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Abstract

Abstract

Reinforcement learning provides methodologies for sequential decision-making

in autonomous systems. While reinforcement learning has achieved success in

fully observable environments, real-world applications frequently suffer from

partial observability, system delays, and non-stationary dynamics. For example,

autonomous robots performing specific tasks and systems managing complex

logistics networks often face these constraints. The dynamic and noisy nature of

these practical applications causes standard reinforcement learning algorithms

to fail.

The first question addressed in this research explores how specific environment

conditions can render reinforcement learning problems fundamentally not solv-

able. While other research classifies problem complexity into easy, medium,

and hard categories based merely on adjusting environment settings, this work

takes a theoretical approach. It reviews specific conditions, demonstrating

through mathematical proofs that optimal and epsilon-optimal policies cannot

exist when environments feature changing reward functions and aleatoric un-

certainty. By identifying the underlying issues that make a problem not solvable,

this research explains why certain environments become truly hard for standard

algorithms. This theoretical perspective acts as a guide to determine whether

a decision-making problem can be solved or whether it requires specialized ap-

proaches.

To address these unsolvable problems and environments with obstructed state

visibility, this research proposes the Generative Reward Machine framework.

Unlike Reward Machines that rely on fully observable environments, the Gen-

erative Reward Machine utilizes an estimator function to transform noisy, par-

tial observations into a stable state representation. This generative mechanism

allows the system to establish stationary reward signals despite environmental

uncertainty. By creating this intermediate state space, the system can develop

policies even when the true state of the environment remains hidden.

The efficacy of the Generative Reward Machine framework is empirically val-

idated across diverse domains. The first evaluations involve Reconnaissance

Blind Chess, a game characterized by severe information constraints, where the

framework adapted strategic hyperparameters to classify opponent skill levels.

Further validations applied the framework to hyperparameter optimization for

biometric footstep recognition and the Omnigenomic Benchmark. In these ap-
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Abstract

plications, the Generative Reward Machine provided a stable learning signal,

enabling the framework to achieve top-ranking performance.

The final question addressed in this research evaluates whether the Generative

Reward Machine can improve capacity management within Physical Internet

distribution centers. To test this, the research introduces Gym-DC, a simula-

tion environment that models physical packet routing under varying levels of

stochasticity, including random delays and unreliable service providers. While

standard deep reinforcement learning agents experience severe performance

degradation in the hardest Gym-DC settings, the proposed Generative Reward

Machine-driven agent maintains robustness. The framework outperforms stan-

dard reinforcement learning approaches and heuristic baselines. Ultimately,

this research demonstrates that integrating generative state abstractions can

improve performance in stochastic routing problems in Physical Internet.
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Chapter 1

Introduction

1.1 Motivation

Reinforcement learning (RL) has proven to be highly successful across a wide

range of sequential decision-making problems. Recent breakthroughs have

demonstrated its efficacy in complex domains, ranging from mastering com-

petitive board games to enabling sophisticated robotic manipulation and au-

tonomous navigation tasks. However, the foundational theory of reinforce-

ment learning relies on assumptions regarding the problem structure, specif-

ically state observability and a stationary reward function. In many real-world

applications, these conditions simply do not hold. [DALM+21] formulated a se-

ries of practical challenges—such as partial observability, non-stationarity, and

system delays—that must be addressed to extend the range and viability of RL

techniques. In this thesis, we focus on problems characterized by poor observ-

ability and unstable reward functions.

To ground this research, we utilize the Physical Internet (PI) as our primary

application domain. The PI is a paradigm-shifting proposal for an open, global

logistics system driven by physical, digital, and operational interconnectivity.

Within this framework, autonomous agents are required to make localized, real-

time decisions regarding packet routing and transport selection. This creates

an extraordinarily large and complex operational environment fraught with

highly volatile and uncertain conditions. One important sub-problem within

this ecosystem is the management of PI distribution centers, or hubs. In these

centers, an autonomous agent must dynamically decide whether to accept in-

coming packets and subsequently determine exactly when, where, and how to

1



1. INTRODUCTION 1.2 Thesis Statement

forward them through the network to optimize efficiency. Throughout this the-

sis, we employ this Distribution Center decision problem as our example.

To assist RL agents in navigating complex domains, [IKVM22] proposed Reward

Machines (RMs). RMs provide a structured methodology in which the reward

function is encoded as a finite state automaton operating on an extended state

space. By exposing the underlying logic of the reward to the agent, this method

allows a problem to be reformulated into one that maintains the critical Marko-

vian property, improving sample efficiency. However, the standard RM relies

on the assumption that the agent operates within a stable, deterministic, and

fully observable environment. In complex, noisy environments like the PI dis-

tribution center, the true state is often hidden by poor observations and the

underlying Markov property is lost, rendering standard reward machines inad-

equate.

To overcome these limitations and effectively bridge the gap between theoret-

ical RL frameworks and real-world implementation, this research centers on

the development of the Generative Reward Machine (GRM). The main research

question we focus on in this thesis is:

How can Reinforcement Learning be adapted to handle environments with poor

observability and unstable reward functions?

1.2 Thesis Statement

A Generative Reward Machine improves Reinforcement Learning performance

on complex problems with poor observability and dynamic reward functions.

Specifically:

• The reward structure for RL agents can be designed effectively based on

the classification of POMDP to improve performance in some complex

problems with different levels of observability.

• RL augmented with a generative reward function can improve reinforce-

ment learning performance in high-complexity routing problems within

Physical Internet distribution centers.

1.3 What was achieved?

The achievements of this research are:
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1. INTRODUCTION 1.4 The Implementation Examples

• Proofs establishing conditions where reinforcement learning fails to con-

verge to optimal or ϵ-optimal policies. The analysis examines environ-

ments with non-stationary reward functions and aleatoric uncertainty,

providing justification for the Generative Reward Machine.

• Design of the Generative Reward Machine (GRM). The framework ex-

tends Reward Machines for environments with noise and partial observ-

ability. It generates state representations for policy development when

observation of states is obstructed.

• Demonstration and evaluation of the GRM approach applied to four dif-

ferent application domains. The methodology includes implementation of

a new simulation benchmark Gym-DC, which models routing and decision

making in Physical Internet hubs.

1.4 The Implementation Examples

The methods in this thesis were applied to four different domains:

• Physical Internet Hub environment (Gym-DC): Gym-DC was developed

for autonomous decision-making in a simulated Physical Internet logistics

hub. This environment includes settings with high levels of change and

randomness, which are known to be difficult for standard RL agents.

• Reconnaissance Blind Chess (RBC): The GRM framework was used to

create an agent for Reconnaissance Blind Chess (RBC). The agent adapts

its strategy during the game by classifying its opponent’s skill level and

choosing the suitable hyperparameters. Its performance was evaluated in

open competition at Machine Reconnaissance Blind Chess Tournament of

NeurIPS 2022.

• Biometric Footstep Recognition: The framework was used for Hyper-

parameters Optimization, which is treated as an RL problem. Its perfor-

mance was evaluated in "International StepUP Competition for Biometric

Footstep Recognition" in the International Joint Conference on Biometrics

2025.

• Foundation Models for Genomic Modeling and Understanding: The

framework was used for Hyperparameters Optimization, which is treated

as an RL problem. Its performance was evaluated in "Foundation Models

for Genomic Modeling and Understanding" in ECML 2025.
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1.5 How is the claim validated?

The research claim is validated using several methods:

• Formal Proofs: Mathematical proofs are used to validate the theoretical

claims about the non-existence of optimal and ϵ-optimal policies under

specific reward conditions.

• Empirical Benchmarking: The performance of the developed RL and

GRM agents is compared against multiple heuristic-based policies. This

comparison uses 5000 different simulation runs for each configuration to

ensure the results are statistically robust.

• Comparative Analysis: A direct performance comparison is made be-

tween the GRM agent and a standard deep RL agent, especially in the

more difficult ("hard") simulation settings, to demonstrate the GRM’s per-

formance.

• Performance in External Competition: The RBC agent’s performance

was validated through its participation in the NeurIPS tournament, which

provided a competitive benchmark against other algorithms. Further-

more, the GRM-based agent achieved first place in two recent compe-

titions: the "International StepUP Competition for Biometric Footstep

Recognition" at the 2025 International Joint Conference on Biometrics

(IJCB) and the "Foundation Models for Genomic Modeling" challenge at

the 2025 European Conference on Machine Learning (ECML).

1.6 Who is going to use this?

This research can be used by the following groups:

• Reinforcement Learning Researchers: RL researchers can use the the-

oretical findings, the new complexity classification, and the GRM frame-

work for work on partially observable and non-stationary problems.

• Logistics and Supply Chain Innovators: Professionals in the logistics

industry can use the findings as a guide for designing autonomous man-

agement systems for Physical Internet hubs and other complex logistical

networks.
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1.7 Thesis contributions

To address these questions, this thesis makes several contributions to reinforce-

ment learning and its application within the logistics domain:

• The Generative Reward Machine (GRM) Framework: We introduce the

Generative Reward Machine (GRM). The GRM functions by generating

abstract state representations. The mechanism enables agents to develop

policies when observation of environmental states is obstructed.

• Theoretical Foundations: The thesis provides theorems demonstrating the

conditions under which optimal and ϵ-optimal policies cannot exist. The

proofs focus on scenarios characterized by non-stationary reward func-

tions and aleatoric uncertainty. The theorems serve as a guide for when

the GRM approach is required.

• Empirical Validation: The efficacy of the GRM framework is validated

through empirical assessments across multiple domains:

1. Physical Internet Logistics (Gym-DC): We have developed Gym-

DC, a specialized simulation environment that accurately models

Physical Internet (PI) hub operations. Experimental results demon-

strate that the GRM-driven agent outperforms traditional RL meth-

ods, especially in noisy logistical environments.

