding being 
gamed, and coming through the trade 
in the money, with a little bit of alpha. 
“Dissection is our mindset,” as QB co-
founder Christian Hauff puts it. 

Always Chasing
The future question, then, isn’t de-
mand, but whether agency brokerage 
can be replicated elsewhere successful-
ly. TT is working on modifications to 
its platform to pull in a wider variety of 
independently brokered algos, as well as 
bank algos, set for early adoption later 
this year. That is no coincidence. 

“It’s certainly becoming a more 
crowded space, with even the third-tier 
banks looking to say ‘me, too’,” Haldes 
says, pointing out that some FCMs are 
white-labeling third-party algos just 
to get in the game. “At the same time, 
business on the sell side is operating 
more tightly today. That will push more 
expertise out into the middle, which 
could also come from the end-users 
with specialization in niche contracts 
like natural gas, too. We’re anticipat-
ing more boutiques emerging from the 
grassroots. It’s inevitable.”

Part of QB’s unintended benefit, 
Mundt says, is that it is raising the bar 
for everyone, and forcing the banks to 
engage in meaningful development 
work on algorithm improvement. 
“They are at least trying to play catch-
up now, but this won’t necessarily erase 
QB’s value-add, as they will likely move 
on to the next area of improvement well 
before everyone else does.

Indeed, as QB pushes into other 
electronic asset classes like cash treas-
uries, Almgren says imitation is the 
best form of flattery, especially in a 
space where genuine debate—backed 
by years of advancing technology—is 
perhaps the most valuable commodity 
going. After all, what fun is it anticipat-
ing where the puck will be, if everyone 
else on the ice is hopelessly flat-footed?

“It’s a common conversation we 
have,” he says. “A colleague or client 
will propose a modification to the 
algo, thinking it will make a particular 
bad trade better and we’ll say, ‘Sure, 
but it might make the good trades 
worse.’ You have to test it; otherwise 
you can find yourself chasing chime-
ras. We’ll interrogate why we crossed 
as a micro-price moved up, for exam-
ple—in one instance it was wrong, but 
we can point to 50 times on the same 
day where it was the right thing to 
do. There’s tremendous value in that. 
With execution, the average is what 
matters. You live and die by the statis-
tics, and you only get there by having 
the details others don’t.” W

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.

“One very large east-coast CTA client is now 
trading 100 percent of futures using algo-
rithms, so no longer manually trading at all. 
They find FCMs will have pretty good product 
for some situations, but in other cases the 
bank algos fall a little short, especially if 
you’re trading several contracts across 
correlated markets.”  Trading Technologies 
Tom Haldes

Tom Haldes
Trading 
Technologies

waterstechnology.com   April 2014©2014 Incisive Media Investments. All rights reserved. Used by permission. First published in Waters, April 2014.
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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.
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Managed Futures

Style of Play
The algorithmic “palette” for futures 
is diversifying for two reasons. The 
first is that the style of trading is in 
transition, somewhat belatedly, just as 
funds have begun offloading more of 
internal brokerage functions—includ-
ing algo development—built in the 
run-up to 2008. 

The independent algo provid-
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 
isn’t universal, says Tom Haldes, 
Trading Technologies’ product head 
for buy-side technology, but heads are 
beginning to turn. 

“There isn’t an objective, per-
strategy total cost analysis among 
CTAs quite yet, given the amount of 
latitude that lead traders still have in 
terms of using gut-level intuition of 
what’s performing better, rather than 
objective TCA analytics to determine 
the optimal algorithm on an order-by-
order basis,” he says. “That is rapidly 
changing, though.”

According to Michael Mundt, co-
founder at $650 million Revolution, 
firms in the space have faced pressure 
in recent years from a stiff headwind 
combining the effect of low interest 
rates and scalping from high-frequency 
trading shops. Whereas veteran futures 
traders could once look at a screen for 
six hours, picking fills they recognize 
or like, today that method just isn’t 
efficient.

