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Sumário 

Este trabalho pretende testar um modelo de market making num High Frequency Trading para 

diferentes acções, utilizando um código ou algoritmo que ajude-nos a compreender o comportamento do 

modelo com diferentes variáveis como a latência, o número de simulações durante o dia, o coeficiente 

de aversão ao risco e a margem. 

Isto é conseguido utilizando preços de compra e venda fictícios, para criar as diferentes ordens que 

tornarão possível esta simulação. 
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 Abstract  

This work wants to test a market making model on a High Frequency Trading for different stocks, 

using a code or algorithm that help us to understand the behavior of the model with different variables 

as latency, number of simulations during the day, risk aversion coefficient, and margin. 

This is accomplished by using fictional bid and ask prices, to create the different orders that will make 

possible this simulation.  
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1. Introduction 

The nature of trading has changed over the years and the introduction of technology in daily life has 

enabled new forms of trading, such as High Frequency Trading and algorithmic trading, which aim to 

enforce strategies to make profits by placing positions in extremely short periods. 

These types of strategies have led to the emergence of market makers, which provide liquidity to the 

market by placing regular bids and ask orders. These market makers can be developed using a variety of 

models such as statistical models, market impact, order book, inventory models, and algorithmic trading 

models that could be used individually or mixed, depending on the investor risk tolerance and 

preferences. However, in this dissertation, we will apply the model proposed by Avellaneda and Stoikov 

(Avellaneda & Stoikov, 2008), who implemented an optimization model for the market making pricing 

model through algorithmic trading to be studied in this project. 

This model is applied because does not limit the stock size and allows the market maker to trade 

regardless of his position; however, this increases the risk, so it is better to incorporate a stock control 

that gives more flexibility to the model to ensure profit. 

Besides the model, we will apply not only algorithmic trading, but also technical analysis of the data 

to demonstrate how accurate could be this methodology to help the investor to predict the market trends 

using reference period 400 for the 3s latency and 20 observations in the 1m latency, meaning 20 minutes 

of time-lapse.  

The methodology will be applied to three financial instruments, from the same industry in the North 

American market, especially in the U.S. where we can find intraday data, to Apple Inc. (AAPL), 

Microsoft Corporation (MSFT) and NVIDIA Corporation (NVDA) 

The data will be used to perform the statistical analysis that will help us to summarize and organize 

the information, allowing us to identify patterns and trends in the data, moreover a technical analysis 

methodology will be done over the data to understand how the market conditions are and if the technical 

analysis is accurate to predict the trends of the instruments. 

Once the theoretical part is completed, then we will use the 1-minute frequency market prices to test 

the algorithm developed by creating a factorial to create a fictional bid and ask price through a technical 
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analysis that allows us to create a strategy, and then replicate it in 3s timestamp evaluating if the model 

and methodology used accomplish the expectative. 
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2. Objectives 

2.1 General Objective 

This project aims to implement and analyze High Frequency Trading on a market making model. The 

goal is to develop an algorithm that allows us to understand what is the impact of using this model on 

trading with high latency.  

This will be applied to some American stocks trying to see the performance of the model for ensuring 

profitability using a no restricted model that gives the liberty to adapt the inventory to get different kinds 

of results by adapting it to market price data and bid and ask data. The idea of developing this master’s 

project is to mark a starting point for the creation of an algorithm that allows one to understand in an 

easier way a subject that is not so studied as High Frequency Trading. 

2.2 Specific Objectives 

 Create an algorithm under the market making model to be applied to more accessible data 

such as historical intraday data with only market price information available.  

 Test the model over the market price data sample. 

 Analyze the output generated by the two different tests performed to determine if the 

different kinds of data could be truthful and with this be able to conclude if the algorithm and the 

model is efficient. 
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3. History of Financial and Electronic Markets 

To understand and grasp how the market making model works in the High Frequency Trading model, 

we must first explain the history of electronic markets and how they work today, what market making is, 

and its optimal method to then move on to analyze the model and its implications for High Frequency 

Trading. 

Over the years, financial markets have evolved and adapted to current needs. With the development 

of new technologies, markets have made great efforts to obtain algorithms and methods that allow them 

to buy and sell as fast as possible. To better understand this need and evolution, it is important to look to 

the past and see how the market was created and has evolved.  

For historians, the development of systems goes back to ancient times, and both Mesopotamia and 

Southeast Asia played a very important role in the history of barter as a system, as they were among the 

first societies of mankind and developed as trading societies that allowed the exchange of goods and 

services that we know today as commodities, with the exchange of natural resources such as metal, olive 

oil, horses and other types of animals, spices or fabrics; so the market itself could determine their value 

based on the quantity demanded at a given time. 

After nearly a millennium and a half, Afro-Eurasian exchange markets retained their basic structures, 

but trade, as we know it today, began its creation process in the 16th century, and was defined in the 19th 

century. Then it is in the 17th century that the exchange market began to take shape. Although the exact 

place of its emergence is still disputed, there is information about several starting points such as 

Amsterdam in 1602, when the United East India Company made the first public offering of shares in the 

exchange market, or in Japan in 1603, which claims the origin, where the first exchange took place in 

the Yodoya rice market. All this led to the development of local markets in different parts of the world, 

from the Tea houses in London, where expeditions to the New World were organized, later also called 

the London Stock Exchange (LSE), to the New York Stock Exchange (NYSE), which began with the 

financial collectors and traders under the Buttonwood tree. 