2. Reconnaissance-Blind Chess (Imperfect Information Games):

The GRM framework is employed to dynamically refine agent strate-

gies in the domain of Reconnaissance-Blind Chess. It accomplishes

this by effectively classifying opponent skill levels and adaptively se-

lecting optimal behavioral hyperparameters, thereby proving its ef-

fectiveness within competitive, partially observable contexts.

3. Biometric Footstep Recognition and Foundation Models for Ge-

nomic Modeling and Understanding (Adaptive Hyperparame-

ter Optimization): GRM is leveraged to enhance the efficiency of

meta-learning, specifically for hyperparameter optimization in deep

learning. Empirical results demonstrate improved performance on

two benchmarks: the Omnigenomic Benchmark (OGB) and footstep

recognition benchmark.
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1.8 Publications

Most of the work presented in this thesis has been published or has received

awards in competitions. These are detailed below.

1. “Gym-DC: A Distribution Centre Reinforcement Learning Environ-

ment” Saeid Rezaei, Federico Toffano, and Kenneth N. Brown. . In:

Pattern Recognition, Computer Vision, and Image Processing. ICPR 2022

International Workshops and Challenges. ICPR 2022. Lecture Notes in

Computer Science, vol 13644. Springer, Cham. Springer, 2023, pp. 687–

699. DOI: 10.1007/978-3-031-37742-6_53.

https://doi.org/10.1007/978-3-031-37742-6_53
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1.9 Thesis layout

The remainder of this thesis is structured as follows:

Chapter 2 presents foundational concepts in the Physical Internet, reinforce-

ment learning, and real-world challenges encountered in reinforcement learn-

ing, followed by illustrative examples such as reconnaissance-blind chess and

hyperparameter optimization in deep learning models.

Chapter 3 presents the theoretical contributions of the thesis. It details the

conditions for the convergence of RL algorithms, introduces the new complexity

classification framework, and provides formal proofs for the non-existence of

optimal policies in certain environments.

Chapter 4 introduces the Generative Reward Machine (GRM) framework. It de-

tails its implementation and evaluates its performance on the complex problem

domains of Reconnaissance Blind Chess, Omnigenomic Benchmark (OGB) and

a footstep recognition benchmark.

Chapter 5 introduces the Gym-DC simulation environment, detailing the five

distinct operational settings and three scenarios designed to test RL agents un-

der varying levels of complexity and stochasticity. Furthermore, the chapter

evaluates the performance of a standard deep RL agent against several heuris-

tic policies across different settings of the Gym-DC environment.

Chapter 6 describes GRM for the Gym-DC Environment. This chapter applies

the GRM framework to the challenging settings of the Gym-DC environment,

providing a comparative analysis against the standard RL agent to demonstrate

the GRM’s effectiveness in highly stochastic conditions.

Finally, potential future directions for this work are described in Chapter 7.
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Chapter 2

Literature review and background

2.1 Multi-Criteria Decision-Making in Resource Al-

location

In numerous operational and strategic scenarios, a fundamental challenge lies

in the optimal allocation or matching of entities from two distinct groups. This

requirement has propelled the development and application of sophisticated

matching algorithms. For instance, in the domain of human resource manage-

ment, one might seek to assign employees to projects based on their skills and

project requirements. Similarly, in transportation logistics, carriers are matched

with shipments considering factors such as cost, capacity, and delivery time-

lines. A particularly salient application is found within capacity management

problems. In this context, one set of entities can be conceptualized as items

requiring storage or processing, such as packages in a warehouse, while the

other set comprises service providers or storage locations, each with varying ca-

pabilities and costs. The objective is to establish a matching that optimizes one

or more performance metrics, a task for which multi-criteria decision-making

(MCDM) algorithms are exceptionally well-suited.

MCDM encompasses a suite of analytical methods designed to evaluate and se-

lect among a set of alternatives based on multiple, often conflicting, criteria.

The core principle of many MCDM techniques is to quantify the performance

of each alternative with respect to each criterion and then to aggregate these

performances into a single comprehensive score or ranking. An illustrative and

widely adopted MCDM method is the Technique for Order of Preference by

Similarity to Ideal Solution (TOPSIS). The fundamental concept of TOPSIS is

8
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to identify an ideal solution, which represents the best possible performance

across all criteria, and a negative-ideal solution, which embodies the worst per-

formance. As detailed in a recent comprehensive review, the algorithm then de-

termines the preference order of alternatives by simultaneously measuring the

Euclidean distance of each alternative from both the ideal and negative-ideal

solutions [PKD23]. An alternative is deemed more preferable if it is geometri-

cally closer to the ideal solution and farther from the negative-ideal solution.

This approach provides a logical and computationally straightforward frame-

work for resolving complex matching problems in capacity management and

other logistical domains. In this study, we use TOPSIS framework as the core

mathematical engine for our agent’s matching policy, which is detailed in Sec-

tion 5.3.3.

2.2 Reinforcement Learning

Reinforcement Learning (RL) encompasses a collection of methodologies

for learning effective action policies in sequential decision-making problems

[SB18]. The primary objective of reinforcement learning is to derive an opti-

mal policy for an agent that maximizes the cumulative long-term reward. Se-

quential decision problems, which are integral to numerous domains involv-

ing uncertainty, appear in a variety of forms[Bis06]. Various methodological

communities are actively engaged in formulating solutions for such problems.

Prominent methodologies in this domain include robust optimization, optimal

control, and simulation optimization[Pow22]. In a sequence of time steps in

a process where decisions are made sequentially, each time step is denoted as

"Period 1," "Period 2," and so forth, up to "Period N," indicating a temporal pro-

gression. At each period, a decision is made based on the available information,

after which the process advances to the subsequent period, where the cycle is

repeated until the final period "N" is reached.

2.2.1 Fundamentals of Reinforcement Learning

This section presents the fundamental principles of reinforcement learning,

adopting the notation from [Put14] . Reinforcement learning enables an agent

to learn optimal behaviors by directly interacting with its environment and ob-

serving the consequences of its actions. A Markov Decision Process (MDP) of-

fers a structured framework for addressing learning through such interactions.
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In this paradigm, an ’agent’ is the entity that acquires knowledge and selects ac-

tions, while the ’environment’ comprises everything external to the agent with

which it interacts. As the agent executes actions, the environment responds to

these choices, thereby presenting the agent with new circumstances to navi-

gate.

Figure 2.1: The agent-environment interaction in a Markov decision process.

An MDP is formally defined as a 4-tuple, (S, A, T, R), where S represents a finite

set of states, A is a finite set of actions, T is a transition function mapping from

S × A × S to probabilities, and R is a reward function that maps from S to

real-valued rewards. A standard MDP is illustrated in Figure 2.1.

2.2.2 Fundamental Concepts and Notations

The interaction between an agent and its environment can be modeled as a

Markov Decision Process (MDP), wherein the subsequent state is determined

probabilistically from the preceding state and the action taken. The agent’s

objective is to learn an optimal policy that prescribes the action to be taken in

each state. In many practical scenarios, the agent cannot directly observe the

current state of the MDP but instead perceives features generated from the true

state and the previous action, governed by a certain probability distribution.

The underlying model in such cases is a Partially Observable MDP (POMDP)

[SB18]. Table 2.1 provides a concise overview of the notations pertaining to

MDPs and other relevant concepts used throughout this thesis [MRN05, Put14].
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Table 2.1: Notations

Notation Definition
A Set of actions
S Set of states
As Set of actions available in state s
T A mapping from S×A×S to probability distributions over

the states in S
R A reward function that maps from S to real-valued rewards
Π Set of policies {π1, π2, ..., πN}
St State at time t
At Action at time t
Rt Reward at time t
γ Discount rate (where 0 ≤ γ ≤ 1)
I Initial state of the MDP
π A policy (a mapping from S to actions in A)
δ A notation representing a policy
V, V π Value function under policy π, mapping elements of S to

real values
πt Policy at time t in a non-stationary environment
V πt Value function under the time-dependent policy πt

vπ
N(s) Value of the value function with policy π for state s in de-

cision period N
rt(s, a) Reward for choosing action a ∈ As in state s at decision

period t
p(ŝ, r | s, a) Probability of transitioning to state ŝ and receiving reward

r, given current state s and action a
rt(s, a, j) Reward received in period t when action a ∈ As is chosen

in s ∈ S and the next state is j
Pδ(i, j) Transition probability under policy δ, given by Pδ(i, j) =

T (i, δ(i), j) for i, j ∈ S
Q(s, a) State-action value function, representing the expected re-

turn from state s, taking action a, and following policy π
thereafter

Q∗(s, a) Optimal state-action value function, representing the max-
imum expected return from state s and action a under the
optimal policy π∗

ϵ-optimal policy A policy π that achieves a value within ϵ of the optimal
value V ∗ for all states, i.e., V π(s) ≥ V ∗(s)− ϵ for all s ∈ S

M(o, i, a) Probability of observing o in state i after taking action a
bt(s) The belief-state; a probability distribution over states S at

time t, where bt(s) = P [St = s]
h History of interactions up to the current time, including

the sequence of past actions and observations
ó, ŕ Observation and reward values at the next time step in a

history-based decision process
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2. LITERATURE REVIEW AND BACKGROUND 2.2 Reinforcement Learning

2.2.3 Reinforcement Learning Pipeline

The canonical RL pipeline constitutes the foundational framework upon which

all contemporary variations are constructed, with its mathematical underpin-

nings in the theory of MDPs [SB18, Bel57]. This pipeline is a continuous, it-

erative loop involving an agent and an environment, where the agent’s actions

influence its future observations and rewards.

