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ABSTRACT
In this paper we examine pure limit order markets in
order to find out how different trading strategies affect
the shape of the order book. We concentrate on liquid-
ity trading, which implies that any new information that
would influence the fundamental value of the traded as-
set is excluded. The humped shape of the order book
is a stylized fact studied in the literature. We build a
simulation model to explain the position of this hump
in a setting where liquidity takers and providers submit
buy and sell orders to complete their exogenous trading
needs. We show that under the above assumptions the ex-
ogenous impatience factor of liquidity traders determines
the position of the hump.

1 INTRODUCTION

On electronic stock markets, market actors submit buy
or sell orders into the order book. The limit order vol-
ume structures of the offered/asked prices form a humped
shape. An example is shown in Figure 1.1. We model
market microstructure in order to explore the determi-
nants of stock exchange order book shapes.

The order book itself is the collection of specific buy
and sell limit orders, submitted by patient market players,
defined as Liquidity Providers (LP). The other type of
market players are the impatient Liquidity Takers (LT),
who are submitting buy and sell market orders. Trans-
actions always consist of a market and a limit order
matched to one another. The two types of players are
making money on the expense of each other: transac-
tions close to the mid-price (the average of the best bid
and ask prices) favour LTs, whereas transactions far from
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Figure 1.1: Humped shape of the order book

the mid-price favour LPs. It follows that there is a trade-
off between trading immediately (i.e. being impatient)
and reaching a better price, which trade-off is often re-
ferred to as price impact or market impact (for a precise
definition of market impact, where order volume is also
included, see Bouchaud et al. (2002)).

The limit order market literature is fairly recent, it has
less than two decades of history. The most comprehen-
sive work that introduces the limit order markets and
connects liquidity to the economic literature is Parlour
and Seppi (2007). The most commonly known statistical
analysis is provided by Bouchaud et al. (2002), where
the shape of the average order book is described. This
shape has already been tested on different markets. For
example, Gu et al. (2008) investigates the shape of the
order book on Chinese stock markets in their empirical
study. With a limit order market model, Rosu (2009) ex-
plains how the humped shape is formulated by liquidity
takers and providers. He also makes suggestions to price
formation. Our contribution is related to his results, we
also suppose symmetric information relations among the
market players. In contrast to Rosu (2009), we focus on
the heterogeneity of impatience.
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We are reasoning that the humped shape of the or-
der book can be derived from the liquidity takers’ im-
patience, together with the heterogeneity of the liquidity
providers’ market expectations. In order to exclude the
speculation on fundamental value, so that we could con-
centrate only on liquidity motives, we assume that there
is no new information on asset values during the observed
period. We suppose exogenously defined LTs, while the
LPs’ order strategies are continuously evolving over time
according to a genetic algorithm.

So building on the stylized fact and the common be-
havioural patterns reported in the literature, we construct
a model of market microstructure aiming to explain the
dynamic evolution of the above mentioned hump shape
in the order book. The following hypothesis will be
tested in this paper.

Hypothesis: Assuming that LPs are following a ge-
netic algorithm to adopt their strategies to the exogenous
and fixed strategies of the LTs, then the position of the
hump in the order book is determined by the aggregate
strategy (through the impatience) of LTs.

The rest of the paper is organized as follows. The next
chapter introduces the market players in detail. The third
section investigates the simulation process. Section four
describes our main results, while providing some further
analyses based on our model. The last section concludes.

2 MARKET PLAYERS

We only model liquidity trading, therefore we must ex-
clude all other motivations to trade, especially the arrival
of new fundamental information on the asset. This re-
sults in a setting where all players stick to their initial
plans concerning the direction of trades (buy or sell) as
well as the overall amount they wish to trade during the
simulation. As a result, there are four different types of
players in our model, as shown in Table 1. Types 1 and 2
are LPs, who only submit limit orders, while types 3 and
4 are LTs, who only use market orders.

Liquidity Provider Liquidity Taker
Buy 1 3
Sell 2 4

Table 1: Player types

The core motivation of any player in this model (LPs
and LTs alike) is the same: they wish to trade their full
predefined volumes and reach the best possible volume
weighted average prices while doing so. However the
way they reach their goals is different. The following
two subsections elaborate on the behaviour of LPs and
LTs.

