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Abstract

This thesis studies quadratic risk aversion in multi-agent reinforcement learning for high-
frequency limit-order-book trading. Using JaxMARL-HFT, a market-making agent and an
order-execution agent are trained concurrently with independent PPO. Risk sensitivity is
introduced through configurable quadratic penalties: a squared-inventory penalty for the
market maker and a running squared remaining-quantity penalty for the execution agent,
alongside a terminal non-completion penalty for unfinished execution tasks. By varying the
corresponding coefficients, pvv and pex, the thesis investigates how risk aversion affects
learned behaviour, risk-return outcomes, and interaction dynamics. The study uses risk-
aversion sweeps, behavioural diagnostics, out-of-sample evaluation, and cross-play between
agents trained under different risk levels. The goal is to determine whether quadratic penal-
ties lead to more stable and risk-aware trading behaviour, or mainly alter activity levels and
execution patterns.
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CHAPTER 1

Introduction

High-frequency trading (HFT) is commonly organised around limit order books (LOBs), where
prices emerge from the continuous submission, cancellation, and matching of orders by many
heterogeneous market participants. At this level of market microstructure, two canonical trading
tasks are market making and order execution. A market maker provides liquidity by continuously
posting bid and ask quotes, aiming to earn the spread while controlling the inventory accumulated
through asymmetric fills. An execution trader, by contrast, must buy or sell a target quantity over
a fixed horizon, balancing the cost of demanding immediate liquidity against the risk of delaying
too much of the order. Both problems have been studied extensively in mathematical finance,
where risk aversion is not treated as an optional add-on but as a central part of the objective. The
Avellaneda—Stoikov model, for example, derives inventory-sensitive market-making quotes from
a risk-averse control problem [G], while the Almgren—Chriss model formulates optimal execution
as a trade-off between expected transaction cost and timing risk [2].

Reinforcement learning (RL) provides a flexible alternative to these classical model-based ap-
proaches. Instead of specifying a closed-form stochastic model for prices, order arrivals, or market
impact, RL agents can learn trading policies directly through interaction with a simulated or
data-driven market environment. This is especially attractive in HF T, where limit-order-book
dynamics are high-dimensional, noisy, and difficult to model analytically. However, this flexibil-
ity also makes reward design central. In particular, it raises the question of how risk aversion
should be represented when RL agents are trained for trading tasks that are traditionally defined
by explicit risk-return trade-offs.

This question becomes more important in a multi-agent setting. Market-making and execution
agents do not act in isolation: the execution agent consumes or supplies liquidity, while the
market maker adjusts quotes in response to order flow, inventory, and adverse selection. Studying
either agent against a fixed market background can therefore miss important interaction effects.
Multi-agent reinforcement learning (MARL) offers a natural framework for this problem because
multiple agents can learn concurrently in the same limit-order-book environment. Until recently,
however, applying MARL to HF'T at realistic scale was computationally difficult. The JaxMARL-
HFT framework [26] addresses this limitation by providing a GPU-accelerated, LOBSTER-fed
MARL environment for HFT with heterogeneous agents, flexible observation and action spaces,
configurable reward functions, and large-scale parallel training. This makes it feasible to run
controlled experiments on risk-sensitive agent behaviour.



1.1 Problem

Existing reinforcement-learning approaches to high-frequency trading often include risk-control
terms in the reward, but these terms are rarely studied systematically as the main experimental
variable. In market making, inventory penalties are used to discourage large positions. In order
execution, terminal penalties on unfinished quantity are often used to encourage task completion.
However, it remains unclear whether such penalties produce genuinely risk-aware behaviour or
whether they mainly change activity patterns. A market maker may reduce inventory exposure
by managing inventory more effectively, but it may also do so by trading less. Similarly, an
execution agent may reduce unfinished quantity by following a more stable execution schedule,
but it may also become overly aggressive and incur higher execution costs.

This problem is especially relevant in a multi-agent setting, where market-making and order-
execution agents interact through the same limit order book. The risk aversion of one agent may
affect not only its own policy, but also the performance and behaviour of the other agent. A
more risk-averse market maker may change the liquidity available to the execution agent, while a
more aggressive execution agent may change the order-flow pressure faced by the market maker.