These examples can be understood as the beginning of what we know as exchange markets. However, 

we also need to look at the importance and impact of technology on these markets, because it is this 

electronification of trading that will give rise to High Frequency Trading (HFT), which began in the 19th 

century with the invention of the telegraph, that allowed messages to be transmitted in less time but was 

not as agile or economical as Morse code later in 1867 or telephone communications in the early 1900s. 
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In 1925, Translux Corporation introduced the electronic board, and as early as 1959, a predecessor of 

Quotron Systems introduced the electronic quote terminal. This marks an important step in the evolution 

of financial markets, as Grody and Levecq note in their article "Past, Present, and Future: The Evolution 

and Development of electronic financial markets" (Grody & Levecq, 1993); the development and evolution 

of electronic financial markets, the evolution along a thread that begins with the placing of orders first 

by telegraph, then by telephone, and now digitally. The speed of order execution has been revolutionized, 

from the days when it was done by telegraph, to minutes or seconds, to the advent of electronics at a 

speed of more than a million gigabytes per second or nanosecond (Smith, 2009). 

The electronification of securities began more than 50 years ago in the United States, when the 

National Association of Securities Dealers (NASD) began requesting computerized support through 

Automated Quotation (AQ), creating what we know today as NASDAQ; unlike Europe, where 

computerized systems were not fully introduced until the 1990s. 

In this way, the human trading process is gradually being replaced by electronic systems that allow 

not only the acquisition of financial instruments around the world but also greater agility through 

automatic quotes and stop-loss orders, giving rise to models such as algorithmic trading (AT) and HFT. 

Algorithmic trading has changed the traditional way of communication between investors and their 

brokers by generating individual trades without human intervention. However, the more detailed study 

and the incorporation of market models in this type of algorithm have made it possible to better control 

the buying processes. On the other hand, we must note that there is a difference between HFT and AT, 

although they are quite similar because while AT deals mainly with the execution of orders, HFT involves 

the use of trading strategies. 

One of the most important changes in trading instruments was the way it was done. Before electronic 

markets, trading was done physically and required brokers to stand out among the rest, with the skills 

most in demand like running faster or speaking louder than others, so agencies looked for people who 

stood out in the market to make their trading intentions known and get the best deals. But with high-

speed trading, the skill most in demand became the ability to receive and deliver data in the shortest time 

possible. 

As explained above, AT and HFT have both similarities and differences, which are explained in detail 

(Gomber et al., 2012) in their paper High Frequency Trading: 
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Common Characteristics of AT & HFT 

- Pre-designed trading decisions                                    - Used by professional traders. 

- Observing market data in real-time                             - Automated order submission 

- Automated order management                                    - Without human intervention 

- Use of direct market access 

Specific Characteristics of AT Specific Characteristics of HFT 

 Agent trading  

 The goal is to achieve a particular 

benchmark. 

 Working an order through time 

and across markets 

 Minimize market impact (for 

large orders) 

 Holding periods 

days/weeks/months 

 The extremely high number of orders 

 Proprietary trading 

 No significant position at the end of the day (flat 

position) 

 Extracting exceptionally low margins per trade 

 Use of co-location/proximity services and individual 

data feeds 

 Rapid order cancellation 

 Profit from buying and selling (as an intermediary) 

 Short holding periods 

 Low latency requirement 

 Focus on high-liquid instruments 

Table 1 Common characteristics of algorithm trading and High Frequency Trading. 
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4. High Frequency Trading 

As it was mentioned before the introduction and generalization of electronic markets through new 

technologies and the automation of the procedures and financial transactions have improved the decision-

making process, this kind of trading allows to perform multiple orders during the day, through the 

development of an algorithm; however, it is important to mention that not all AT occurs in HFT but HFT 

always require AT, trying to increase the profits from and investment or trading strategy. 

HFT aims to make a profit by taking advantage of small discrepancies between different markets or 

by reacting to market news as faster as possible, being one step in front of the other traders, normally 

HFT uses short-term strategies, holding positions for a few microseconds. 

Some authors like Aldridge (2013) ensure that commonly high frequency traders tempt to use different 

strategies based on their profile, these could be grouped into 4 branches: 

1. Arbitrage: This type of strategy seeks to move away from deviation from long-

term equilibrium prices, and usually includes multiple asset classes as well as multiple 

markets. Due to this diversification, many traders seek to trade the same asset in different 

markets to generate price arbitrage. 

2. Directional event-based trading identifies short-term or momentum trends, this 

kind of strategy is based on predictable short-term price movements. 

3. Automated market making: is one of the most traditional trading strategies, 

encompassing automated market making.  

4. Liquidity detection, where speculation is the center of the strategy. 

These kinds of models normally have a life cycle that should be updated quite frequently, this 

cycle process tracks the following five phases: 

 Planning: the purpose of this phase is to plan the goals of the projects in terms of strategies, 

operating models, and requirements. 

 Analysis: once the project is planned, then is necessary to analyze the scope of the project.  

 Design: In the design of the model, is where the specifications of the model and rules are 

incorporated. 

 Implementation: now this phase includes the development of the code with all the analysis 

and design performed before. 
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 Maintenance: now that the program is working and implemented, is necessary to 

constantly maintain the program to be aware of bugs or troubleshooting.  

4.1 Data Construction 

High frequency data or Tick data, are records of live market activity, meaning every order that a 

customer, a dealer, or another market participant places, ones this market orders are incorporate into the 

tick data, then it's possible to review it at different kind of levels, going from nanoseconds to daily data. 

 For this project, the data used should request the movement over the financial instruments in faster 

intervals, for this some codes will give the data generated for the price over some stocks with short 

intervals of time. Two kinds of data were found, one of them on the trading platform ThinkorSwim 

(TOS), through the Real-Time Data (RTD) interface where Excel can pull price data from the platform 

at about a 3-second update rate but with the limitation of just providing the closing market price. 