Environment and Agent. The pipeline commences with the formalization of

the problem domain as an environment. At any time step t, the environment is

characterized by its state, St ∈ S. A state must adhere to the Markov property,

which is expressed as P (St+1 | St, At, St−1, At−1, . . .) = P (St+1 | St, At). The

agent is the learning entity that observes St and selects an action, At ∈ A(St).
The agent’s objective is to learn an optimal policy for selecting actions through

a process of trial and error.

Reward Function and Objective. Upon the agent executing action At in state

St, the environment transitions to a new state St+1 and provides a scalar reward,

Rt+1. The reward function, R, defines this mapping and the goal is specified

in terms of reward function. The agent’s objective is to maximize the expected

cumulative discounted reward, or return, defined as Gt = ∑∞
k=0 γkRt+k+1, where

γ ∈ [0, 1] is the discount factor. The conceptualization of all objectives as the

maximization of this scalar return is known as the reward hypothesis [SB18].

Policy and Value Functions. The agent’s behavior is dictated by its policy,

π, which is a mapping from states to a probability distribution over actions. a

probability distribution over actions. We will write π(a | s) = P (At = a | St = s)
to denote the probability of selecting a in state s. The goal is to determine an

optimal policy, π∗, that maximizes the expected return from all states. To this

end, RL algorithms learn a value function to estimate the long-term desirability

of states or state-action pairs. The state-value function, V π(s), is the expected

return starting from state s and following policy π. The action-value function,

Qπ(s, a), is the expected return after taking action a in state s and subsequently

following policy π. These functions conform to the Bellman equations, which

provide the theoretical basis for most RL algorithms.

The Learning Loop. The pipeline operates through generalized policy iteration
(GPI), an iterative process in which the agent alternates between evaluating

its policy (i.e., estimating the value function) and improving it [SB18]. This

process necessitates managing the exploration-exploitation trade-off, which in-

Generative Reward Machines for
Reinforcement Learning in Problems with Poor
Observability

12 Saeid Rezaei



2. LITERATURE REVIEW AND BACKGROUND 2.2 Reinforcement Learning

volves balancing the utilization of current knowledge to accumulate rewards

(exploitation) with the exploration of new actions to enhance its knowledge.

A trajectory, τ , is a sequence of states, actions, and rewards:

τ = (St, At, Rt+1, St+1, At+1, Rt+2, . . . )

The return, Gt, is the sum of discounted rewards from time-step t onward:

Gt =
∞∑

k=0
γkRt+k+1

where γ is a discount factor (0 ≤ γ ≤ 1) that balances the importance of

immediate versus future rewards.

The foundational functions of reinforcement learning (RL) comprise a variety

of mathematical and algorithmic constructs that are essential for defining and

analyzing the RL framework. Table 2.2 provides an overview of these critical

functions.

Table 2.2: Fundamental definitions in Reinforcement Learning

Notation Definition

Deterministic policy π π(s) ∈ As for all s ∈ S.

Stochastic policy π π(a|s) = P (At = a|St = s) for all s ∈ S

and a ∈ As.

State-value function for policy π vπ(s) = Eπ[Gt|St = s] for all s ∈ S.

Action-value function for policy π qπ(s, a) = Eπ[Gt|St = s, At = a] for all

s ∈ S and a ∈ As.

Optimal state-value function v∗ v∗(s) = maxπ vπ(s) for all s ∈ S.

Optimal action-value function q∗ q∗(s, a) = maxπ qπ(s, a) for all s ∈ S and

a ∈ As.

Note on Expectation: The operator Eπ[·] denotes the expected value of a

random variable (like the return Gt), given that the agent follows policy π. This

means that all future actions are selected according to the action probabilities

defined by π(a|s).
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2.2.4 Q-function

The Q-function (or action-value function) is central to many RL algorithms.

Q-learning is a popular model-free algorithm that directly learns the optimal

action-value function, q∗(s, a), for an environment. This allows an agent to

determine the best action to take in any state without needing a model of the

environment’s transition probabilities or reward function.

The core of the Q-learning algorithm is its update rule. After taking action At

in state St and observing the immediate reward Rt+1 and the next state St+1,

the agent updates its estimate of the Q-value using the following formula:

Q(St, At)← Q(St, At) + α
[
Rt+1 + γ max

a
Q(St+1, a)−Q(St, At)

]

Where:

• Q(St, At) is the current estimate of the action-value for the state-action

pair.

• α is the learning rate (0 < α ≤ 1), which determines how much the new

information overrides the old estimate.

• Rt+1 is the reward received after taking action At.

• γ is the discount factor (0 ≤ γ < 1).

• maxa Q(St+1, a) is the agent’s estimate of the optimal future value it can

get from its new state, St+1. This is the maximum Q-value over all possible

actions a in the next state.

This update rule is a form of Temporal-Difference (TD) learning. It updates

the value of the current state-action pair based on the observed reward plus the

estimated value of the best action in the next state. By repeatedly applying this

update, the function Q(S, A) converges to the optimal action-value function,

q∗(s, a).

Strongly Connected Markov Chain. A Markov chain is strongly connected if

there exists a directed path from each vertex to every other vertex.

Ergodic Markov Chain. A Markov chain is ergodic if it is possible to transition

from any state to any other state.

Stationary and Nonstationary Policies. A non-stationary MDP is specified

by the tuple (S, A, T, r, p). The set S is a finite set of states. The collection
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A = {As}s∈S contains a finite action set As for each state s ∈ S. We say

that (s, a) is a state-action pair if s ∈ S and a ∈ As. We denote S = |S|
and A = (∑

s∈S |As|)/S. We denote T as the total number of time steps, and

r = {rt}T
t=1 as the sequence of mean rewards.

Exogeneity. The quantities rt and pt vary across different t in general.

Endogeneity. In a non-stationary MDP instance (S, A, T, r, p), given state st

and action at, the system stochastically transitions to another state st+1, which

is distributed as pt(·|st, at), and receives a stochastic reward Rt(st, at), which is

1-sub-Gaussian with mean rt(st, at) [SB18] [Put14].

Optimal Policy. The theory and algorithms of Markov decision processes for

finite-horizon models are primarily concerned with identifying a policy π∗ that

maximizes the expected total reward and with defining this value. In other

words, the objective is to find a policy π∗ such that:

vπ∗

N (s) ≥ vπ
N(s), s ∈ S

Such a policy is termed an optimal policy. However, in certain models, an

optimal policy may not be attainable. Therefore, the aim is to find an ε-optimal

policy, that is, for an ε > 0, a policy π∗
ε with the property that:

vπ∗

N (s) + ε > vπ
N(s), s ∈ S

2.2.5 Partially Observable Environments

Consider a MDP (S, A, T, R) with finite sets S and A. Suppose that at time

instant t, the Markov chain is in state φt = i, with i ∈ S. An agent must select an

action a from the set of possible actions A and transition to a subsequent state j

according to the transition probabilities T (i, a, j). Observations are represented

by the random variable Ot, which takes values in a finite set O. The random

variables Ot are governed by the conditional probabilities:

P [Ot = o|φt = i, at−1 = a]

Define the observation probability function M as:

M : O × S × A→ [0, 1]
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M(o, i, a) = P [Ot = o|φt = i, at−1 = a]

A POMDP is, therefore, a six-tuple (S, A, O, T, M, R), where S, A, and O are

the state-space, the action-space, and the observation-space, respectively, and

T, M , and R are the transition probability function, the observation probabil-

ity function, and the reward structure, respectively. In a POMDP, the agent is

generally unable to observe the underlying state φt of the Markov chain. As

such, to choose an action based on the observations it receives, the agent must

maintain an estimate of the current state of the Markov chain. This estimate

is referred to as the belief-state or information-state and possesses important

properties that will be explored subsequently.

2.2.6 The Belief-State

In a POMDP, the agent’s estimate of the current state is a probability distribution

known as the belief-state. We will denote the belief at time t as bt, where

bt(s) = P [St = s] is the probability that the system is in state s ∈ S.

Assume the belief at time t is bt(s). If the agent chooses action At = a, the

system will transition to state s′ with probability T (s, a, s′). The probability of

the next state being s′ given the action a is the sum over the probabilities of all

possible current states:

P [St+1 = s′|At = a] =
∑
s∈S

P [St+1 = s′|St = s, At = a]P [St = s]

=
∑
s∈S

T (s, a, s′)bt(s)

Given that the agent chose action a, observed o, and had a prior belief bt(s),
the new belief over the next state St+1 = s′, denoted bt+1(s′), is given by Bayes’

rule:

bt+1(s′) =
∑

s∈S T (s, a, s′)M(o, s′, a)bt(s)∑
s′′∈S

∑
s∈S T (s, a, s′′)M(o, s′′, a)bt(s) , s′ ∈ S

2.2.7 DDPG

The Deep Deterministic Policy Gradient (DDPG) algorithm is a model-free, off-

policy actor-critic method that utilizes deep function approximators to learn

policies in high-dimensional, continuous action spaces. It amalgamates con-

cepts from Deterministic Policy Gradient (DPG) and Deep Q-Networks (DQN),

addressing function approximation error in actor-critic methods by employing a
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deep neural network to learn a deterministic policy and a Q-function. DDPG in-

troduces target networks to stabilize training and uses a replay buffer to decor-

relate consecutive samples, thereby enhancing learning efficiency and stability

[SLH+14].

In essence, it employs two target networks, analogous to the Actor-Critic

method:

1. Actor: Proposes an action given a state.

2. Critic: Predicts the quality of the action, given a state and an action.

The pseudocode for the DDPG is presented in algorithm 1.

Algorithm 1 DDPG algorithm

1: Randomly initialize critic network Q(s, a|θQ) and actor µ(s|θµ) with weights
θQ and θµ.