Liquidity Providers
Every LP has an idea (a forecast) on what is going to hap-
pen in terms of trades in the subsequent trading period.
Namely they all have a guess on the price level that is
furthest from the mid-price but still will be used. They
base their limit order submission strategies on this fore-
cast. On the one hand, if they expect this level to be close
to the mid-price, they will also put their orders at closer
price levels, because otherwise a considerable amount of
their orders would remain unmatched. On the other hand,
if they expect this price level to be further from the mid-
price, they will then submit their orders at further levels,
because they have a reason to believe these orders will
still be matched. Thus they will have improved the vol-
ume weighted average price of their own trades.

The technical interpretation of this behaviour is the
following. Initially every LP receives a random binary
string that codes their unique expectations. This string is
then converted into a scalar through equation 2.1 (simi-
larly to Lettau (1997)) as follows:

λ = l
∑

k
j=1 s j2 j−1

2k−1
, (2.1)

where λ is the above mentioned price level they are ex-
pecting, while l denotes the number of available price
levels on one side, k is the length of the string, and s j is
the jth character of the string.

LPs then determine the volumes they submit on each
price level using the following function form:

vi(λ ) =
λ ie−λ

i!

∑
l
i=1

λ ie−λ

i!

V, (2.2)

where vi denotes the volume submitted on the ith price
level, and V is the latent need for transaction (inventory)
of the LP. The λ is a scalar defined by equation 2.1.

Using this setup implies that each LP will submit some
orders to all available price levels. The aggregate submis-
sions of LPs shape up the order book.

Liquidity Takers
LTs differ in their levels of impatience/aggression, but
they all base their market order submission strategies on
the actual state of the order book. Their primary goal
is also to trade, and depending on their level of impa-
tience they are willing to clear more or less price lev-
els, that is willing to bare more or less liquidity costs in
exchange for quicker execution (although market orders
are executed immediately, more aggressive players who
clear more price levels trade larger volumes, hence ful-
fill their own trading need more quickly). Those who are
very patient may sometimes choose not to trade at all in
that cycle given the actual limit orders.

The technical interpretation of this behaviour is as fol-
lows. All LTs have an initial γ that is constant through-



out the simulation. This is their unique factor of impa-
tience, that determines the worst volume weighted aver-
age price (VWAP) that they are willing to achieve while
trading. Generally, if there are l price levels, for the
ith LT 1 ≤ VWAPi ≤ l holds. Each LT faces a limit of
VWAPi ≤ γi, but if they have enough inventory left to
trade, they will hit the γ limit. The smaller this γ value,
the more patient the LT is, not willing to clear many price
levels, being ready to wait instead. Larger γ means the
LT urges the trade by letting the VWAP of their own
trade go further away from the mid-price, that is clear-
ing more price levels and thus trading the full amount in
fewer rounds.

This strategy is obviously conditional on the actual
state of the order book. The same γ may result in very
different trading volumes depending on the depth of the
book on each price level.

Note that LTs start trading at the best price levels and
go towards worse ones as the better levels are cleared.

3 SIMULATION PROCESS

We used the Matlab/Octave environment to run our simu-
lation. The simulation setup consists of cycles and phases
as shown in Figure 3.1. The remaining of this section
elaborates on this setup.

Figure 3.1: Structure of simulation

Initialization

This is the starting phase of each run that sets the initial
parameters of the simulation. It is important to separate
this phase from the cycles, because thus we are able to set
the same initial parameters across different runs if neces-
sary. The parameters that must be set are (1) the random
strings for each LP (e.g. 1001101), (2) the random γ for
each LT, (3) the number of each player type listed in Ta-
ble 1, (4) the inventory of each player, which equals the
latent volume they try to trade, and (5) the number of
available price levels on each side of the mid-price.

Cycles

The series of cycles is the model of the trading period.
Trading is continuous as the cycles follow each other.
Any inventory that runs out is refilled at the beginning
of the next cycle.