And the other one with a timestamp of 1-minute delay founded on Quandl, a data science application 

to provide available data, both free and premium, all of them from the web and delivered via Nasdaq 

Data Link’s industry-leading data delivery platform. This data is completed regarding volumes and 

prices; however, this data is not historically available, meaning that the only sample is the last month 

before the searching period on the tool. 

For the data found with 3-second latency, the information will be grouped by week, starting every 

Sunday at 17h EST and ending every Friday at 18h EST, and for the 1-minute data the selected period 

will not be for weeks but will be June of 2023. This information is over the follow three stocks on the 

same industry as follows.   

 

CODE NAME 

AAPL Apple Inc. 

MSFT Microsoft Corporation 

NVDA NVIDIA Corporation 

Table 2 Data list of financial instruments 

One important thing to have in mind is that all transactions occurred between 9.30H and 16H from 

Monday to Friday. This means that for the selected data we have the following observations: 
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WEEK OBSERVATIONS 

Data week ending August 07th of 2020 38956 

Data week ending November 27th of 2020 38950 

Data week ending August 20th of 2021 38994 

Data week ending December 03rd of 2021 38954 

Data week ending September 16th of 2022 38976 

Data week ending May 13th of 2022 38938 

Starting on June 09th to June 23rd of 2023 7289 

Table 3 Data sample observations - sample size 

The variables recorded before 2023 include for each observation a time stamp and a traded price, and 

for 2023 the open price, high, low, close, and volume for each stock. 

Due to the differences in the data, two analyses will be performed. One over the 3 seconds latency, 

where the main calculation will be the standard deviation calculated on the three-second latency data to 

determine how much the price could be dispersed around the average, and the stock data return that 

allows to understand how the behavior of the selected instruments is.  

And a second analysis over the most recent but with less latency data found, where besides the prior 

statistical analysis it will also study how the exponential moving average behaves for the different stocks 

and how the error will be impacted by changing the number of observations or N.  

4.2 Preliminary Data Analysis 

In this section, we will review the behavior of the selected financial instruments for the different 

samples. To perform this, due to the large amount of data, it is necessary to calculate the return of each 

instrument using a logarithmic return.  

Normally this kind of return is accurate when the data follow different characteristics as being a short-

term investment horizon or intraday data Therefore, the following formula could be used: 

𝑟 = 𝑙𝑛
𝑃

𝑃
 ( 1) 
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Once the return is calculated, it is possible to realize the statistical analysis over the return, since the 

return provides a better representation of the stock´s performance than prices.  

This statistical analysis will be performed on one sample week per year for us to have a brief panorama 

of how the performance of every stock was by year and if this behavior is constant or at least quite 

similar.  

 2020 

For 2020 the week ending on August 7th was chosen. In this week the three financial instruments 

analyzed had a small standard error, which means that the amount of error that would be expected in the 

estimated value is accurate, thus giving low uncertainty for these stocks. 

R-AAPL R-MSFT R-NVDA 
Mean 1.14E-06 Mean 9.09E-07 Mean 1.38E-06 
Standard Error 1.04E-06 Standard Error 1.22E-06 Standard Error 1.11E-06 
Median 0.00E+00 Median 0.00E+00 Median 0.00E+00 
Mode 0.00E+00 Mode 0.00E+00 Mode 0.00E+00 
Standard 
Deviation 

2.05E-04 Standard 
Deviation 

2.41E-04 Standard 
Deviation 

2.18E-04 

Sample Variance 4.21E-08 Sample Variance 5.82E-08 Sample Variance 4.76E-08 
Kurtosis 1.74E+03 Kurtosis 8.42E+03 Kurtosis 3.61E+02 
Skewness 1.85E+01 Skewness 5.90E+01 Skewness 5.99E+00 

Table 4. Statistical analysis over the sample week ending on August 7th, 2020. 

For the sample week of 2020, it is easy to check that from the 3 stocks, the one with the lowest return 

is Microsoft; however, when we analyzed the standard deviation, it is possible to notice that all of them 

are close to 0, meaning that the information analyzed haven’t had big volatility on its returns, something 

that is expected since the data analyzed is data with 3 seconds of difference. 

Another important analysis that should be taken into count, is the kurtosis and the skewness of the 

three stocks, in the case of the Kurtosis is easy to see that Microsoft is the one with the heaviest tails and 

with more positive skewness meaning that will tend to the right. This suggests that the stocks could be 

potentially profitable with also a higher level of risk and potential price movements.  

In graph 1, is possible to see the behavior of the returns during the sample week by hour to better 

understand what was analyzed on the previous chart. 
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Graph 1. The average return for the sample week ending on August 7th of 2020 – by hour. 

The previous graph shows the dispersion of the returns for the one of sample weeks selected for 2020. 

For this week, it is easy to notice that the biggest variation is daily, meaning between the closure of the 

market and the opening on the next day. 

Even though the statistical analysis is performed under the stock return, and both the standard 

deviation and the returns have a lot of movement during the different days, is different when we talk 

about prices, because the main purpose of the HFT is to trade and generate arbitrage or profit from the 

variations on the intraday data, so the return showed more variation than prices as it is possible to see in 

the following graph. 

 

Graph 2 Average price for the sample week ending on August 7th, 2020.  

 2021  

For 2021, the market was more stable; however, some companies such as NVDA and AAPL had some 

remains from the COVID impact that were reflected in the market and the stock statistics. For 2021 we 
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chose the week starting on August 16th and ending on August 20th from the sample for that year, and as 

for 2020, the returns and the statistics are shown in Table 5. 