2: Initialize target network Q′ and µ′ with weights θQ′ ← θQ, θµ′ ← θµ.
3: Initialize replay buffer R.
4: for episode = 1, M do
5: Initialize a random process N for action exploration.
6: Receive initial observation state s1.
7: for t = 1, T do
8: Select action at = µ(st|θµ) + Nt according to the current policy and

exploration noise.
9: Execute action at and observe reward rt and new state st+1.

10: Store transition (st, at, rt, st+1) in R.
11: Sample a random minibatch of N transitions (si, ai, ri, si+1) from R.
12: Set yi = ri + γQ′(si+1, µ′(si+1|θµ′)|θQ′).
13: Update critic by minimizing the loss: L = 1

N

∑
i(yi −Q(si, ai|θQ))2.

14: Update the actor policy using the sampled policy gradient:
15: ∇θµJ ≈ 1

N

∑
i∇aQ(s, a|θQ)|s=si,a=µ(si)∇θµµ(s|θµ)|si

.
16: Update the target networks:
17: θQ′ ← τθQ + (1− τ)θQ′

18: θµ′ ← τθµ + (1− τ)θµ′

19: end for
20: end for

2.2.8 Automated Reinforcement Learning

Reinforcement learning has demonstrated its capacity to identify optimal so-

lutions through interaction with the environment in a variety of applications.

When integrated with neural networks, significant achievements in complex

domains such as board games, as documented in [SHM+16], have highlighted
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Figure 2.2: Feature Engineering stage in the Online Pipeline.

the potential of this approach, stimulating researchers to develop a wide array

of RL algorithms tailored to specific problem characteristics.

In [PHRS+22], a general Automated Reinforcement Learning(AutoRL) pipeline

for solving problems is introduced. The primary research questions in AutoRL

concern the optimization of hyperparameters with minimal computational re-

sources and the modeling of a problem as an MDP, as well as generalizing

the mapping from available information to an RL environment. In [MLM+23],

pipelines for both offline and online RL are proposed:

• Online Pipeline. The Online AutoRL Pipeline takes an environment ξ

as input, which is modified by a Feature Engineering stage to facilitate

learning in the subsequent stage. Using the features created in this stage,

it outputs a transformed environment ξ′. Through the Policy Generation

process, the environment ξ′ is used to estimate the optimal policy π̂∗. In

the Policy Evaluation phase, a performance estimate, η(π̂∗), is provided

based on a performance index η. Feature engineering, policy generation,

and policy evaluation are the three main components of the Online Au-

toRL pipeline.
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Figure 2.3: Feature Engineering stage in the Offline Pipeline.

• Offline Pipeline. The Offline AutoRL Pipeline, in contrast to the online

version, includes two additional preliminary stages: Data Generation and

Data Preparation. When an environment ξ is provided as input, the Data

Generation stage creates a dataset D. If a dataset D is already available,

for instance from a real-world process, this step is omitted. Consequently,

the environment ξ is only used to evaluate the performance of a policy.

By applying corrections to each row of the dataset D, the Data Prepara-

tion stage modifies the dataset D to obtain D′. After passing through the

Feature Engineering stage, the environment ξ and dataset D′ are trans-

formed into a dataset D′′ and an environment ξ′ equipped with trans-

formed states, actions, and rewards. In the Policy Generation stage, the

dataset D′′ is used to estimate the optimal policy π̂∗. This differs from the

online stage in that it uses the dataset D′′, whereas the Policy Evaluation

stage uses the environment ξ′ for estimating η(π̂∗). The Offline AutoRL

Pipeline is illustrated in Figure 2.3.

2.3 Reward Machines

While the canonical Reinforcement Learning (RL) framework provides a robust

foundation for sequential decision-making, its practical application to complex,

real-world problems often confronts significant challenges related to sample

inefficiency [IKVM22]. Many sophisticated RL algorithms treat the reward

function, R, as an opaque or "black-box" signal. This necessitates extensive
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exploration for an agent to discern which sequences of actions lead to high

cumulative returns. This limitation becomes particularly pronounced in envi-

ronments characterized by sparse or delayed rewards, where the feedback is so

infrequent that the credit assignment problem becomes exceptionally difficult

[KT23]. Furthermore, the manual design of reward functions to guide an agent

towards desired behaviors without introducing unforeseen loopholes—a pro-

cess known as reward engineering—is a notoriously arduous task [TIKVM18].

In response to these limitations, a considerable body of research has explored

the use of automata-based models to represent task structures and reward func-

tions more explicitly. These formalisms provide a structured and unambiguous

medium for specifying complex, temporally extended objectives that are dif-

ficult to express with simple Markovian rewards [Cea19]. Among these, the

Reward Machine (RM) has emerged as a particularly influential framework

[TIKVM18, IKVM22]. An RM is a type of finite-state automaton that encodes

the underlying structure of a task’s reward function. By representing the task as

a graph of states and transitions that are triggered by high-level environmen-

tal events, an RM makes the logic of the reward function transparent to the

learning agent [LCK+22]. This "white-box" approach fundamentally alters the

learning problem and provides the basis for a suite of algorithms designed to

accelerate policy acquisition.

2.3.1 Integration with MDPs

The conceptual core of the Reward Machine framework is its formal definition

as a finite-state automaton that dictates the issuance of rewards based on task

progression. This structure provides a formal basis for decomposing complex

problems into more manageable components.

Formally, a Reward Machine is a tuple R = ⟨U, uI , F, AP, δu, δr⟩, where:

• U is a finite set of machine states.

• uI ∈ U is the initial state of the machine.

• F ⊆ U is a set of terminal machine states.

• AP is a finite set of atomic propositions, which represent high-level,

human-interpretable events that can occur in the environment (e.g.,

‘key_picked_up‘, ‘door_opened‘).

• δu : U × 2AP → U ∪ F is the state-transition function. It maps a current
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machine state and a set of true atomic propositions to a subsequent ma-

chine state.

• δr : U × 2AP → R is the reward-issuing function, which outputs a scalar

reward based on the current machine state and the set of true atomic

propositions.

The critical link between the agent’s low-level experience within the environ-

ment’s MDP and the high-level logic of the RM is established through a labelling

function, denoted as L. This function, L : S×A×S → 2AP , abstracts a low-level

environmental transition from state St to St+1 via action At into a set of true

atomic propositions from AP [IKVM22]. This set of propositions then drives

the state transitions and reward emissions of the RM.

When an RM is composed with a standard MDP, the result is a product MDP,

sometimes referred to as an MDPRM. In this new process, the state space is

the Cartesian product of the environment states and the RM states, S × U .

An agent’s policy, π, is subsequently learned over this augmented state space,

becoming π(at|st, ut), where st ∈ S is the environment state and ut ∈ U is

the RM state at time t. This composition is of great theoretical importance, as

it can transform a problem with a non-Markovian reward function (where the

reward depends on the history of states) into a fully Markovian decision process

over the augmented state space (s, u). The RM state ut effectively serves as a

compact memory of all task-relevant history, satisfying the Markov property for

the augmented state.

2.3.2 Foundational Reward Machine Algorithms

The transparent structure of a given RM enables the development of several

powerful algorithmic techniques that can significantly improve learning effi-

ciency compared to standard, black-box RL approaches.

One of the first and most direct methods is Q-Learning for Reward Machines

(QRM) [TIKVM18]. This algorithm decomposes the primary learning task by

training a separate action-value function, Qu(s, a), for each state u ∈ U of the

reward machine. Since Q-learning is an off-policy algorithm, a single stream

of environmental interaction (St, At, Rt+1, St+1) can be used to provide updates

for all of these distinct Q-functions in parallel. This parallel learning process

leads to substantial improvements in sample efficiency.

A second technique involves the use of automated potential-based reward
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shaping. The graphical structure of an RM allows for the automatic derivation

of a valid potential function, Φ(u), typically by performing value iteration on

the RM states themselves [IKVM22]. This potential function provides a dense,

intermediate reward signal, γΦ(ut+1)−Φ(ut), which can guide the agent’s explo-

ration towards achieving task subgoals. Crucially, when constructed correctly

from the RM, this shaping reward is guaranteed to be policy-invariant, meaning

it does not alter the optimal policy of the underlying problem.

Arguably the most potent foundational method is Counterfactual Reasoning

for Reward Machines (CRM) [IKVM22]. This advanced off-policy approach

allows an agent to generate multiple synthetic, or "counterfactual," learning

experiences from a single environmental transition. For a single observed tran-

sition (st, at, st+1), the agent can reason about what would have happened if

it had been in a different RM state u′ ̸= ut. This enables the agent to update

the Q-function Qu′(st, at) for every RM state u′ simultaneously. This technique

dramatically enhances data reuse and further accelerates the speed of learning.

These foundational methods highlight the value of exploiting the explicit task

structure provided by an RM, but they operate on the assumption that such an

RM is provided beforehand.

2.4 Real-World Challenges in Reinforcement

Learning

Despite the remarkable successes of Reinforcement Learning (RL) in simulated

environments, the transition to real-world systems is impeded by numerous

practical difficulties. Many seminal RL achievements result from highly tailored

implementations that do not generalize well to other problems. To effectively

deploy RL in practical applications, a series of significant challenges must be

systematically addressed. As catalogued by Dulac-Arnold et al. [DALM+21],

these core challenges can be summarized as follows:

1. Learning from a limited number of samples.

2. Managing substantial delays in observations, actions, or rewards.

3. Operating within high-dimensional state and action spaces.

4. Adhering to critical system and safety constraints.

5. Interacting with systems that are partially observable or non-stationary.
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6. Learning from multi-objective or inadequately specified reward functions.