JaxMARL-HFT provides a suitable environment for studying this problem because it supports
heterogeneous agents, flexible reward functions, and concurrent training with independent PPO.
Its existing experiments include a two-agent market-making and order-execution setup, as well
as a fixed quadratic inventory penalty for the market maker and execution-related completion
penalties. However, these risk-related terms are not isolated through a controlled study of sepa-
rate risk-aversion coeflicients for both agents.

The concrete problem this thesis addresses is therefore the absence of a controlled empirical study
of how separate quadratic risk-aversion coefficients, pyiv and pgx, affect learned behaviour, risk—
return trade-offs, and interaction dynamics in a two-agent HF T MARL setting.

1.2 Motivation

Quadratic risk aversion provides an interpretable and feasible way to connect classical trading
intuition with reinforcement learning. For the market maker, a squared-inventory penalty tar-
gets the risk of accumulating large long or short positions. For the execution agent, a squared
remaining-quantity penalty targets the risk of delaying too much of the order until the end of
the horizon. Both penalties are additive over time, controlled by scalar risk-aversion coefficients,
and compatible with PPO-style policy-gradient training.

This makes quadratic risk aversion a suitable focus for a controlled bachelor-thesis project.
Rather than comparing several mathematically different risk-sensitive objectives, this thesis stud-
ies one objective family in depth. This narrower scope makes it possible to vary the risk-aversion
coefficients systematically, evaluate out-of-sample performance, inspect learned behaviour, and
perform cross-play between agents trained under different risk levels.

The motivation is not only to test whether quadratic penalties improve average performance.
The central question is behavioural: whether stronger risk aversion leads to genuine inventory
control and more stable execution, or whether it mainly produces inactivity, excessive execution
aggressiveness, or other unintended effects.

1.3 Research Questions

This thesis addresses the following main research question:



How does quadratic risk aversion affect the learned behaviour, risk—return
trade-off, and interaction dynamics of concurrently trained market-making
and order-execution agents in a limit-order-book multi-agent reinforce-
ment learning environment?

Quadratic risk aversion is studied through two configurable risk-aversion coefficients: pyp for the
market maker’s squared-inventory penalty and pgx for the execution agent’s squared remaining-
quantity penalty. To answer the main research question, the thesis considers the following sub-
questions:

1. Market-making behaviour: How does increasing the market maker’s quadratic inventory-
risk coefficient pyv affect inventory exposure, quoting behaviour, and trading activity?

2. Execution behaviour: How does increasing the execution agent’s quadratic remaining-
position coefficient pgpx affect execution speed, execution stability, and order aggressive-
ness?

3. Risk-return trade-off: How do the risk-aversion coefficients pyv and pex affect perfor-
mance and risk metrics, including final portfolio value, execution cost, variance of outcomes,
inventory exposure, unfinished quantity, and drawdown of portfolio value where applicable?

4. Multi-agent interaction: How does the risk aversion of one agent affect the behaviour
and performance of the other agent?

1.4 Proposed Experimental Setup

The empirical study will be conducted in the JaxMARL-HFT environment, using the two-agent
setting with one market-making agent and one order-execution agent trained concurrently with
independent PPO. JaxMARL-HFT is suitable for this study because it supports heterogeneous
agents with different observation spaces, action spaces, and reward functions, and because its
GPU-accelerated design makes repeated training runs and coeflicient sweeps feasible [26]. The
planned base environment follows the JaxMARL-HFT market-by-order replay setting, using
AMZN limit-order-book data subject to data availability and computational constraints.

At a high level, the market-making agent observes limit-order-book and task-specific information,
including its own inventory, and selects quoting actions such as posting bid and ask orders at
different distances from the spread or choosing not to trade. Its risk-sensitive reward is modified
by a quadratic inventory penalty,

MM MM 2
Tt = Tt base — pMMQt7
where @Q); denotes the agent’s inventory. The order-execution agent observes market informa-
tion and private execution information, including the remaining quantity, and chooses execution
actions over a finite horizon. Its reward is modified by a running quadratic remaining-position
penalty and a terminal non-completion penalty,
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where X; is the remaining quantity and Xt is the unfinished quantity at the end of the episode.