Phase 1 - Liquidity providers

This is the phase of the liquidity providers. When Phase 1
begins, there is an existing order book that remained from
the previous cycle (except in Cycle 1). LPs are allowed
to revise their previous quotes, that is they can cancel
and replace those that were not matched in the previous
cycle. It is achieved in model by starting Phase 1 with the
cancellation of all previous orders, thus LPs face a blank
order book in Phase 1.

Given that our goal is to model the evolution of the
shape of the order book, it follows that the price forma-
tion falls beyond the scope of our interest in this model.
This is why we continue Phase 1 by setting the mid-price
to a constant. The bid-ask spread is also fixed, which
means that the best prices are a constant distance away
from the mid-price in both directions. All price levels
beyond the best prices follow each other by one tick.

All LPs act simultaneously, which implies that their
strategies exclude the response to the behaviour of each
other. The result of their aggregate behaviour is the order
book itself. We model this by making them all decide
their submission strategies at the beginning of the phase,
and then follow each other one by one in a random or-
der (uniform distribution) ignoring the submissions of the
other LPs in the same phase.

It is important to mention that the matching mecha-
nism of the order book is First-In-First-Out (FIFO). This
means that limit orders closer to the mid-price have prior-
ity when a market order arrives, and because limit orders
have a timestamp, on the same price level those with an
earlier timestamp have priority. This is why the random
order is important in order to model the diversity in sub-
mission times.

By the end of Phase 1, the order book is built.

Phase 2 - Liquidity takers

This is the phase of the liquidity takers. They condition
their order submission strategies on the actual state of the
order book, in consideration of their own γ . They implic-
itly also consider the submissions of other LTs, given that
the order book changes as a result of their actions. This
is captured in our model in a way where within the same
phase, they follow each other in a uniformly distributed
random order. This implies that they do not face the full
order book, only the remainders of it after the quicker
LTs’ trades.

Let us suppose for example an LT with γ = 1. This
means that VWAP = 1 is the only acceptable scenario,
hence no trade beyond the first price level is possible. In
a situation where this LT is not within the first few ones
to trade, it is highly probable that the first price level will
be long gone by the time this LT takes its turn, it will
therefore decide not to trade.

By the end of Phase 2, all transactions took place.



Phase 3 - Genetic algorithm

This is the phase of the genetic algorithm, and it is the
LPs that evolve genetically. The strings of those LPs
who had a better guess on the λ will survive with higher
probabilities into the next cycle, because a better guess
will clearly result in statistically more favorable volume
weighted average prices. We use a fitness function to
rank the LPs based on the success of their preliminary
guesses as shown in equation 3.1.

f (λ , l,Ω) = l−|λ −
l

∑
i=1

∑ j v1
i, j−∑ j v2

i, j

∑ j v1
i, j

|, (3.1)

where f is the fitness value of the LP (the higher, the
better) and l is the number of price levels on one side of
the book. i stands for price levels, j for LPs, v1 and v2

are the volumes in the book at the end of Phases 1 and 2.
The fitness is the highest if they got the λ correctly, and
gets smaller as their guess deteriorates.

The genetic algorithm itself has two stages: crossover
and mutation. The first one is the crossover stage, where
a random h number is selected, and the strings are cut
after the hth character. Then the strings are mixed up in
pairs along this h cutoff with probability pc. The second
stage is mutation, where random characters of random
strings are changed with probability pm. For illustration
of the two stages of the genetic algorithm see figure 3.2.
The LPs thus evolve, and those that are more successful
survive with higher probabilities.

Figure 3.2: Genetic algorithm

For a better understanding of the mechanism behind
the genetic algorithm driven LP behaviours, we tested the
effects of LP mutations. The two factors of the evolution
are the mutation and the crossover probabilities. When
the crossover probability is high, there are big jumps in
the time series of λ , until such a level is reached, where
all strings are identical, hence mutation has no effect.

The mutation causes noisy changes. The mechanism
of mutation is illustrated in Figure 3.3, where we plotted
the average λ values of LPs against the simulation cycle
count. The two graphs represent the zero and the positive
(but small) probability cases of mutation.