7. Executing policy decisions swiftly to meet real-time demands.

8. Training policies offline using fixed, pre-existing datasets.

9. Generating policies that are explainable to human operators.

These multifaceted difficulties can be organized into a structured taxonomy,

which facilitates a clearer analysis of the obstacles to real-world RL deploy-

ment. We adopt a classification that groups these nine challenges into three

superordinate categories:

• Data-Related Challenges: Difficulties pertaining to the availability, cost,

and intrinsic nature of the data utilized for learning (Challenges 1 and 8).

• Environment-Related Challenges: Complexities inherent to the system’s

dynamics, observations, objectives, and operational constraints (Chal-

lenges 2, 3, 4, 5, and 6).

• Operational Challenges: Practical and logistical hurdles associated with

the deployment and live interaction of an RL agent within a production

system (Challenges 7 and 9).

The subsequent sections delve into each of these categories, elucidating the

specific problems within them and surveying prominent research efforts aimed

at their resolution.

2.4.1 Data-Related Challenges

Limited Sample Efficiency

A primary obstacle in real-world RL is the necessity to learn from a restricted

volume of interactions. In contrast to simulations where data generation is inex-

pensive, acquiring samples from physical or production systems is often costly,

time-consuming, or carries inherent risks. This reality demands algorithms with

high sample efficiency. A range of methodologies has been developed to address

this issue. Model-based RL, for example, seeks to learn a dynamics model of

the environment, which can then be used for planning or to generate simulated

experiences, thereby reducing the required number of real-world interactions

[CCML18]. Another prominent approach is meta-learning, where an agent is

pre-trained across a distribution of related tasks, enabling it to adapt to a novel

task with minimal data [FAL17]. Furthermore, learning can be significantly
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accelerated by leveraging expert demonstrations to bootstrap the policy, a tech-

nique effectively implemented in Deep Q-learning from Demonstrations (DQfD)

[HVP+18].

Offline Reinforcement Learning

Many real-world systems cannot permit online interaction for learning due to

safety or operational constraints. However, these systems often possess exten-

sive logs of historical data from prior operations. The field of offline RL, or batch

RL, focuses on deriving optimal policies exclusively from such static datasets. A

principal difficulty in this paradigm is the distributional shift between the be-

havior policy that generated the data and the new policy being learned, which

can cause severe errors for standard off-policy algorithms [LKTF20]. To coun-

teract this, conservative methods have been proposed, which penalize devia-

tions from the actions present in the dataset. Notable examples include Con-

servative Q-Learning (CQL) [KL19] and Batch-Constrained Q-learning (BCQ)

[FMP19], both of which regularize the learning process to avoid actions out-

side the data support.

2.4.2 Environment-Related Challenges

System Delays

Real-world systems frequently exhibit considerable delays in actuation, sensing,

or reward feedback, violating the standard Markov Decision Process (MDP) as-

sumption of instantaneous state transitions. These latencies introduce a form of

partial observability and complicate the credit assignment problem. A common

strategy to mitigate this is to augment the state representation with a history of

recent actions and observations, allowing the policy to implicitly learn and com-

pensate for the delays [HS13]. For tasks characterized by substantial reward

delays, specialized algorithms are necessary. The RUDDER algorithm, for in-

stance, employs a learned model to redistribute delayed rewards to the causally

responsible preceding actions, facilitating more effective learning [AMGW+19].

High-Dimensional State and Action Spaces

Many practical applications, from controlling multi-jointed robots to managing

large-scale recommender systems, involve state and action spaces of extremely

high dimensionality. This "curse of dimensionality" poses significant challenges

for exploration and generalization. Deep learning has been instrumental in this

domain, using neural networks as powerful function approximators for policies
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and value functions [MKS+15]. To manage vast action spaces, some methods

structure the decision-making process, for instance, by employing a two-step

approach of candidate generation followed by ranking [CAS16], or by using

nearest-neighbor techniques to efficiently search for viable actions in a learned

embedding space [DAEvH+15].

Satisfying Environmental Constraints

An agent operating in a real-world system must adhere to strict operational con-

straints to ensure safety and prevent damage. This requirement has given rise

to the field of Safe RL, which is often formalized using the Constrained Markov

Decision Process (CMDP) framework [Alt04]. In a CMDP, the agent’s objective

is to maximize a reward function while ensuring that the expected value of one

or more cost functions remains below a specified threshold. Algorithms like

Constrained Policy Optimization (CPO) extend standard policy gradient meth-

ods to incorporate these safety constraints directly into the optimization process

[AHTA17]. Another approach involves the use of a safety layer or shield, which

monitors the agent’s proposed actions and intervenes by projecting any unsafe

action onto the nearest safe alternative [DDV+18].

Partial Observability and Non-Stationarity

An agent in a real-world setting rarely perceives the complete state of the

environment; it must operate based on partial and often noisy observations.

This condition is modeled by the Partially Observable Markov Decision Process

(POMDP). Furthermore, the dynamics of the environment may change over

time—a phenomenon known as non-stationarity. The standard approach to

handling partial observability is to equip the agent with memory, commonly

by integrating Recurrent Neural Networks (RNNs) into the policy or value net-

work architecture [HS15]. To cope with non-stationarity, adaptive algorithms

are employed. These methods may involve continually updating a model of the

system’s dynamics and re-planning accordingly [FAL17], or using techniques

like domain randomization during training to expose the policy to a wide range

of possible dynamics [PAZA18].

Multi-Objective Reward Functions

The objectives for a real-world system are seldom captured by a single scalar

reward. More typically, performance is a trade-off between multiple, often con-

flicting, goals (e.g., maximizing production while minimizing energy consump-

tion). This is the domain of multi-objective reinforcement learning (MORL)
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[RVWD13]. MORL algorithms aim to find a set of Pareto-optimal policies that

represent different optimal trade-offs. Some methods achieve this by learning a

separate value function for each objective [VSFR+17], while others learn a sin-

gle, preference-conditioned policy that can generate diverse solutions without

retraining.

2.4.3 Operational Challenges

Real-Time Inference

For many applications, particularly those involving interaction with physical

systems or users, decisions must be computed within a strict time budget. A

computationally intensive policy is impractical if its inference latency exceeds

the system’s control frequency. This operational constraint necessitates the

use of lightweight policy representations and efficient algorithms. A common

technique is policy distillation, where a large, high-performance policy is com-

pressed into a smaller, faster network that approximates its behavior [RCG+15].

Alternatively, algorithms can be designed explicitly for real-time performance,

for example, by using computationally efficient models like decision trees for

rapid planning [HS13].

2.4.4 Real-World Reinforcement Learning benchmark

[DALM+21] introduced the realworldrl-suite, a benchmark for reinforcement

learning. Within this suite, hyperparameters are configured to generate three

distinct classes of environmental complexity: easy, medium, and hard. As noted

in their research, algorithms such as DDPG exhibit poor performance on the

’hard’ classification of this benchmark. The introduction of such a benchmark is

a valuable contribution to the field of reinforcement learning, as it underscores

the necessity of evaluating algorithms across varying levels of complexity to

ensure robust and generalizable results. Table 2.3 outlines the specific RL

environment settings for each challenge.
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Table 2.3: The RL environment settings for each challenge[DALM+21]

Experiment Challenge 1 (easy) Challenge 2 (medium) Challenge 3 (hard)

System delays Time steps Time steps Time steps

Action 3 6 9

Observation 3 6 9

Rewards 10 20 40

Action repetition 1 2 3

Gaussian noise SD SD SD

Action 0.1 0.3 1.0

Observation 0.1 0.3 1.0

Stuck/dropped noise Prob. Time steps Prob. Time steps Prob. Time steps

Stuck sensor 0.01 1 0.05 5 0.1 10

Dropped sensor 0.01 1 0.05 5 0.1 10

Perturbation [Min,Max] Std. [Min,Max] Std. [Min,Max] Std.

Cartpole [0.9,1.1] 0.02 [0.7,1.7] 0.1 [0.5,2.3] 0.15

quadruped [0.25,0.3] 0.005 [0.25,0.8] 0.05 [0.25,1.4] 0.1

Walker [0.225,0.25] 0.002 [0.225,0.4] 0.015 [0.15,0.55] 0.04

Humanoid [0.6,0.8] 0.02 [0.5,0.9] 0.04 [0.4, 1.0] 0.06

High dimensionality State dimension State dimension State dimension

Increase 10 20 50
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2.5 Extending Real-World Reinforcement Learning

Benchmarks

In the preceding section, we discussed various challenges associated with real-

world reinforcement learning. Furthermore, we presented a summary table

delineating key hyperparameters defined by previous research to categorize

complexity classes within the RealWorldRL suite. While the existing bench-

mark primarily addresses fundamental robotic tasks, this section aims to ex-

tend the evaluation to two additional challenging scenarios. First, we intro-

duce Reconnaissance Blind Chess, a partially observable chess environment de-

signed to test decision-making under uncertainty. Subsequently, we highlight

the "Challenge of Hyperparameter Optimization" through an exploration of the

real-world "Footstep Biometrics" dataset, emphasizing the difficulties associated

with selecting optimal hyperparameters for effective model training.

2.5.1 A Quantitative Framework for Evaluating Deep Learn-

ing Training Pipelines

The efficacy of a deep learning model is profoundly influenced by a multitude

of design choices and configuration parameters that must be established prior

to the training phase. This process of hyperparameter optimization is a critical

and challenging aspect of developing robust machine learning systems [FID22].

The selection of an optimal configuration from a vast search space necessitates a

systematic approach to experimentation and evaluation. The primary challenge

lies in defining a comprehensive set of hyperparameters that govern both the

architectural design of the network and the dynamics of the training algorithm

itself. Key parameters that require careful consideration include:

• Optimizer: The choice of optimization algorithm dictates the strategy by

which the model’s parameters (weights) are iteratively adjusted to min-

imize a given loss function. Algorithms such as Stochastic Gradient De-

scent (SGD) and its variants, or adaptive methods like Adam, employ

different mechanisms for navigating the loss landscape, which can signif-

icantly impact convergence speed and final model performance [KB14]

[Rud16].