The main experiment is a controlled sweep over the two risk-aversion coefficients. For each
agent, the sweep includes a risk-neutral baseline and three positive risk-aversion levels. The final
numerical values will be selected after a pilot run that measures the scale of the base rewards
and the quadratic penalty terms. For each agent a € {M M, EX}, a reference coefficient p* will
be chosen such that the quadratic penalty has a comparable magnitude to the base reward on
baseline trajectories. The planned sweep is then

pa € {0, 0.250%, p;, 4p5}-



This produces separate sweeps for market-maker risk aversion, execution-agent risk aversion, and
settings where both agents are risk-sensitive.

Out-of-sample evaluation will be performed by freezing trained policies and evaluating them on
limit-order-book episodes that were not used for PPO updates. The data will be split chrono-
logically into training, validation, and test periods. Training episodes are used for learning,
validation episodes are used for implementation checks and coefficient-scale selection, and the
held-out test period is used for final reported metrics. This prevents the evaluation from mea-
suring only performance on the market conditions seen during training.

To study interaction effects, the thesis will perform cross-play between agents trained under
different risk-aversion levels. After training, market-making and execution policies are frozen and
recombined. The diagonal of the cross-play matrix evaluates agents paired with counterparties
from matching risk settings, while the off-diagonal entries evaluate how each agent performs
against counterparties trained with different risk preferences. This allows the thesis to test
whether the risk aversion of one agent changes the performance and behaviour of the other
agent.

The evaluation metrics are chosen to correspond directly to the research questions. Market-
making behaviour is evaluated using final portfolio value, variance of portfolio value, maximum
absolute inventory, average squared inventory, no-trade frequency, order-submission rate, can-
cellation rate, quote skewing, and action distributions. Execution behaviour is evaluated using
slippage, variance of slippage, unfinished quantity, average squared remaining quantity, comple-
tion time, and passive-versus-aggressive order ratios. Risk-return trade-offs are evaluated by
comparing performance and risk metrics across the coefficient sweep. Multi-agent interaction is
evaluated through cross-play matrices for both market-maker and execution-agent outcomes.

1.5 Contributions

This thesis does not propose a new reinforcement-learning algorithm or a new limit-order-book
simulator. Instead, it contributes a controlled empirical study of quadratic risk aversion in a two-
agent high-frequency-trading MARL setting. Building on the JaxMARL-HFT framework, the
thesis studies how configurable risk penalties affect the behaviour and interaction of a market-
making agent and an order-execution agent trained concurrently in the same limit-order-book
environment [26].

The main contributions are as follows:

1. A unified quadratic-risk formulation for two HFT agent types. The thesis formu-
lates quadratic risk aversion for both agents in a consistent way. For the market-making
agent, risk is represented by a squared-inventory penalty controlled by pynm. For the ex-
ecution agent, risk is represented by a squared remaining-quantity penalty controlled by
PEX-

2. A controlled risk-aversion experiment design. The thesis designs systematic risk-
aversion sweeps over pyy and pgx in order to study how different levels of quadratic risk
aversion affect learning outcomes. This allows the effect of risk aversion to be analysed as
the main experimental variable rather than as an incidental reward-shaping choice.

3. Risk-return and behavioural evaluation of learned policies. The thesis evalu-
ates trained agents using both performance metrics and behavioural diagnostics. For the
market-making agent, this includes portfolio value, inventory exposure, inventory variance,
drawdown, and trading activity. For the execution agent, this includes execution cost,
unfinished quantity, completion behaviour, and execution aggressiveness.

4. Cross-play analysis of multi-agent interaction effects. The thesis evaluates agents
trained under different risk-aversion levels against one another. This cross-play analysis



is used to study whether the risk preference of one agent affects the performance and
behaviour of the other agent, thereby addressing the multi-agent nature of the trading
problem.

5. An empirical bridge between classical risk-aware trading theory and MARL.
By focusing on quadratic inventory and remaining-position penalties, the thesis connects
classical ideas from risk-aware market making and order execution with modern GPU-
accelerated multi-agent reinforcement learning. The resulting study provides evidence on
whether simple and interpretable quadratic penalties lead to genuinely risk-aware trading
behaviour in a learned multi-agent setting.

1.6 Scope and Limitations

This thesis focuses on quadratic risk aversion as a single interpretable risk-sensitive objective
family. It does not compare quadratic penalties against mean—variance objectives, CVaR, en-
tropic utility, or other distributional risk measures. These objectives are relevant in the broader
risk-sensitive reinforcement-learning literature, but they introduce additional implementation
and evaluation challenges, including different risk-aversion scales, episode-level distributional
estimation, and more complex integration with PPO-style training.