“There’s a selective memory on 
which trades work out better: You’ll 
always remember how well the one 
went, and forget the five that didn’t,” 
Mundt says. “The most successful CTAs 
mostly started in the 1980s before elec-
tronic trading, and stuck to their ways. 
Eventually, the world changed under-
neath them—HFT entered in force 
around 2009, and for a few years really 
cleaned up. Some CTAs are looking for 
inexpensive protection now via algos, 
which they can get from their FCMs, 

but for others it’s really, ‘Let’s rethink 
this whole thing around execution.’ At 
Revolution, we’ll usually trade about 
30,000 contracts daily on average—
which is a lot relative to our size. If we 
can measure $2 per contract in savings 
with a boutique partner that costs us 50 
cents per lot, as long as it’s a net saving, 
it makes sense to do it.” 

AHL was ahead of the curve, too, 
as it has been doing exactly that for a 
few years now, according to its global 
head of trading, Murray Steel. The $12 
billion London-based systematic hedge 
fund will scan different contracts at 
certain times of the day, generating a 
potential trading situation about 2,500 
times, and ultimately settling on around 
800 trade order structures daily.

“The decision to have a trade 
executed by human traders or our 
proprietary order-routing platform 
Vtrader, is based on historical transac-
tion cost,” Steel says. “We capture and 
review execution costs data for both 
channels; generally, smaller orders are 
more efficiently executed by Vtrader. 
Ultimately, human traders are the last 
line of defense, and it is important that 
they have oversight over all trading 
activity. Given the nature of systematic 
trading, there are times when we’re 
long or short for weeks or months at a 
time, so it requires a patience and dis-
cipline to build up enough sample data 
points to understand each algorithm’s 
effectiveness.” 

Steel continues: “If we review a 
particular algo and it looks interesting, 
we’ll onboard it with a small amount of 
flow. We’re always conscious to com-
pare on a like-for-like basis, and take 
into account the brokerage charge ex-
plicitly. We do perform reviews on all 
algos internally using our own simu-
lator, and are always keen to compare 
these results with those of the provid-
er. If they cannot provide a simulator, 
it takes a lot longer to see if we believe 
their story, and most algo providers un-
fortunately fall down at the first hurdle, 
because they don’t understand what 
they’re trying to sell.”

Breakaway Speed
A lack of suitable options is the second 
reason boutiques are rising, and it’s a 
surprising one, in terms of how consist-
ently it is opined among buy-side fu-
tures specialists, and at whom it’s often 
directed: the major sell-side firms. 

In part, Haldes says, bank algos are 
usually designed as part of a bundled 
package with clearing and execution, 
rather than as a “standalone” value 
proposition. They are comparatively 
inexpensive, and will do the job 
they are designed for—order slicing, 
calendar spreads, and other conven-
tional strategies used to limit market 
impact—but in most cases, even 
when concerning top sell-side names 
like Credit Suisse AES, UBS and 
JPMorgan, they will do little more. 

“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

waterstechnology.com   April 2014
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Produced by QB from CME and internal data

algo development with simulator  
on real market data



We want to test estimators on real data

Problem: do not know real volatility

Method: see if we can normalize price 
changes over finite time intervals
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Realized variance
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More generally
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Measure              on many historical intervals

29

ֈऎ֤-
 ֤3ए

See if scaled price changes reduce 
to a unit normal population

This avoids the problem of
forecasting or modeling Q

Idea:
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Realized variance measurement

30

֤- � ֤� ֤3 � ֤֤֞� ֤֞ȇ�...

֨֞ȇ� ֨֞֨�
֨�

։֍ऎ֤-
 ֤3ए � ֞঍֚��ऎ֚֨ ȇ ֚֨ȇ�ए�Simplest estimator for Q:
Realized variance

Susceptible to microstructure noise (serial correlation)



Design of estimators

What time points to sample at?
quote updates, trades, etc

What prices to use at those times?
trade prices, bid-ask midpoint, microprice, etc

How to correct for serial correlation?
multiscale estimators, etc

31



Sample time points

Times of trades
Times of trades at new price
Times of new midquote price

32
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Intertrade arrival time

All trades

Trades with  
price change

Difficulty with using 
all trades: many 
repeated trades 
at same price



Sample prices

Trade price
bid-ask bounce

Mid-quote price
also has negative autocorrelation but less

Microprice
adds random noise

34



Time/price pairs

AT          all trade prices
TC         trade prices when change
MQC      mid-quote prices when change
MQBT    mid-quote before trade time
MQBTC  mid-quote before trade at new price
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RV estimators

RV            realized variance
AR            AR(1) model on return
Zhou        Bias-corrected RV of Zhou (1996)
ZMA         2-scale RV
MSRV        multi-scale RV
KRV-cubic  kernel estimator, cubic kernel
KRV-th2     Tukey-Hanning kernel TH2