• Scheduler: A learning rate scheduler provides a framework for dynami-

cally adjusting the learning rate during the training process. A common
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strategy involves starting with a relatively high learning rate to facilitate

rapid initial progress and gradually decreasing it to allow for fine-grained

parameter adjustments as the model approaches a minimum in the loss

function. This can lead to faster convergence and improved generaliza-

tion [GBCB16] [PGM+19] .

• Layer Sizes: The architecture of a neural network is defined by its depth

(the number of layers) and width (the number of neurons within each

layer). These parameters collectively determine the model’s capacity,

which is its ability to approximate complex functions. A model with insuf-

ficient capacity may underfit the data, while one with excessive capacity

is prone to overfitting [APH+21].

• UMAP Distance: When employing dimensionality reduction techniques

such as Uniform Manifold Approximation and Projection (UMAP) for

data preprocessing or feature extraction, its own hyperparameters be-

come part of the pipeline’s configuration. The min_dist parameter, for

instance, controls the minimum distance between embedded points in the

low-dimensional space, thereby influencing the visual tightness of the re-

sulting clusters and the preservation of local versus global data structure

[MHM18].

• Number of Channels: In the context of Convolutional Neural Networks

(CNNs), the number of channels in a convolutional layer corresponds to

the number of filters applied to the input volume. Each filter is trained

to detect specific features, and thus, the number of channels (or filters)

determines the richness of the feature representation that the layer can

learn [GBCB16].

• Horizontal Flip: This is a common data augmentation technique wherein

training images are randomly flipped along the vertical axis. This process

artificially expands the training dataset and encourages the model to learn

representations that are invariant to the horizontal orientation of objects,

which can significantly improve generalization performance [SK19].

• Learning Rate: As a fundamental hyperparameter for gradient-based op-

timization, the learning rate controls the magnitude of the weight updates

at each iteration. The selection of an appropriate learning rate is critical;

a value that is too small can lead to excessively slow convergence, while

a value that is too large can cause the optimization process to become
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unstable or fail to converge entirely [GBCB16].

Given the extensive set of configurable options, a common methodology in-

volves training multiple models, each with a distinct configuration, and sub-

sequently comparing their performance. For each training run, a detailed log

is generated, capturing the model’s learning dynamics on an epoch-by-epoch

basis. These logs typically contain several key metrics that provide insight into

the training process [FID22]:

• Epoch: An epoch signifies one complete forward and backward pass of

all the training examples through the network. Deep learning models

are trained for multiple epochs, allowing the parameters to be iteratively

refined [GBCB16].

• Loss: This metric quantifies the model’s error by measuring the discrep-

ancy between its predictions and the true target values. The primary ob-

jective of training is to minimize this value [GBCB16].

• Accuracy: For classification tasks, accuracy measures the proportion of

predictions that the model correctly identifies. It provides a direct and

interpretable measure of the model’s correctness [JS11].

• Validation Loss & Validation Accuracy: These metrics are identical to

their training counterparts but are computed on a separate, held-out val-

idation dataset. The model does not learn from this data; instead, these

metrics serve as a crucial proxy for the model’s ability to generalize to

new, unseen data. A significant divergence between training and valida-

tion performance is a hallmark of overfitting [GBCB16].

2.6 A Benchmark for Footstep Biometrics

Progress in biometric footstep recognition has been historically limited by the

absence of large, diverse datasets required to develop and validate robust mod-

els. The recent introduction of the UNB StepUP-P150 dataset marks a signifi-

cant milestone, providing an unprecedented resource of approximately 200,000

high-resolution footstep pressure recordings from 150 individuals across varied

conditions. This dataset was the centerpiece of the First International StepUP

Competition for Biometric Footstep Recognition, a challenge designed to accel-

erate progress towards real-world deployment [LPS+25].

The competition tasked participants with developing robust verification models
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capable of overcoming two primary challenges: generalisation to new users for

whom only limited reference data is available, and adaptation to novel condi-

tions, including unseen footwear and walking speeds. There are three subsets

in the competition dataset:

• Training Set: Comprised the full UNB StepUP-P150 dataset, containing

over 200,000 footstep samples from 150 individuals. These samples were

collected under four different footwear conditions and four distinct walk-

ing speeds, providing a rich and diverse foundation for model training.

• Reference Set: This set was designed to simulate a realistic user enrol-

ment scenario. It consisted of 150 samples from 15 new individuals (not

present in the training set), with each user providing ten footsteps (five

left, five right) under a single condition: wearing their own shoes at a

preferred walking speed.

• Probe Set: A dedicated test set of 10,000 footsteps was used for evalu-

ation. These probes were drawn from 30 individuals, including the 15

enrolled users from the reference set and 15 entirely unseen users. The

samples covered three footwear types and three walking speeds, with ap-

proximately 90% of the genuine user samples representing conditions not

seen in the reference set. Each probe was associated with a claimed iden-

tity, with 30% being true claims and 70% being false claims.

Evaluation Protocols in Biometric Systems

The evaluation of biometric systems necessitates metrics that provide a bal-

anced assessment of system performance. In line with previous major bio-

metric competitions, such as the Fingerprint Verification Competitions (FVC)

[MMC+04], the StepUP challenge primarily ranked solutions based on the

Equal Error Rate (EER). EER is defined as the point on the detection error

tradeoff curve where the False Match Rate (FMR) and the False Non-Match

Rate (FNMR) are equal [MW02]. FMR is the proportion of impostor attempts

that are incorrectly accepted, while FNMR is the proportion of genuine attempts

that are incorrectly rejected. The EER is a valuable metric because it provides a

single, threshold-independent measure of a system’s ability to balance security

(low FMR) and convenience (low FNMR).

The selection of EER as the primary metric was also motivated by the compe-

tition’s design. Since competitors were not informed of the proportion of true

and false claims in the probe set, it would have been difficult to tune a spe-
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cific decision threshold accurately. EER circumvents this issue by evaluating

the intrinsic separability of the learned feature space, irrespective of a chosen

operating point. While EER was the primary metric, supplementary metrics in-

cluding overall accuracy (ACC), balanced accuracy (BACC), and FMR100 (the

FNMR at a fixed FMR of 1%) were also reported to offer a more comprehen-

sive view of performance [LPS+25]. This evaluation methodology aligns with

the terminology and guidelines established by the ISO/IEC 19795 standard for

biometric performance testing [MW02].

2.7 The Omnigenomic Benchmark (OGB)

To facilitate a standardized and rigorous evaluation of genomic foundation

models, the Omnigenomic Benchmark (OGB) was employed in this study. The

OGB was developed to address the need for a more comprehensive assess-

ment framework in genomics, a field where generative artificial intelligence

is projected to unlock between $60 and $110 billion in annual economic value

[YL25]. The benchmark is designed to assess models along three critical axes:

generalization across diverse species, integration of multiple data modalities

like sequence and structure, and the generation of fine-grained, nucleotide-

level predictions [YL25]. The following sections, which detail the benchmark’s

tasks and evaluation methodology, have been adapted from the official OGB

documentation [YL25].

2.7.1 OGB Task Descriptions

The OGB is composed of a suite of in-silico tasks designed to test a model’s

capabilities on a wide range of genomic problems. The primary tasks are de-

scribed below [YL25] [Cha25].

• mRNA Degradation Rate Prediction: In this regression task, the model is

required to predict nucleotide-level decay rates within mRNA sequences.

This information is fundamental for understanding gene expression and

designing stable RNA therapeutics [YL25].

• Single-Nucleotide Mutation Detection (SNMD): This is a token-level bi-

nary classification task. The objective is to identify the presence of single-

nucleotide mutations in synthetic plant RNA, which is a key challenge in

agricultural genomics [YL25].
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• Single-Nucleotide Mutation Repair (SNMR): Building upon SNMD, this

four-way classification task evaluates a model’s ability to not only detect

a mutation but also to predict the correct base (A, U, C, or G) for the

mutated site. This capability is relevant to precision medicine and gene

therapy research [YL25].

• RNA Secondary Structure Prediction (SSP): This task assesses a model’s

capacity to predict the base-pairing patterns that form an RNA molecule’s

secondary structure. Accurate structure prediction is essential for func-

tional RNA analysis. The task is evaluated on three separate datasets:

bpRNA, ArchiveII, and RNAStrAlign [YL25].

• Antibiotic Resistance Class Prediction (ARG-AP): A sequence-level clas-

sification task where the goal is to predict which class of antibiotic a given

gene provides resistance to. This task is aimed at supporting antimi-

crobial resistance research by enabling faster identification of resistance-

conferring genes [YL25].

2.7.2 Evaluation and Scoring Framework

A unified framework was established by the OGB to ensure a fair and robust

comparison of models across all tasks. The final ranking is determined by a

single aggregate score derived from a multi-stage process [YL25] [Cha25].

1. Task-Specific Metrics Each task is first evaluated using a metric suited to its

objective. For the regression-based mRNA Degradation task, Inverse Root Mean

Squared Error (iRMSE) is used. For the binary classification SNMD task, the

Area Under the ROC Curve (AUC-ROC) is employed. For all other multi-class

classification tasks (SNMR, ARG-AP, and all three SSP datasets), the Macro-F1

score is calculated [YL25].