The classical Avellaneda—Stoikov and Almgren—Chriss models are used as conceptual references
rather than exact optimal benchmarks. They motivate the use of inventory and remaining
quantity as risk variables, but the learned agents in this thesis operate in a replay-based limit-
order-book MARL environment with discrete action spaces and data-driven background order
flow. Therefore, the experiments evaluate empirical behavioural and risk-return effects rather
than convergence to closed-form classical optima.

Finally, the thesis does not propose a new MARL algorithm or a new simulator. It builds on
JaxMARL-HFT and uses independent PPO as the training method. The main contribution lies
in implementing and evaluating a controlled quadratic-risk experiment pipeline, including con-
figurable risk coefficients, coefficient sweeps, behavioural diagnostics, out-of-sample evaluation,
and cross-play between trained agents.

1.7 Thesis Structure

The remainder of this thesis is structured as follows.

Chapter [2] reviews the literature relevant to this thesis. It discusses classical approaches to
market making and order execution, reinforcement-learning methods for trading, multi-agent
reinforcement learning in financial markets, and recent GPU-accelerated limit-order-book simu-
lation frameworks. It also positions this thesis relative to existing work on risk-sensitive trading
objectives.

Chapter [3] introduces the technical concepts required for the thesis. It explains the structure and
mechanics of limit order books, the market-making and order-execution tasks, the reinforcement-
learning and multi-agent reinforcement-learning setting, independent PPO, and the quadratic
risk-aversion formulation used in this study.



CHAPTER 2

Related Work

This chapter positions the thesis within four related lines of work. First, classical market-making
and optimal-execution models motivate the risk variables used in this thesis: inventory for market
making and remaining quantity for execution. Second, reinforcement-learning approaches to
trading show that learned trading behaviour depends strongly on reward design, especially when
risk-control terms are included. Third, multi-agent reinforcement-learning studies show that
trading agents cannot be evaluated only in isolation, because the policy of one agent changes the
environment faced by another. Finally, recent limit-order-book simulation frameworks, especially
JaxMARL-HFT, make controlled high-frequency MARL experiments computationally feasible,
but do not yet isolate the effect of separate quadratic risk-aversion coefficients for market-making
and execution agents.

2.1 Classical Risk-Aware Trading Models

Classical trading models provide the conceptual foundation for the two risk variables studied
in this thesis. In market making, the central risk variable is inventory: a dealer who provides
liquidity on both sides of the book may unintentionally accumulate a large long or short position.
In order execution, the central risk variable is the remaining quantity to be executed: a trader who
delays execution may reduce immediate market impact, but remains exposed to price movements
and non-completion risk. Although the classical models considered in this section are not used
as exact benchmarks, they clarify why @; and X; are natural variables on which to impose
quadratic penalties.

Early dealership models already show that liquidity provision cannot be understood as simply
earning the bid—ask spread. Garman’s dealership framework [I3] models order arrivals as stochas-
tic and highlights that a dealer’s survival depends on managing inventory and cash constraints.
Amihud and Mendelson [3] and Ho and Stoll [I§] further develop this view by showing that bid
and ask quotes should depend on the dealer’s current inventory and exposure to future price
movements. The important implication for this thesis is that inventory is not only an accounting
variable after trades have occurred; it is a state variable that should affect future decisions.

Avellaneda and Stoikov [6] provide a modern reference point for high-frequency market mak-
ing. Their model links inventory, price volatility, order-arrival intensities, and risk aversion in
a tractable quoting framework. Guéant, Lehalle, and Fernandez-Tapia [16] extend this line of
work by deriving approximations for optimal quotes under inventory constraints. These models
are useful for this thesis because they suggest the expected qualitative behaviour of a risk-averse
market maker: as inventory becomes large, the agent should either skew quotes to encourage in-
ventory reduction or become less willing to add further inventory. However, these models rely on



stylised assumptions about price dynamics and order-arrival processes, while the present thesis
studies learned policies in a replay-based limit-order-book environment. Therefore, Avellaneda—
Stoikov-type models are used as conceptual motivation rather than as ground-truth optimal
policies.