R-AAPL R-MSFT R-NVDA 
Mean -8.64E-08 Mean 9.62E-07 Mean 8.95E-07 
Standard Error 8.49E-07 Standard Error 6.91E-07 Standard Error 1.74E-06 
Median 0.00E+00 Median 0.00E+00 Median 0.00E+00 
Mode 0.00E+00 Mode 0.00E+00 Mode 0.00E+00 
Standard 
Deviation 

1.68E-04 Standard 
Deviation 

1.37E-04 Standard 
Deviation 

3.44E-04 

Sample Variance 2.81E-08 Sample Variance 1.86E-08 Sample Variance 1.18E-07 
Kurtosis 8.65E+02 Kurtosis 1.11E+03 Kurtosis 6.41E+02 
Skewness -1.09E+01 Skewness 1.77E+00 Skewness 7.06E+00 

Table 5 Statistical analysis over the sample week ending on August 20th, 2021. 

For 2021 the stock behavior was different, since in contrast to the last year, MSFT had the highest 

mean return followed by NVDA, and then AAPL with the lowest mean, with a negative return. 

Similarly to 2020, the variability of the data is low since their standard deviation is close to 0. 

In this year all, of them had a positive kurtosis, meaning that the distribution of their returns has 

stronger tails and had a peaked shape compared to a normal distribution. This could mean that there were 

some extreme fluctuations under the low range of prices.  

Regarding the skewness coefficient, the stocks changed and for 2021 AAPL has a negative skewness 

meaning that is left-skewed compared with the other two which had positive skewness. What could let 

us deduce that for 2021 it was better to invest in MSFT and NVDA instead of AAPL. 

In Graph 3, it is possible to see the behavior of the returns during the sample week by hour to better 

understand what was analyzed on the previous chart. 
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Graph 3 Average return for the sample week ending on August 20th of 2021 – by hour. 

The previous graph shows the dispersion of the returns for the one of sample weeks selected for 2021. 

For this week it is easy to notice that the biggest variation is daily, meaning between the closure of the 

market and the opening on the next day. 

Even though the statistical analysis is performed under the stock return, and both the standard 

deviation and the returns have a lot of movement during the different days, we can notice that 2021 was 

more stable than the week analyzed for 2020. And it is possible to see it on prices fluctuation, in the 

following graph. 

 

Graph 4 Average price for sample week ending on August 20th, 2021. 

For 2021, both NVDA and AAPL had a decrease in their price as it was mentioned before because of 

the pandemic impact, but MSFT recovered becoming one of the most profitable for this period. 
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In 2022, the global economic consequences started to be visible in the statistics, and for this year the 

three of them had negative mean, with NVDA presenting the lowest mean return followed by MSFT and 

AAPL, as is shown in Table 6. 

R-AAPL R-MSFT R-NVDA 
Mean -1.14E-06 Mean -1.99E-06 Mean -2.20E-06 
Standard Error 1.14E-06 Standard Error 1.19E-06 Standard Error 2.06E-06 
Median 0.00E+00 Median 0.00E+00 Median 0.00E+00 
Mode 0.00E+00 Mode 0.00E+00 Mode 0.00E+00 
Standard 
Deviation 2.25E-04 

Standard 
Deviation 2.35E-04 Standard Deviation 4.06E-04 

Sample Variance 5.06E-08 Sample Variance 5.51E-08 Sample Variance 1.65E-07 
Kurtosis 2.81E+03 Kurtosis 6.82E+03 Kurtosis 5.82E+03 
Skewness -2.00E+01 Skewness -5.40E+01 Skewness -4.78E+01 

 Table 6 Statistical analysis for sample week ending on September 16th of 2022. 

In the analyzed period, the three stocks have high kurtosis values suggesting that their distribution has 

heavier tails than a normal distribution; however, the skewed is negative, indicating that the distribution 

is left-skewed. 

The next graph shows the dispersion of the returns for one of the two sample weeks for 2022, showing 

that same as the previous data analyzed, the biggest movement was between the closure and opening on 

the next day.  

 

Graph 5. The average return for the sample week ending on September 16th of 2022 - by hour. 

For 2022 the average market price for 2022 on the 2 sample weeks had a small decrease except for 

NVDA which has been struggling in the analyzed years. This performance could be related to concern 

about global economic growth or inflation that could lead to increased volatility in the stock markets.    
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Graph 6 Average price for sample week ending on September 16th of 2021. 

 2023 

In 2023, the market starts to show recovery for those three companies, with a positive standard error 

and standard deviation, as is shown in the following table.  

 

R-AAPL R-MSFT R-NVDA 
Mean 4.3E-06 Mean 4.0E-06 Mean 1.0E-05 
Standard Error 4.7E-06 Standard Error 6.6E-06 Standard Error 1.1E-05 
Median 0.0E+00 Median 0.0E+00 Median 0.0E+00 
Mode 0.0E+00 Mode 0.0E+00 Mode 0.0E+00 
Standard 
Deviation 4.3E-04 Standard Deviation 6.0E-04 Standard Deviation 9.8E-04 
Sample 
Variance 1.8E-07 Sample Variance 3.6E-07 Sample Variance 9.5E-07 
Kurtosis 3.9E+01 Kurtosis 3.2E+01 Kurtosis 7.7E+01 

Skewness 1.1E+00 Skewness 
-4.1E-
01 Skewness 

-3.0E-
03 

Table 7 Statistical analysis for the selected period from June 9 to June 23 of 2023 

For these stocks in the analyzed period, the three stocks have high kurtosis values suggesting that their 

distribution has heavier tails than a normal distribution; however, the skewed is negative for MSFT and 

NVDA, indicating that the distribution is left-skewed. 
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The next graph shows the dispersion of the returns for one of the samples selected in 2023, showing 

that same as the previous data analyzed, the biggest movement was between the closure and opening the 

next day.  