2. Score Normalization To enable aggregation, all task-specific metrics are

normalized to a consistent 0–1 scale, where a higher value indicates better

performance. For metrics where lower is better, such as RMSE, the official OGB

documentation specifies the use of an inverse normalization formula [YL25]:

Normalized iRMSE = max(iRMSE)− iRMSE
max(iRMSE)−min(iRMSE)

(2.1)

3. Weighted Aggregation and Ranking A final score is computed as the

weighted sum of all normalized task scores. The weights are assigned based
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on the task’s importance within the benchmark. The weights for mRNA Degra-

dation, SNMD, SNMR, and Antibiotic Resistance are each set to 1, while the

three Secondary Structure Prediction tasks (bpRNA, ArchiveII, RNAStrAlign)

are each assigned a weight of 2/3 [YL25]. The final score is calculated using

the following formula:

Final Score =
N∑

i=1
wi · si (2.2)

where N represents the total number of tasks, wi is the weight for task i, and

si is the normalized score for that task. Models are ultimately ranked based on

this final aggregate score [YL25].

2.8 Reconnaissance Blind Chess

The study of strategic decision-making represents a cornerstone of inquiry

across economics, computer science, and artificial intelligence. While initial

triumphs in AI were frequently demonstrated in games of perfect information,

where the entire game state is common knowledge, a more extensive and ar-

guably more pertinent class of real-world problems involves interactions charac-

terized by hidden, incomplete, or asymmetric information. Such scenarios are

formalized as Partial Information Games (PIGs), presenting a fundamentally

distinct and more intricate set of challenges. In a PIG, at least one participant

possesses incomplete knowledge of the prevailing game state, St. This informa-

tional deficit necessitates that a player’s policy, π, be formulated for an informa-
tion set—a collection of decision nodes that the player cannot distinguish from

one another. Consequently, the strategic approach must be applicable across all

states within the same information set, establishing the foundational complex-

ity that distinguishes these games from their perfect-information counterparts.

Variations in Chess as a Research Platform Chess, with its history as a prov-

ing ground for artificial intelligence, provides an ideal environment for explor-

ing complex decision-making paradigms. While its strategic depths have been

extensively explored by high-performance engines in perfect-information con-

texts, its intrinsic complexity renders it an ideal environment for evaluating

performance under novel and severe constraints. A notable departure from

the prevailing trend of leveraging ever-increasing computational power was

the FIDE & Google Efficient Chess AI Challenge, which deliberately shifted the

focus from "brute-force computation to elegant and efficient design" [FID22].

This initiative, which tasked participants with creating "smart, resource-light
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chess engines," resonates with Claude Shannon’s foundational vision of the

chess-playing computer as a "wedge" for addressing other complex problems

of a similar nature [Sha50]. This reframing underscores a critical trajectory in

AI research: the development of robust intelligence capable of operating effec-

tively under the "fog and friction" of real-world limitations, whether they be

computational, energetic, or, as in the case of Reconnaissance Blind Chess, in-

formational.

Example: The FIDE & Google Efficient Chess AI Challenge To illustrate the

nature of constrained AI competition, consider the standard chess environment.

In this setting of perfect information, an agent possesses a complete observa-

tion of the entire board state at all times. An engine such as Stockfish [The25]

can be employed as a formidable agent within this environment. Its proficiency

can be modulated via a "Skill Level" parameter, ranging from 0 (weakest) to

20 (strongest). The results of matches between engines of varying skill levels

demonstrate a clear hierarchy of performance, with higher skill levels consis-

tently dominating lower ones. Given the complete observability of the board,

a Stockfish agent operating at skill-level 20 can be regarded as the preeminent

autonomous agent in this domain. The FIDE & Google Efficient Chess AI Chal-

lenge [Fé25] introduced a radical constraint by limiting the size of the agent’s

executable file to a mere 64 KB. Considering that the standard Stockfish engine

is approximately 80 MB, the challenge for machine learning practitioners is to

develop an agent that approaches expert-level performance while adhering to

this severe size limitation.

Reconnaissance Blind Chess The conceptual foundation of Reconnaissance

Blind Chess (RBC) is the partial observability of the environment. In essence,

an agent is restricted to sensing a small section of the board at each turn and

must make a decision based on this limited information. For instance, as illus-

trated in Figure 2.4, the White player may only sense the portion of the board

demarcated by the red rectangle. White must then execute a move despite

being oblivious to the remainder of the board, where, in this hypothetical sce-

nario, a pawn was recently captured by a Black knight.

The history of artificial intelligence is inextricably linked with the study of

games. From early investigations into checkers to landmark achievements in

chess [CHJH02], Go [SHM+16, SHS+17], and poker [BS18, BS19], games

have provided well-defined, reproducible environments for developing and test-

ing algorithms for sequential decision-making. These successes, however, have
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Figure 2.4: A visual representation of partial observability in RBC. The White
player senses a 3x3 portion of the board (red rectangle) and must move without
knowledge of events outside this view, such as a recent capture.

been largely concentrated in domains of perfect information or in games where

substantial common knowledge guides strategic reasoning. A significant, less-

explored frontier persists: decision-making in environments defined by vast

private information, minimal common knowledge, and the necessity of strate-

gic planning under profound uncertainty [GPS+22].

Reconnaissance Blind Chess was developed by researchers at the Johns Hop-

kins University Applied Physics Laboratory (JHU/APL) to address this specific

gap [NRK+16, GLR+20]. RBC is not merely a recreational chess variant but a

purpose-built experimental paradigm intended to serve as a "test bed for un-

derstanding and experimenting with autonomous decision making under un-

certainty," with a particular focus on modeling the management of heteroge-

neous Intelligence, Surveillance, and Reconnaissance (ISR) sensors [NRK+16].

Whereas classical chess, a game of complete information, fails to capture the

essential elements of "fog and friction" that define military and other strategic

conflicts, RBC elevates these factors to be the dominant elements of the contest.

Formal Definition RBC is a two-player, zero-sum sequential game that retains

the foundational elements of classical chess while introducing specific modifica-

tions to accommodate and explore imperfect information. The game is played

on a standard 8×8 chessboard with traditional starting positions. The profound

complexity arises from a set of crucial rule changes that systematically disman-

tle the assumption of perfect information.
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The principal rule modification is that players cannot see their opponent’s

pieces. A player’s knowledge of the board state is confined to the locations

of their own pieces and information gathered through specific game events

[GPS+22]. The primary mechanism for information acquisition is the sensing
action. Before making a move, each player selects a 3 × 3 square region of the

board to sense. The game arbiter immediately provides that player with perfect

information about the contents of the chosen region. This action is entirely pri-

vate; the opponent is not informed of which area was sensed, nor of the result

[GPS+22].

Information is also conveyed through captures. When a capture occurs, both

players are notified of the square on which it took place, but not the type of

the capturing or captured piece. The lack of board visibility also necessitates

a change in move adjudication. If a player attempts a move that is obstructed

by an unseen piece, the moving piece executes the longest possible legal move

along the intended path and stops. The moving player is then informed of their

piece’s final location. Finally, the objective is altered: the concept of "check"

is removed, and a player wins by capturing the opponent’s king. A draw is

declared after 50 consecutive moves without a capture or pawn move. A com-

parative summary of these mechanics is presented in Table 2.4.

Generative Reward Machines for
Reinforcement Learning in Problems with Poor
Observability

37 Saeid Rezaei



2. LITERATURE REVIEW AND BACKGROUND 2.8 Reconnaissance Blind Chess

Table 2.4: A Comparative Analysis of Game Mechanics: Classical Chess vs.
Reconnaissance Blind Chess.

Feature Classical Chess Reconnaissance Blind

Chess

Board Visibility Perfect and continu-

ous observation of all

pieces.

No direct observation of op-

ponent’s pieces. Knowledge

is limited to own pieces and

results of private sensing.

Sensing Not applicable. A mandatory, private action

per turn. Player chooses a

3 × 3 area to observe per-

fectly.

Capture Informa-

tion

The identity and loca-

tion of both capturing

and captured pieces are

common knowledge.

Only the location of the

capture is common knowl-

edge. The identities of the

pieces involved are not re-

vealed.

Move Legality Players can only make

legal moves. An illegal

move is not possible.

Players may attempt moves

that are obstructed. The

piece travels the longest

possible legal path.

Game Objective Win by checkmating

the opponent’s king.

Win by capturing the op-

ponent’s king. There is

no concept of "check" or

"checkmate."

The Information Structure of RBC The defining characteristic of RBC is its

information structure. Formally, it is a two-player, zero-sum, sequential game

of imperfect information. In such games, a player’s policy π depends not on the

true, objective state of the game, but on their belief state—a probability distribu-

tion over all possible true states, denoted Π0. The set of all possible game states

consistent with a player’s history h is the information set . In RBC, the size of

this information set can become extraordinarily large, with the median of the

maximum number of possible board states encountered in a competitive game

numbering in the thousands [Cla21]. The primary driver of this complexity is
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the private sense action. Because a player is unaware of the opponent’s sensing

choices, they must reason not only about the possible locations of the oppo-

nent’s pieces but also about the opponent’s own information set. This recursive

reasoning about knowledge leads to a combinatorial explosion in the number

of possible game histories [GPS+22]. This stands in stark contrast to a game

like poker, where a large, public board provides a significant anchor of common

knowledge. While this vast uncertainty suggests a strategic goal of uncertainty

reduction, results from NeurIPS RBC competitions indicate a more complex re-

ality. Winning bots were not invariably those that most aggressively minimized

the number of possible board states [GPS+22, GLR+20]. This suggests that the

value of information—the quality and relevance of knowledge gained—is more

critical than the raw quantity of uncertainty reduction, pointing to a deeper re-

search challenge in evaluating information in adversarial settings.

Algorithmic and Theoretical Challenges

The unique structure of Reconnaissance Blind Chess (RBC) renders it resistant

to the canonical algorithms that have achieved superhuman performance in

other benchmark games, establishing it as a formidable "challenge problem" for

the AI community [NRK+16].