Classical optimal-execution models motivate the execution side of the thesis. Bertsimas and Lo [§]
formulate the execution of a large order as an optimal-control problem, while Almgren and Chriss
[2] introduce the canonical trade-off between expected transaction cost and volatility risk. Later
models, including Obizhaeva and Wang [29] and Alfonsi, Fruth, and Schied [I], move closer to
limit-order-book mechanics by incorporating resilience, book shape, and nonlinear impact. The
common insight is that delayed execution has a cost even when it avoids immediate aggressive
trading: the trader remains exposed while a position is still unfinished.

Taken together, the classical literature justifies the two quadratic risk terms used in this thesis.
The market-making penalty —pasarQ? reflects the classical concern that large inventory creates
exposure to adverse price movements. The execution penalty —ppx X} reflects the classical
concern that carrying a large unfinished order creates timing and non-completion risk. The
contribution of this thesis is not to re-derive optimal stochastic-control policies, but to test how
these classical risk variables affect learned behaviour when they are embedded in a two-agent
MARL environment.

2.2 Reward Design in Reinforcement Learning for Trading

Reinforcement learning is attractive for limit-order-book trading because market making and
execution can both be formulated as sequential decision problems. In both tasks, however, the
reward function is not a neutral implementation detail. It determines whether the agent learns
to seek profit, reduce risk, complete a task, avoid trading, or exploit artefacts of the simulator.
This is especially important for the present thesis, because the main intervention is a change in
the reward through quadratic risk penalties.

In reinforcement-learning market making, inventory control appears repeatedly as a central de-
sign problem. Chan and Shelton [I0] show that adaptive market-making behaviour can be learned
without fully specifying the order-arrival process. Lim and Gorse [2]] include inventory and re-
maining time in the state and use a risk-sensitive terminal reward, showing that the learned policy
depends on the selected risk-aversion parameter. Spooner et al. [31] train a market-making agent
in a limit-order-book simulator and explicitly design the reward to account for inventory risk.
The survey by Gasperov et al. [14] places these methods in a broader inventory-control perspec-
tive and emphasizes that state representation, action design, and reward formulation strongly
affect learned market-making behaviour.

The implication of this literature is that a market maker can reduce inventory risk in several
different ways, not all of which are equally desirable. A learned agent might skew quotes as clas-
sical theory suggests, but it might also reduce risk simply by submitting fewer orders or avoiding
trades altogether. More recent work reinforces this concern. Deep-learning-based market-making
studies such as Kumar [20], Guo et al. [I5], and Ferndndez Vicente et al. [34] show that richer
models and inventory-aware rewards can improve stability, but they also make evaluation more
complex: high reward or low inventory alone does not reveal whether the agent is actively pro-
viding liquidity. This directly motivates the behavioural diagnostics in this thesis, including
no-trade frequency, order-submission rate, cancellation rate, inventory trajectories, quote skew-
ing, and action distributions.

The same reward-design issue appears in reinforcement-learning order execution. Nevmyvaka,
Feng, and Kearns [27] distinguish between private execution variables, such as time and shares
remaining, and market variables derived from order-book activity. Hendricks and Wilcox [I7]
connect reinforcement learning with the Almgren—Chriss framework by adapting execution sched-
ules to market conditions. More recent deep reinforcement-learning approaches, including Ning,
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Lin, and Jaimungal [2§], Moallemi and Wang [25], and Lin and Beling [22], show that execution
policies can be learned from limit-order-book information and may outperform fixed schedules
such as TWAP or VWAP.

For this thesis, the key lesson from the execution literature is that the remaining quantity X; is
not merely part of the environment state; it is also a natural object of risk control. A terminal
non-completion penalty encourages the agent to finish the task, but it may not determine how
risk is distributed across the episode. A running quadratic penalty —ppx X? gives the agent an
incentive to reduce unfinished quantity earlier. This can lead to more stable execution schedules,
but it can also make the agent overly aggressive and increase slippage. Therefore, execution
quality must be evaluated jointly with unfinished quantity, completion time, and the passive-
versus-aggressive order ratio.

Karpe et al. [I9] are especially relevant because they train an execution agent in the ABIDES
limit-order-book simulator and show that learned policies may converge toward TWAP-like be-
haviour in some scenarios. This suggests that fixed schedules remain useful behavioural refer-
ences even when the goal is not simply to beat a benchmark. In the present thesis, TWAP-style
behaviour is therefore treated as a diagnostic reference point: a quadratic remaining-position
penalty may produce earlier execution, but the important question is whether this improves the
risk-return trade-off or merely shifts cost from non-completion risk to slippage.