For 2023 the Average market price had an increase on NVDA though AAPL and MSFT remain 

constant. This performance could be related to the concern about global economic growth or inflation 

that could lead to increased volatility in the stock markets.    

 

Graph 8 Average price for the sample period starting on June 9 and ending on June 23 
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Graph 7 Average return for the sample selected starting on June 9 and ending on June 23 - by hour. 
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5. Market Making Model 

Now that we have distinguished the concept of HFT and AT, it is important to understand what market 

making is and how it relates to these concepts. Market making refers to the strategy of quoting a limited 

number of buy/sell orders for a financial instrument almost simultaneously to make a profit margin 

between the bid-ask prices. 

This type of strategy is based on three main concepts: 

 The cost of order handling1. 

 The cost of being averse selected in a bid or ask quote. 

 The market makers are premium risk averse, which requires a risk above the price in nonzero 

positions. 

It is a fact that market makers prefer to operate at lower costs, and in markets that are handled by 

humans, it is difficult to compete with human-generated costs, which justifies the importance of 

electronic markets and the implementation of algorithms (Menkveld, 2013).  

The market makers have an important role in the market because more of them provide liquidity to all 

the market participants through the quoting of prices no matter the traded financial instrument, which 

could be equities, commodities, currencies, derivatives, or others. These orders are frequently placed by 

using quoting machines, which are programs that generate, update, and delete them according to the 

investor strategy. 

We know that technology has drastically changed the way trading is done, mainly by reducing human 

trading, which at the same time significantly reduces costs and makes it possible to develop a market 

making strategy through fast matching to quickly update the quote with available public information and 

reduce risk.  

The market making strategy is to create symmetric bid/ask orders in the mid-price range, but this type 

of move carries a higher risk of putting the trader in a disadvantageous position. Authors such as 

Avellaneda and Stoikov (Avellaneda & Stoikov, 2008) have developed an optimal market making model to 

 
1 To get more information about this topic, please read (Cartea et al., 2015) chapters 1 and 2 
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control inventory risk and find the optimal bid/ask spreads through two formulas that help market makers 

solve these problems, as explained below. 

Reservation price: 

𝑟(𝑠, 𝑞, 𝑡) = 𝑠 − 𝑞𝛾𝜎 (𝑇 − 𝑡) ( 2) 

Optimal bid & ask spread:  

𝛿 + 𝛿 =  𝛾𝜎 (𝑇 − 𝑡) +
2

𝛾
𝑙𝑛  1 +

𝛾

𝜅
 

( 3) 

where: 

S = current market mid-price 

q = quantity of assets in the inventory of base asset (positive/long or negative/short) 

σ = market volatility 

T = closing time or maturity 

t = current time 

𝛿𝑏, 𝛿𝑎 = bid/Ask spread, since this in this model is symmetrical then 𝛿𝑎 =  𝛿𝑏 

𝛾 = inventory risk aversion parameter 

𝜅 = order book liquidity parameter 

For convenience, we will consider risk as a constant that does not change over time and wealth and 

an inventory equal to 1; and, therefore, an exponential utility function to test the monetary value for a 

market making strategy approaching our objective to perform a profit by placing different orders at the 

same time. 

The project will be implemented using as a main reference the model proposed by Avellaneda & Stoikov 

(2008) where the inventory size is flexible and optimize the price as a bid-ask quote setting strategy, 

maximizing the expected exponential utility at time T. To do this it would be necessary to use a formula 
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for the pricing and another one to complement its focus on the inventory that allows the model to reach 

the maximum level permitted where is still able to keep trading and have earnings: 

Pricing: Using the optimal market making model under the exponential utility function. 

𝑢(𝑠, 𝑥, 𝑞, 𝑡) = max
,

𝐸 −𝑒 ( )  ( 4) 

Where: 

𝛿 , 𝛿 are the bid and ask spreads. 

𝛾 is the risk aversion parameter. 

𝑋  is the cash at time T. 

𝑞  is the inventory at time T (as it was said before, this will be 1). 

𝑆  Is the stock price at time T. 

Making the assumptions that the risk-free rate is zero and the mid-price follows the standard Brownian 

motion 𝑑𝑆 =  𝜎𝑑𝑊  when 𝑆 = 𝑠 and the standard deviation 𝜎. 

Once these market orders are placed at the best price and are executed on the market, the trader will 

accumulate the traded financial instruments. These are known as inventory and are variables that the 

trader should manage by using two options. One could be by keeping track of the instruments to avoid 

accumulating them; or managing the inventory to ensure enough profitability. 

Inventory Control2: this formula will be able to keep trading and earning by adjusting the order size 

based on the current position: 

𝜙 =  {𝜙   𝑖𝑓 𝑞 < 0 𝜙 ∗ 𝑒  𝑖𝑓 𝑞 > 0 ( 5) 

𝜙 =  {𝜙   𝑖𝑓 𝑞 > 0 𝜙 ∗ 𝑒  𝑖𝑓 𝑞 < 0 ( 6) 

 
2To get more information is possible to consult the paper Optimal High-Frequency Market Making (Fushimi et al., 2018) 



22 

where: 

𝜙 , 𝜙  are the bid and ask order sizes at time t 

𝜙  is the maximum order size at time t. 