4 RESULTS

First we set up three alternative simulation environments
with different parameter sets regarding the LTs’ impa-
tience and the LPs’ evolution. Second, we analyze the
behaviour of the two kinds of players with random initial
variables.

Figure 3.3: Mutation effects

We calibrated the model as follows. At the initial state,
the λ of LPs is allocated from 0.5 to 9.5 in steps of one.
We chose l = 10 as the number of price levels on one
side. LPs are therefore inhomogeneous, each of them
having different initial values. The setup so far corre-
sponds to a very controlled environment with special as-
sumptions on the initial λ parameters. The probability of
the crossover in a given cycle is twenty percent, and the
probability of mutation is five percent in each run.

The γ value of LTs, therefore their level of impatience
is homogeneous in all the three runs, with values of 1.5
in the first run, 3.5 in the second and finally 5.5 in the
third. For an overview of the different calibration setups,
see Table 2.

Liquidity Takers Liquidity Providers

Simulation γ λ0 pc pm

Run a) 1.5 0.5 ... 9.5 0.2 0.05

Run b) 3.5 0.5 ... 9.5 0.2 0.05

Run c) 5.5 0.5 ... 9.5 0.2 0.05

Table 2: Model calibrations

According to Run a)-c) the diversity of liquidity
providers disappears with time, as the genetic algorithm
in each running cycle improves their λ expectation. In
case of Run a), after the cycle number 20, the peak of the
curve is around the 1.5th price level, while in case of Run
c) the hump in the order book locates around the 5th price
level. In Run c) the LTs are much more aggressive as they
are willing to trade at less favourable price. Hence, they
clear approx. 5 price levels from the book. Figure 4.1
shows that the heterogeneous λ values are converging to
the pre-defined and fix γ in each simulation.

We showed in special cases that the location of the
hump in the order book is a result of a learning process of
liquidity providers if liquidity takers are homogeneous.
In Run a)-c) the humps after 20 cycles moved from the
middle of the book to a price level of the LTs’ γ .

Given that the above described results hold for arbi-
trary γ values, our hypothesis can be confirmed in the
special setup of homogeneous LTs. Our next question
was whether our hypothesis can also be confirmed for a



Figure 4.1: Runs a), b) and c)

more general case, where both LPs and LTs are hetero-
geneous.

In order to examine such a case, let each LT have a ran-
dom γ impatience coefficient. After repeating the simula-
tions 150 times, we plotted the result in Figure 4.2, which
depicts how the LPs’ expectations adjust to the LTs’ im-
patience in random cases. Even after 30 running cycles
in each simulation the average λ is close to the average
impatience parameters of LTs. We note that the slope
of the regression line on Figure 4.2 is close to one. The
deviation of λ and γ points from the regression line can
be reasoned by the mutation in the genetic algorithm. It
can randomly improve or deteriorate the LPs’ λ from the
LTs’ average γ in each cycle.

The deviation of the slope of regression line from one
can be explained as follows. As the inventories of agents
(the volume that the LTs and LPs intend to trade in a cer-
tain cycle) dynamically change, and both LTs and LPs
are heterogeneous, it is not ensured that the number of

Figure 4.2: Average γ and λ

aggregately cleared price levels will be equal to the un-
weighted average of γ values. Hence, the LPs evolve in
a way that they place the hump on a price level, which
might be different from the average γ values. This is the
reason why we plotted the evolved λ values against the
inventory weighted average γ .

5 CONCLUSION

In this paper we model a pure limit order market with
a heterogeneous set of players including liquidity takers
and providers who buy and sell a single asset. The strate-
gies of the liquidity takers are exogenous, whereas the
strategies of the liquidity providers evolve according to
a genetic algorithm that is conditioned on the behaviour
of the liquidity takers. Knowing that such market mi-
crostructures tend to provide a humped shape order book,
we run our simulations to show that within the above con-
ditions, the position of the hump in the order book can be
explained by the exogenous strategies (the impatience) of
the liquidity takers.

The next step of further research could examine the
determinants of the humped shape in a similar model,
where the strategies of the liquidity takers are endoge-
nous. Changing this single aspect may add interesting
interactions to the model of the current paper.
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