KRV-th16   Tukey-Hanning kernel TH16

36

Zhang, Mykland, Ait-Sahalia 2005

Set all lags arbitrarily to q=5



3 CME futures products

10-year T-Note (ZN)
large tick, low activity

E-mini SP500 (ES)
large tick, high activity

Henry Hub Natural Gas (NG)
small tick, mid activity

37



Time intervals

Data on calendar year 2016 (252 days)
On each day:

38

CME open 
17:00 Chicago

CME close 
16:00 Chicago

n random time points,  
sorted into order

n-1 intervals, excluding ends

Interval lengths approximately Poisson,  
non-overlapping.

Do not exclude special events, etc



Evaluate estimator on 1-minute bins
Aggregate into selected intervals
Ask
•Are the scaled price changes normal?
• Is the variance equal to 1?

39



Normality test
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(a) Real-time AR

num of points:  252
slope:  0.505288432131332

shapiro:  0.992948754167667
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(b) EWAR with ↵ = 0.4

num of points:  252
slope:  1.04475896338742

shapiro:  0.992723046446312
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Figure 2: Model Comparison with daily integrated RV

(a) Real-time AR

num of points:  3023
slope:  0.469834949476312

shapiro:  0.998866990742743
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(b) EWAR with ↵ = 0.4

num of points:  3023
slope:  0.964825705392202

shapiro:  0.998876252638014
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Figure 3: Model Comparison with 2-hourly integrated RV

6

Shapiro-Wilks test



Are they normal?

41

estimator at tc mqc mqbt mqbtc

rv 0.5087 0.3480 0.1506 0.2835 0.3901

ar 0.4174 0.2925 0.0533* 0.2233 0.4033

zhou 0.3857 0.0057*** 0.0654* 0.2069 0.3941

zma 0.3082 0.4556 0.3542 0.1589 0.3001

msrv 0.2839 0.4123 0.3311 0.3140 0.2508

krv-cubic 0.3064 0.1279 0.3030 0.3635 0.2593

krv-th2 0.3825 0.2586 0.2347 0.1888 0.2530

krv-th16 0.3995 0.0006*** 0.0297** 0.2371 0.3261

2.2 Standard Deviation

We include the standard deviations below. The entries with value close to 1 are

marked with * (0.9-1.1 *, 0.95-1.05 **, 0.99-1.01 ***)

ZN

estimator at tc mqc mqbt mqbtc

rv 0.3612 0.3635 0.4752 0.3802 0.8648

ar 0.3870 0.4994 0.4770 0.3842 0.8587

zhou 0.7262 1.4523 0.5155 0.4492 0.8148

zma 0.8904 1.4062 1.0422** 0.5837 1.0189**

msrv 0.8079 1.1137 1.2769 0.5243 0.9273*

krv-cubic 0.8317 0.9715** 1.2433 0.5429 0.9295*

krv-th2 0.7856 1.1748 1.3443 0.4991 0.8988

krv-th16 0.7301 1.4914 0.5182 0.4525 0.8114

ES

estimator at tc mqc mqbt mqbtc

rv 0.3668 0.3676 0.5227 0.4330 0.8446

ar 0.3936 0.4871 0.5209 0.4430 0.8400

zhou 0.6883 1.5516 0.5782 0.5356 0.8008

zma 0.8712 1.3647 1.0040*** 0.7172 0.9969***

msrv 0.7782 1.0630* 1.0368** 0.6374 0.8826

krv-cubic 0.7984 0.9386* 1.0625* 0.6801 0.8985

krv-th2 0.7506 1.1239 1.0472** 0.6132 0.8877

krv-th16 0.6800 1.5051 0.5762 0.5392 0.8017

NG

3

2 Random Interval

2.1 Shapiro-Wilk Test

Shapiro-Wilk test: the null-hypothesis of this test is that the population is

normally distributed. When p-value is lower than the chosen alpha level, we

have to reject the null-hypothesis.

Before test on the standardized returns, we test the original returns from

random intervals.

inst statistic p-value

ZN 0.9193 9.808e-23

ES 0.9034 1.199e-24

NG 0.9269 1.008e-21

They are not normal distributions.

Then we test on the standardized returns. The p-values are included below.