𝜂 is a shape parameter, which could be -0.005 to control not only the inventory but the risk on smaller 

orders. 

This not only will be helpful to obtain dynamic order sizer frameworks but also will be effective to 

control the inventory risk.  
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6. Algorithm on Trading 

As was said before, HFT refers to the use of algorithms and computer programs to trade financial 

instruments as fast as possible, to take advantage of small price differences in securities traded on 

different exchanges. 

Many kinds of algorithms are commonly used, such as: 

 Statistical arbitrage, which looks for price discrepancies between two or more securities that are 

highly correlated. 

 Trend following, where the algorithm looks for the trends in the market and buys or sells the 

financial instruments based on the market trend.  

 News-based trading, where the algorithm is trained to scan news articles and social media to recap 

information that could affect the price in the market of any instrument. 

 Scalping, which attempts to profit from small price movements by quickly buying and selling 

securities, often uses limit orders.  

 Market making, which looks to provide liquidity to the market by generating both buy and sell 

orders for an instrument. These algorithms are designed to quickly adjust the price of the orders based 

on market conditions and level of demand. 

For this paper, as it was explained, we will analyze the performance of a market making algorithm. 

Aldridge (2013) exposes market making as the following process: 

1. The market maker place limit (buy or sell) orders, depending on the market condition and in their 

portfolio. It is important to mention that the market maker could choose to either place only buy, only 

sell, or both kinds of limit orders.  

2. Then the market reaches the investor buy limit order with the highest price. This price becomes 

in the best bid or put and is distributed, in the case of the sell orders it works quite similarly when instead 

of reaching the highest price reach the lowest price, then his order become the best offer or best ask. 

3. Market makers’ orders are executed by matching with income market orders of the opposite 

direction. It is important to remark that as soon as the orders are executed is the function of the market 

maker to manage their inventory to ensure sufficient profitability, and to track and respond to information 

to avoid buying or selling more than is capable. 
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These market makers face two types of risk that, as was mentioned before, could be due to inventory 

risk or risk-averse selection.  

6.1 Basics of the Algorithm  

As it was mentioned, under the market making model, an algorithm places buy and sell orders in a 

specific instrument to earn a small profit on each transaction. One way to optimize this trading process 

could be through the following steps: 

1. Choose a security that has sufficient liquidity and trading volume that allows input multiple trades 

during the selected period. 

2. Calculate the bid-ask spread for the financial instrument by analyzing information such as 

historical data, current market conditions, and competitor behavior. 

3. Establish pricing limits for the orders; this will depend on the metric used and the current market 

conditions. 

4. Monitoring continuously the market for changes in pricing, trading volume, and competitor 

behavior that may affect the ability to make profits. 

5. In the case of market conditions changes, it is necessary to adjust the pricing limits to ensure that 

profitability will be maintained. 

6. Ensure that the technology use is advanced and that it is possible to have high-speed connections 

to minimize the time it takes to process orders and receive market data. 

7. Manage the risk to limit losses with risk management strategies like stop-loss orders. 

8. Have a continuously tracking performance using data analysis tools to identify areas to improve 

and optimize the trading strategy. 

9. With the algorithm performance, improve and refine constantly the algorithms reducing risk and 

improving profitability. 

Now that we establish the steps to start performing the algorithm, we need to define the metric that 

will be used to perform the model. 

There are multiple methodologies to invest and make informed decisions as fundamental analysis, 

value investing, growth investing, technical analysis, buy and hold strategies, diversification, income 

investing, and risk management, however these methodologies are not mutually exclusive, since is 

possible to use different combinations of them to reach the investor objective. 
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We will now analyze some of the different methodologies mentioned above and focus on the most 

appropriate one, considering the data obtained and the model to be implemented. 

Fundamental analysis: this methodology aims to measure the intrinsic value of a security, as known 

as the value of the investment based on the market and economic conditions of a company, through the 

analysis of different external factors such as economic and financial, relying on financial information 

reported by the companies from the instruments that will be analyzed, using ratios and metrics that 

indicate how is the performance of the selected instrument against comparable companies, all of this by 

quantitative and qualitative metrics. 

Value investing: this investment strategy involves buying securities that are cheap relative to the 

intrinsic value linked to financial statement variables. The target of this methodology is to buy financial 

instruments when the price is temporarily low to perform gains when it recovers in the market through 

making assumptions about market behavior and investing, through the analysis of factors such as low 

price-to-earnings-ratio, low price-to-book ratio, and high dividend yield. 

Growth investing: in this methodology, the focus is on identifying companies or assets with high 

growth potential. They analyze different factors and indicators such as revenue growth, earning growth 

market share, and industry trends to identify investments that can deliver above-average growth rates. 

Buy and hold strategy: this strategy involves selecting investments with a long-term perspective and 

holding onto them for an extended period regardless of short-term market fluctuations. In this 

methodology, the approach is in long-term growth and aims to benefit from compounding returns over 

time. 

Technical analysis3: This methodology aims to analyze the trend of financial instruments through the 

study of past price movements, patterns, and trends to predict future price movements from the historical 

price and volume data.  

Due to that the common information obtained by the market, the data banks contain only the market 

price for the different equities without taking into consideration the bid and ask, therefore the most 

appropriate methodology will be the technical analysis; however, the most common as it was said before, 

 
3 To have more information related please check the paper Fundamental and Technical analysis: substitutes or 
complements (Bettman et al., 2009) 
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is to incorporate more than one methodology which could be in this case fundamental and technical 

analysis, to recognize their potential as complements. 