Overall, reinforcement-learning trading papers establish that reward design matters as much as
algorithm choice. Prior work has studied inventory-aware market making and adaptive execu-
tion, but usually treats them separately or focuses on outperforming a benchmark. This thesis
instead studies the controlled effect of one interpretable reward modification across both agents:
a quadratic penalty on the relevant risky position variable. The central empirical question is
not only whether the modified reward improves average performance, but how the coefficient p
changes behaviour, variance, risk exposure, and trading activity.

2.3 Multi-Agent Reinforcement Learning for Interacting Trading Agents

Financial markets are multi-agent systems: liquidity, prices, spreads, and execution costs emerge
from the interaction of many participants. This creates a limitation for single-agent reinforcement-
learning studies. If one agent is trained against a fixed background environment, its learned policy
may not remain effective when other strategic agents adapt. This is particularly relevant for the
present thesis because market making and order execution are complementary tasks. The market
maker provides liquidity by posting quotes, while the execution agent may consume or supply
liquidity while completing a target order. Changing the risk aversion of one agent can therefore
affect not only its own performance but also the other agent’s opportunity set.

Early multi-agent financial-market simulations show that aggregate market behaviour can emerge
from interacting agents. Lussange et al. [23] use reinforcement-learning agents in a stock-market
simulator and evaluate whether the resulting market reproduces empirical market statistics. Yao
et al. [35] similarly study reinforcement-learning-based market simulation and stylized facts.
These works are important because they move beyond isolated trading agents and treat market
behaviour as an interaction outcome. However, their primary goal is market realism, not the
controlled isolation of a specific risk-aversion parameter.

A more directly related line of work studies interaction between liquidity providers and liquidity
takers. Ganesh et al. [I2] train reinforcement-learning market makers in a multi-agent dealer
market and show that agents can learn inventory-dependent pricing behaviour under different
competitive settings and reward formulations. Ardon et al. [f] train liquidity-provider and
liquidity-taker agents simultaneously in a framework aimed at fully reinforcement-learning-based
market simulation. Vadori et al. [32] further develop this idea in an over-the-counter market
setting, where agents interact through parameterized reward families and liquidity providers can
learn emergent hedging and inventory-dependent skewing.
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The implication for this thesis is that market-maker risk aversion cannot be evaluated only by
looking at the market maker’s final portfolio value, and execution-agent risk aversion cannot be
evaluated only by looking at the execution agent’s slippage. If a more risk-averse market maker
trades less, the execution agent may face a different liquidity environment. Conversely, if a
more risk-averse execution agent trades earlier or more aggressively, the market maker may face
different order-flow pressure and inventory risk. This motivates cross-play evaluation: agents
trained under one pair of risk coeflicients should be evaluated against agents trained under other
coefficients.

Other studies bring multi-agent trading closer to limit-order-book simulation. Karpe et al. [19]
use ABIDES to train an execution agent in the presence of other simulated market participants,
while Ferndndez Vicente et al. [33] compare deep Q-learning market makers in non-competitive
and competitive simulated markets. These studies show that interaction effects matter for learned
trading behaviour. However, they do not systematically vary separate market-making and ex-
ecution risk-aversion coefficients in a concurrent two-agent high-frequency setting. This is the
specific gap addressed by the present thesis.

2.4 LOB Simulation Frameworks and JaxMARL-HFT

Controlled reinforcement-learning research in high-frequency trading requires a simulator that
captures important limit-order-book mechanisms while still allowing repeated training and eval-
uation. Order submission, cancellation, matching, price-time priority, and interaction with back-
ground order flow all affect the behaviour learned by trading agents. The choice of simulator
is therefore not only an implementation detail; it determines which research questions can be
studied.

ABIDES [J] is one of the most influential open-source agent-based market simulation frame-
works. It models the market as a discrete-event system in which trading agents interact with
an exchange agent through messages, and it supports configurable latencies between agents and
the exchange. ABIDES-Gym [4] adds a Gym-style reinforcement-learning interface and has been
used for market-making and execution experiments. MAXE [7] and PyMarketSim [24] also pro-
vide tools for agent-based limit-order-book simulation and controlled studies of trading agents.