The entries with low p-value are marked with * (10%*, 5%**,1%***).

ZN

estimator at tc mqc mqbt mqbtc

rv 0.1201 0.0419** 0.0143** 0.0361** 0.1541

ar 0.0664* 0.1190 0.0015** 0.0122** 0.1973

zhou 0.1461 0.4158 0.1632 0.0441** 0.2450

zma 0.3179 0.2967 0.2741 0.1282 0.2680

msrv 0.1814 0.2403 0.1393 0.0680* 0.2271

krv-cubic 0.3026 0.1781 0.3624 0.2367 0.2624

krv-th2 0.2801 0.2030 0.2287 0.1730 0.2095

krv-th16 0.0718* 0.3117 0.1042 0.0704* 0.1448

ES

estimator at tc mqc mqbt mqbtc

rv 0.0467** 0.0862* 0.0106** 0.0076*** 0.5416

ar 0.0910* 0.1594 0.0046*** 0.0302** 0.6021

zhou 0.3308 0.2040 0.0803* 0.2345 0.5456

zma 0.6161 0.1758 0.5367 0.2989 0.4415

msrv 0.4095 0.4183 0.1959 0.0969* 0.4559

krv-cubic 0.4549 0.5646 0.3428 0.1627 0.4534

krv-th2 0.4710 0.1677 0.1525 0.1531 0.4901

krv-th16 0.3770 0.4143 0.0944* 0.1138 0.3238

NG

2

2 Random Interval

2.1 Shapiro-Wilk Test

Shapiro-Wilk test: the null-hypothesis of this test is that the population is

normally distributed. When p-value is lower than the chosen alpha level, we

have to reject the null-hypothesis.

Before test on the standardized returns, we test the original returns from

random intervals.

inst statistic p-value

ZN 0.9193 9.808e-23

ES 0.9034 1.199e-24

NG 0.9269 1.008e-21

They are not normal distributions.

Then we test on the standardized returns. The p-values are included below.

The entries with low p-value are marked with * (10%*, 5%**,1%***).

ZN

estimator at tc mqc mqbt mqbtc

rv 0.1201 0.0419** 0.0143** 0.0361** 0.1541

ar 0.0664* 0.1190 0.0015** 0.0122** 0.1973

zhou 0.1461 0.4158 0.1632 0.0441** 0.2450

zma 0.3179 0.2967 0.2741 0.1282 0.2680

msrv 0.1814 0.2403 0.1393 0.0680* 0.2271

krv-cubic 0.3026 0.1781 0.3624 0.2367 0.2624

krv-th2 0.2801 0.2030 0.2287 0.1730 0.2095

krv-th16 0.0718* 0.3117 0.1042 0.0704* 0.1448

ES

estimator at tc mqc mqbt mqbtc

rv 0.0467** 0.0862* 0.0106** 0.0076*** 0.5416

ar 0.0910* 0.1594 0.0046*** 0.0302** 0.6021

zhou 0.3308 0.2040 0.0803* 0.2345 0.5456

zma 0.6161 0.1758 0.5367 0.2989 0.4415

msrv 0.4095 0.4183 0.1959 0.0969* 0.4559

krv-cubic 0.4549 0.5646 0.3428 0.1627 0.4534

krv-th2 0.4710 0.1677 0.1525 0.1531 0.4901

krv-th16 0.3770 0.4143 0.0944* 0.1138 0.3238

NG
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Are the variances equal to 1?
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estimator at tc mqc mqbt mqbtc

rv 0.5087 0.3480 0.1506 0.2835 0.3901

ar 0.4174 0.2925 0.0533* 0.2233 0.4033

zhou 0.3857 0.0057*** 0.0654* 0.2069 0.3941

zma 0.3082 0.4556 0.3542 0.1589 0.3001

msrv 0.2839 0.4123 0.3311 0.3140 0.2508

krv-cubic 0.3064 0.1279 0.3030 0.3635 0.2593

krv-th2 0.3825 0.2586 0.2347 0.1888 0.2530

krv-th16 0.3995 0.0006*** 0.0297** 0.2371 0.3261

2.2 Standard Deviation

We include the standard deviations below. The entries with value close to 1 are

marked with * (0.9-1.1 *, 0.95-1.05 **, 0.99-1.01 ***)