To use the technical analysis as methodology and metrics, it is important to check the different 

technical indicators such as the simple moving average (SMA), exponential moving average (EMA), 

moving average convergence/divergence rules (MACD), relative strength index (RSI) and on-balance-

volume (OBV). 

Since we cannot use volumes in our analysis, then we will use the moving average indicators to 

perform the model, specifically the exponential moving average (EMA) to help us to identify trends in 

the market and provide signals for potential entry or exit points.  

The EMA4 is a technical analysis indicator that is widely used to analyze price trends and generate 

trading signals as was said above; however, opposite to the SMA, this indicator places more weight on 

 recent price data, making it more responsive to market conditions.  

𝐸𝑀𝐴 = 𝑃𝑟𝑖𝑐𝑒( ) ∗ 𝑘 + 𝐸𝑀𝐴( ) ∗ (1 − 𝑘) ( 7) 

Equation (7) is used for EMA calculation, as follows:  

1. Determine the period: based on the time frame and investor’s preferences, the 

specific number of periods will be selected. Since the basis of the project is intraday data, it 

will be selected 400 observations, which will be equivalent to 20 minutes.  

2. Calculate the smoothing factor (k): also known as the smoothing multiplier, it will 

determine the weight given to the most recent data point, is calculated using the chosen period, 

through formula (8), where n represents the number of periods and is always a value between 

0 and 1, where the closest to 0 suits more into long-term trading and the closest to 1 the most 

suitable to short-term trading. 

𝑘 =
2

(𝑁 + 1)
 ( 8) 

 
4Is possible to check more detailed information in chapter 2.3  of paper Technical analysis in Financial Markets (Griffioen, 
2003) 
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3. Calculate the initial EMA: for the initial period, the SMA serves as the first EMA 

by totaling the most recent closing prices divided by the number “n” of periods in the 

calculation average. 

𝑆𝑀𝐴 =
∑ 𝑝𝑟𝑖𝑐𝑒𝑠

𝑛
 ( 9) 

This metric will help to predict the price tendency for each instrument. Then to determine which will 

be the best EMA lapse it is necessary to perform a regression that allows us to quantify the performance 

of it in both frequencies (1-minute and 3-second latency) and with different periods.  

In table 8 it is possible to check the regression analysis for both and, as expected, the smaller the 

number of observations, the smaller the error. Meaning that will be preferable to work between the 20-

minute to 50-minute gap for both data. 

Regression Statistics 1m 

 

20Mi

n 

40Mi

n 

50Mi

n 
1H 1.5H 2H 2.5H 

Multiple R 0.996 0.991 0.989 0.987 0.987 0.974 0.968 

R Square 0.992 0.983 0.979 0.974 0.974 0.949 0.937 

Adjusted R Square 0.992 0.983 0.979 0.974 0.974 0.949 0.937 

Standard Error 0.158 0.224 0.250 0.273 0.273 0.378 0.416 

Observations 7270 7250 7240 7230 7230 7170 7140 

Regression Statistics 3s 

 

20Mi

n 

40Mi

n 

50Mi

n 
1H 1.5H 2H 2.5H 

Multiple R 0.997 0.993 0.991 0.989 0.982 0.976 0.969 

R Square 0.994 0.986 0.983 0.979 0.965 0.952 0.938 

Adjusted R Square 0.994 0.986 0.983 0.979 0.965 0.952 0.938 

Standard Error 0.349 0.509 0.575 0.637 0.801 0.931 1.036 

Observations 38577 38177 37977 

3777

7 

3707

7 

3657

7 

3597

7 

Table 8. Regression Statistics over 1-minute and 3-second data 
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The main idea of the algorithm is to place an order based on the behavior provided by the EMA, that 

for this project will be 20 minutes where the error is smaller, and once the order is exercised, immediately 

the algorithm should create a selling position at or above the entry price or the call price.  

Now that the EMA has been calculated and analyzed, it is important to establish the other variables to 

perform the model, as are the bid and ask prices. Due to the constraints on the data, it will be necessary 

to create a factor that allows us to create fictional bid and ask prices.  

This will help the strategy and the code to be able to work not only with a factor but also with real 

values if the data is found to then replicate the coding with the investor’s information and necessities. 

For this project, the bid and ask prices will be just the mid-price times 0.006 over and below 

respectively to establish the limit orders for both buy and sell updated at no cost. These limit orders will 

help to determine the priority of execution and the limit price where the order should be executed.  

To implement the model, we should develop the algorithm in three main steps, first then choose the 

parameters to run the simulation. These parameters are established by the authors as follows: 𝑇 = 1 ,  

𝜎 = 2, 𝑞 = 0, 𝛾 = 0.1, 𝑘 = 1.5 and 𝐴 = 140; after this, the second step will be calculating the variables 

to allow the model to create the Bid and Ask offer price, they conclude that since the idea of the model 

is to create symmetrical bid and ask orders around the market mid-price, and to avoid the skewing in just 

one direction, it was important to create a reservation price (Formula 10)  that help to solve this inventory 

problem.  

𝑟(𝑠, 𝑞, 𝑡) = 𝑠 − 𝑞𝛾𝜎 (𝑇 − 𝑡) 
( 10) 

And then a calculation of the optimal bid and ask spread as it was mentioned in Formula 3, means the 

optimal position the market makers should be to increase profitability.  

As it was mentioned before, and now that the structure of the model is explained, then is necessary to 

recap the main parameter or factors described by Avellaneda-Stoikov: 

1. Inventory position (q): belongs to the number of assets in the inventory of base asset, 

could be positive/negative for long/short positions, and is a percentage parameter. 
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2. Time until the trading session ends (T-t): where T will be normalized to 1 will be the 

number of days and t will be the range between the initial date and the final time to adjust the 

period where the code is located during the day. 