These frameworks establish that simulated limit-order-book environments are useful for reinforcement-
learning trading research, but they also reveal a trade-off. High-fidelity simulation can be com-
putationally expensive, especially when many agents, many seeds, and many hyperparameter
settings are required. This matters for the present thesis because a controlled p-sweep is not a
single training run. It requires repeated training across risk coefficients, seeds, and evaluation
settings. A framework that is too slow would force the study either to use very few coefficients

or to omit cross-play and out-of-sample evaluation.

JAX-LOB [I1] addresses part of this computational problem by moving limit-order-book simu-
lation into the JAX ecosystem, enabling GPU-accelerated processing of many books in parallel.
JaxMARL [30] provides a complementary JAX-based multi-agent reinforcement-learning library.
JaxMARL-HFT [26] combines these directions by extending JaxMARL and building on JAX-
LOB to support GPU-accelerated multi-agent reinforcement learning for high-frequency trading.
It supports heterogeneous agents with different observation spaces, action spaces, and reward
functions, and demonstrates a two-agent setup in which a market-making agent and an order-
execution agent are trained concurrently using independent PPO.

JaxMARL-HFT is therefore the most natural starting point for this thesis. It provides exactly
the type of setting needed to study interaction between a liquidity-providing market maker and
a liquidity-demanding execution agent. At the same time, it also shows why the contribution
of this thesis must go beyond simply adding an inventory penalty. JaxMARL-HFT already
includes selected experiments with a quadratic market-maker inventory penalty and reports that
learned market makers may trade very infrequently, with the no-trade tendency exacerbated by
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the inventory penalty [26]. This observation turns the inventory penalty from a straightforward
reward modification into an empirical question: does higher ppsps create genuinely safer inventory
management, or does it mainly suppress trading?

The same framework also leaves room for a more systematic execution-risk study. JaxMARL-
HFT includes an execution agent and terminal non-completion penalties, but it does not isolate
a running quadratic remaining-position penalty —ppx X? across controlled coefficient sweeps.
Nor does it evaluate the interaction of separately trained market-making and execution agents
across a cross-play matrix. These omissions define the experimental contribution of this thesis:
to use JaxMARL-HFT not only as a simulator, but as the basis for a controlled quadratic-risk
experiment pipeline.

2.5 Positioning of This Thesis

The reviewed literature leads to a specific research gap. Classical trading models identify inven-
tory and remaining quantity as central risk variables, but they do so under stylised stochastic-
control assumptions. Reinforcement-learning trading papers show that market-making and exe-
cution policies can be learned from limit-order-book information, but they also show that reward
design can strongly shape behaviour and may produce unintended inactivity or aggressiveness.
Multi-agent reinforcement-learning papers demonstrate that interaction effects matter, but gen-
erally focus on market realism, competitive behaviour, or broad agent-based simulation rather
than on isolating risk-aversion coefficients. Simulation frameworks make controlled trading-agent
experiments possible, and JaxMARL-HFT provides a suitable GPU-accelerated heterogeneous
two-agent environment, but it does not yet provide a systematic study of separate quadratic risk
aversion for both market making and order execution.

This thesis addresses that gap by studying one risk-sensitive objective family in a controlled way.
The market-making agent receives a quadratic inventory penalty —pararQ?, and the execution
agent receives a quadratic remaining-position penalty —prpx X?. By varying parar and ppx,
the thesis evaluates how risk aversion changes learned behaviour, risk-return trade-offs, and
interaction dynamics. The evaluation goes beyond average reward by measuring final portfolio
value, slippage, variance, inventory exposure, unfinished quantity, trading activity, execution
timing, action distributions, and cross-play performance.

The thesis deliberately does not compare many different risk-sensitive objectives such as mean-
variance, CVaR, or entropic utility. Those objectives are important in the broader risk-sensitive
reinforcement-learning literature, but they introduce additional methodological complications,
including different risk-aversion scales, episode-level distributional estimation, and more complex
integration with PPO-style training. Focusing on quadratic risk aversion makes the experiment
interpretable, additive over time, and feasible for a controlled bachelor-thesis study. The resulting
contribution is therefore not a new MARL algorithm or a new market simulator, but a systematic
empirical analysis of how quadratic risk aversion affects two interacting high-frequency trading
agents.
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CHAPTER 3

Theoretical background
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