ZN

estimator at tc mqc mqbt mqbtc

rv 0.3612 0.3635 0.4752 0.3802 0.8648

ar 0.3870 0.4994 0.4770 0.3842 0.8587

zhou 0.7262 1.4523 0.5155 0.4492 0.8148

zma 0.8904 1.4062 1.0422** 0.5837 1.0189**

msrv 0.8079 1.1137 1.2769 0.5243 0.9273*

krv-cubic 0.8317 0.9715** 1.2433 0.5429 0.9295*

krv-th2 0.7856 1.1748 1.3443 0.4991 0.8988

krv-th16 0.7301 1.4914 0.5182 0.4525 0.8114

ES

estimator at tc mqc mqbt mqbtc

rv 0.3668 0.3676 0.5227 0.4330 0.8446

ar 0.3936 0.4871 0.5209 0.4430 0.8400

zhou 0.6883 1.5516 0.5782 0.5356 0.8008

zma 0.8712 1.3647 1.0040*** 0.7172 0.9969***

msrv 0.7782 1.0630* 1.0368** 0.6374 0.8826

krv-cubic 0.7984 0.9386* 1.0625* 0.6801 0.8985

krv-th2 0.7506 1.1239 1.0472** 0.6132 0.8877

krv-th16 0.6800 1.5051 0.5762 0.5392 0.8017

NG
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estimator at tc mqc mqbt mqbtc

rv 0.5087 0.3480 0.1506 0.2835 0.3901

ar 0.4174 0.2925 0.0533* 0.2233 0.4033

zhou 0.3857 0.0057*** 0.0654* 0.2069 0.3941

zma 0.3082 0.4556 0.3542 0.1589 0.3001

msrv 0.2839 0.4123 0.3311 0.3140 0.2508

krv-cubic 0.3064 0.1279 0.3030 0.3635 0.2593

krv-th2 0.3825 0.2586 0.2347 0.1888 0.2530

krv-th16 0.3995 0.0006*** 0.0297** 0.2371 0.3261

2.2 Standard Deviation

We include the standard deviations below. The entries with value close to 1 are

marked with * (0.9-1.1 *, 0.95-1.05 **, 0.99-1.01 ***)

ZN

estimator at tc mqc mqbt mqbtc

rv 0.3612 0.3635 0.4752 0.3802 0.8648

ar 0.3870 0.4994 0.4770 0.3842 0.8587

zhou 0.7262 1.4523 0.5155 0.4492 0.8148

zma 0.8904 1.4062 1.0422** 0.5837 1.0189**

msrv 0.8079 1.1137 1.2769 0.5243 0.9273*

krv-cubic 0.8317 0.9715** 1.2433 0.5429 0.9295*

krv-th2 0.7856 1.1748 1.3443 0.4991 0.8988

krv-th16 0.7301 1.4914 0.5182 0.4525 0.8114

ES

estimator at tc mqc mqbt mqbtc

rv 0.3668 0.3676 0.5227 0.4330 0.8446

ar 0.3936 0.4871 0.5209 0.4430 0.8400

zhou 0.6883 1.5516 0.5782 0.5356 0.8008

zma 0.8712 1.3647 1.0040*** 0.7172 0.9969***

msrv 0.7782 1.0630* 1.0368** 0.6374 0.8826

krv-cubic 0.7984 0.9386* 1.0625* 0.6801 0.8985

krv-th2 0.7506 1.1239 1.0472** 0.6132 0.8877

krv-th16 0.6800 1.5051 0.5762 0.5392 0.8017

NG

3

estimator at tc mqc mqbt mqbtc

rv 0.6643 0.6659 0.7589 0.7400 0.9551**

ar 0.6672 0.6883 0.7718 0.7492 0.9574**

zhou 0.8569 1.1062 0.9669** 0.8374 0.9177*

zma 0.9989*** 1.0573* 1.0302** 1.0000*** 1.0488**

msrv 0.8891 0.9317* 0.9273* 0.8881 0.9459*

krv-cubic 0.8961 0.9415* 0.9190* 0.9035* 0.9418*

krv-th2 0.8875 0.9419* 0.9313* 0.8812 0.9309*

krv-th16 0.8672 1.1214 0.9583** 0.8511 0.9040*

4
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Conclusion

Use ZMA
with mid-quote changes
or mid-quote before trade price changes
not before all trades

Gives good prediction of real price changes
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