3. Risk factor (ϒ): since this is proportional to the difference between mid-price and reserved 

price, we could say that the smaller the symmetric and less biased, this could be calculated or 

given.  

4. Order book depth (k): similar to the Risk factor, this could be calculated or in this case 

given, however, is important to know that a significant value will mean that the order book is 

more liquid so will have a smaller spread since there is more demand on the market, and the other 

way around in case of a smaller k. 

The third and final step will be combining the prior calculations, for us to create the market order 

by using the reservation price as follows: 

Bid offer price = reservation price −
optimal spread 

2
 

( 11) 

and 

Ask offer price = reservation price +
optimal spread 

2
 

( 12) 

6.2 Analysis of the Processed Data 

As mentioned before, in this project was chosen to apply the model performed by Avellaneda and 

Stoikov. To accomplish this purpose, we will test the model in two different stages: the first one trying 

to replicate the model with the same data from their paper to ensure that the model fits with their proposal; 

and then with the data from this work. 

6.2.1 Replication of the model with the data provided by Avellaneda and Stoikov. 

There are multiple camps as Hummingbot which is a non-for-profit organization that facilitates 

decentralized maintenance and governance of different codes focusing on cryptocurrencies.   

Here it was possible to find a similar code under the model selected to use as the skeleton for the 

replication of the paper used as a reference. 
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The code creates 1000 Monte Carlo simulations for the same parameters selected and mentioned 

before, allowing us to compare with the provided results in the studied papers.  

The results are quite accurate, In the figure shown below it is possible to determine that even though 

the behavior of the price is different, in Avellaneda and Stoikov’s paper the price tends to go down, and 

the relationship between the Optimal offer bid and ask price to share the same behavior with the code 

used in this dissertation. 

 

Graph 9 comparison for the price results between reference paper and code used. 

Also, when we compared the inventory strategy against the PnL obtained by the total of observations 

during the selected period we realized that the information is like the one proposed by the authors as we 

can confirm in Graph 10.  

This allows us to conclude that since the results follow the same trend, the code is accurate and fits 

perfectly with the model proposal. 
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Graph 10 Comparison of the inventory strategy results between reference paper and code used. 

6.2.2 Application of the proposed model on real data 

Now that we were able to validate that the code used fits with the information provided on the 

reference paper, then it was possible to adapt it with real data.  

Contrary to what is proposed in the reference paper, for the analysis of this project we used the 

different intraday data found (one minute and three seconds latency), instead to create our simulations 

based on an initial price of S = 100. 

Another important remark to be included in the code created is the number of simulations and the 

number of steps, this should be proportional to the different number of observations provided. 

For this exercise, we use two different latencies and observations to check how the model works on 

both and perform different results as prices, position, inventory strategy, and profitability.  

In graphs 11 and 12 we can notice that the model is similar no matter the latency, the model works in 

the same way respecting the stock movements. 
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Graph 11 Prices 1-minute latency 

 

Graph 122 Prices 3 Seconds latency 

In both cases and due to the high latency of the model, no matter the frequency of the data we realized 

that the tendency of the inventory should go in short as could be visible in graphs 13 and 14.  

 

Graph 13 Position through time 1-minute latency 
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Graph 14 Position through time 3 Seconds latency 

As a third indicator, the model is accurate in giving a symmetrical inventory, even though is skewed 

to the right, for this kind of indicator between more observations analyzed more focused the results and 

the inventory is more accurate. 

 

Graph 15 Histogram inventory strategy 1-minute latency 
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Graph 16 Histogram inventory strategy 3 seconds latency 

Finally, due to the high latency of the data, more simulations are run in the model with more 

probabilities of having losses as is possible to see in graphs 17 and 18. 

 

 

Graph 17 Profit and losses 1-minute latency 
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Graph 18 Profit and losses 3 seconds latency  
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7. Concluding Remarks 

This project aims to implement the high frequency market making pricing strategy proposed by 

Avellaneda and Stoikov (2008), and it allows us to conclude the following: 

 The inventory control model used by them in the strategy is possible to achieve 

profitability.  

 The number of simulations had a big impact on the profit and the inventory control 

due to their high latency, the bigger the difference between the simulation and the time steps 

or orders the lower the profit obtained. 

 The idea of the model analyzed is to minimize inventory risk with constant risk 

aversion coefficients. 

 Even though the results were calculated with assumed constant parameters, one 

way to improve the model proposed and the code created is by automatizing the calculation 

of them. 

 Every simulation ends with a small position on average indicating that the 

inventory management was successful. 

 The highest the frequency and the order placed, the margin error is smaller, is 

recommended to use a 20-minute interval to calculate the EMA and also as a maximum 

interval to place each order. 
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Annexes 
Annex A – Complementary Tables 

Table 1A Sample of return calculation 3 seconds latency September 2022
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Table 2A Sample of return calculation 3 seconds latency August 2021 
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Table 3A Sample of return calculation 3 seconds latency August 2021 
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Table 3A Sample of return calculation 1 minute latency June 2023 
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Table 4A Sample of EMA calculation 3 seconds latency May 2022 
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Table Sample of EMA calculation 3 seconds latency May 2022 
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Table 4A Sample of EMA calculation 3 seconds latency May 2022 
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Table 5A Sample of 20-minute EMA calculation over 1 minute latency June 2023 
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Table 6A Sample of 40-minute EMA calculation over 1 minute latency June 2023 
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Annex B – Python Data 

Table 1B Insert of historical data and variables 

 

Table 2B Setting parameters 
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