Algorithms designed for perfect-information games, such as Minimax search

and the Monte Carlo Tree Search (MCTS) variants that powered AlphaZero

[SHS+18], are fundamentally unsuitable for RBC. These methods depend on

the existence of a single, known game state at a specific point in time, from

which to project future possibilities. However, in RBC, no such single state

exists for the players; instead, they must plan over a vast belief state.

The unsolved nature of RBC has fostered a diverse ecosystem of algorithmic

approaches, as showcased in the annual NeurIPS competitions. A dominant ap-

proach among these is multi-hypothesis tracking. This method involves explic-

itly maintaining a set of all possible board states consistent with observations.

Bots such as StrangeFish2 (the 2022 winner) and Fianchetto are built on this

principle. They typically couple state tracking with a powerful classical chess

engine like Stockfish to evaluate moves, utilizing a value function to score each

of the multitude of hypothesized boards. Decisions are then made by aggregat-

ing these evaluations, for instance, by maximizing the expected or worst-case

outcome [GPS+22].

Another significant class of algorithms is based on Monte Carlo planning,
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which adapts MCTS to the imperfect-information setting. A notable example

is Châteaux, the winner of the 2020 competition. It employed Deep Synop-

tic Monte Carlo Planning (DSMCP), a novel algorithm that uses a compact,

stochastic abstraction of information states as input to a deep neural network

that guides the search [Cla21, GPS+22].

The sheer diversity of these methods—ranging from explicit state tracking and

logical inference to deep learning and Monte Carlo search—underscores that

the field is still in a rich, exploratory phase. Despite the ingenuity demonstrated,

RBC remains a fundamentally open problem, solidifying its status as a vital and

compelling domain for future research in artificial intelligence.

2.9 The Physical Internet

2.9.1 Conceptual Foundations and Architectural Framework

It is estimated that global freight demand will triple between 2015 and 2050

[Int19]. Substantial advancements in transport and logistics services will be

necessary to accommodate this growth. The Physical Internet (PI) is a concep-

tual framework for an open global logistics system founded on physical, digital,

and operational interconnectivity [MMB13]. As defined within the foundational

literature, the Physical Internet is "an open global logistics system founded on

physical, digital and operational interconnectivity through encapsulation, inter-

faces and protocols. It is a perpetually evolving system driven by technological,

infrastructural and business innovation". It proposes an interconnected network

of logistics hubs and service providers for transporting goods in standardized,

modular containers, drawing inspiration from the packet transmission princi-

ples of the Digital Internet.

The Roadmap to the Physical Internet [ALI17] outlines a developmental trajec-

tory detailing the progressive generations of Logistics Nodes from 2015 to 2040.

It illustrates a strategic plan that projects the evolution of logistics through five

distinct generations, each characterized by unique attributes and advancements

in technology and system integration. This roadmap serves as a conceptual

model that provides a strategic framework for stakeholders to optimize their

operations and investments.
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2.9.2 Indicators of Systemic Unsustainability

The prevailing global logistics framework, despite its crucial role in enabling

international commerce and contributing to societal welfare, faces a significant

and intensifying challenge to its sustainability. In a seminal contribution, Mon-

treuil [Mon11] articulates the "global logistics sustainability grand challenge,"

contending that extant methodologies for transportation, handling, storage,

and supply are fundamentally untenable from economic, environmental, and

social perspectives. This challenge requires a paradigm shift, rather than incre-

mental optimization, to mitigate a trend of increasing inefficiency and negative

externalities. The economic objective is the realization of substantial gains in

global productivity; the environmental objective is a significant reduction in

energy consumption and greenhouse gas emissions; and the societal objective

is to improve quality of life by enhancing access to goods for all populations

[Mon11]. In response, the Physical Internet has emerged as a transformative

concept, proposing a systemic and holistic restructuring of logistics based on

the architectural principles of the Digital Internet. This concept aims to tran-

scend the fragmented and inefficient state of current logistics, enabling a tran-

sition towards a hyperconnected and sustainable logistics paradigm [PBHM17],

[TMLZ20].

The unsustainability of the current system is manifested through several doc-

umented indicators of systemic inefficiency, which have been compounded by

the growth of e-commerce and rapid urbanization [Mon11]. A principal indi-

cator is the suboptimal utilization of transport assets, where vehicles exhibit

low volumetric capacity utilization and a high incidence of empty movements.

This inefficiency extends to inventory management, where substantial capital is

allocated to underutilized inventory, coexisting with inadequate service levels.

Furthermore, infrastructure utilization is poor, with facilities being underused

during off-peak periods and overstrained at others. The system is also character-

ized by operational deficiencies that result in unreliable intermodal transport,

particularly within congested urban areas. It is marked by a notable vulnera-

bility to disruptions and an environment where innovation is constrained by a

lack of standardization and modularity, favoring marginal improvements over

fundamental advancements [Mon11].
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2.9.3 Core Components and Definitions

The PI architecture is defined by thirteen interrelated principles that collectively

delineate the paradigm shift from traditional logistics [Mon11]. The fundamen-

tal architectural component is the principle of encapsulation, realized through

world-standard, smart, and modular π-containers [Mon11]. Analogous to a

data packet in the digital domain, the π-container abstracts the complexity of

physical goods. By encapsulating products within a standardized form factor,

the PI shifts the logistical focus from handling a near-infinite variety of items to

managing a finite set of standard containers [Mon11]. These containers are en-

gineered to be modular for efficient composition and decomposition, equipped

with smart-tagging technology for real-time tracking, and constructed from en-

vironmentally sound materials to minimize secondary packaging requirements

[Mon11].

These π-containers are processed at π-nodes, which constitute the logistics cen-

ters of the Physical Internet. A π-node is defined as an "open-access logistics

facility that is part of the Physical Internet network and is capable of efficiently

handling, storing, and transshipping π-containers" [MMB13]. These nodes are

interconnected, forming a network that facilitates the unimpeded flow of goods.

The system is designed to achieve universal interconnectivity, transitioning from

conventional material handling to more efficient π-container handling sys-

tems, and from point-to-point transport to a distributed multi-segment inter-

modal transport model. This infrastructure supports an Open Global Supply

Web, wherein products are designed for optimal volumetric efficiency within

containers, and physical movements are minimized through the digital trans-

mission of knowledge for local materialization where feasible [Mon11].

2.9.4 Analogy with the Digital Internet

The Physical Internet is conceptualized as the logistics analogue of the Digi-

tal Internet, adapting its fundamental principles to improve logistical efficiency

[DF21]. The PI is a complex network comprising diverse entities, including

transportation modes and distribution centers, which must address both net-

work reachability and operational optimization. To structure this intricate sys-

tem, Montreuil [MMB13] proposed a seven-layer Open Logistics Interconnec-

tion (OLI) model, which is analogous to the Open Systems Interconnection

(OSI) model in digital networking. The OLI model provides a hierarchical

framework for logistics operations, spanning from the physical handling of con-
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tainers to the application layer that manages orders[MBF12]. Table 2.5 details

the OLI model.

Table 2.5: OLI model

No. Layer Functionality provided to the upper

layer

7 Application Purchase order with delivery require-

ments

6 Presentation Order monitoring

5 Shipping Shipment and π-container assignment

and monitoring

4 Routing Route assignment and monitoring for

each shipment and π-container

3 Network Network state monitoring, Route seg-

ment, assignment and monitoring

2 Link Validation and monitoring of each

flow link state and route segment

move orders

1 Physical π-container and π-means, state moni-

toring and move order tracking

The operational logic of the PI is dependent upon adaptive and dynamic

routing, which requires novel decentralized optimization algorithms[KLF20]

[NFS25]. Research has investigated agent-based models wherein PI hubs func-

tion as autonomous, decision-making agents [VTN23] [QSZ+20]. In such a

model, an origin hub communicates with other network hubs to identify fea-

sible subsequent transshipment points that satisfy delivery constraints[KLF20]

[SNS+19]. The objective is to minimize a total cost function incorporating

time, transport cost, and emissions [SBHK19]. To manage the computational

complexity inherent in a large-scale network, such algorithms may employ op-

erations research techniques, including breadth-first search and branch-and-

bound, to identify optimal paths with efficiency. This decentralized, agent-

based methodology is inherently more scalable and resilient than centralized

control models, which is consistent with the distributed principles of the PI

framework [FSLvM23].
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2.10 Related Work in Physical Internet Research

The theoretical foundations of the Physical Internet (PI) have spurred a di-

verse body of research aimed at operationalizing its core concepts. This section

reviews significant methodological contributions by organizing the literature

into key themes: foundational architectural frameworks, operational optimiza-

tion, advanced modeling techniques, and the socio-technical dimensions of PI

implementation. Collectively, these works advance the understanding of how

a hyperconnected logistics system can be designed, managed, and optimized

[KLF21][GPD21].

2.10.1 Architectural and Operational Frameworks

A significant corpus of research has been dedicated to establishing the PI’s ar-

chitectural and operational frameworks. Drawing strong analogies from digital

network protocols, scholars have progressively refined the PI’s structure from

abstract layers to concrete technical blueprints. Early work translated the Open

Systems Interconnection (OSI) model into an Open Logistics Interconnection

(OLI) model, defining distinct layers for physical transport, routing, and encap-

sulation [Mon11][MBF12]. This line of inquiry has advanced significantly, with

subsequent research proposing detailed frameworks for the road-based PI based

on TCP/IP functionalities [KLF21] and, more recently, developing a PI-Link Pro-

tocol to solve the fundamental challenge of network reachability [NFS25]. This

progression reflects a move towards tangible, implementable protocols with a

growing emphasis on decentralized architectures that prioritize data ownership

and transparency through data space principles [SMM+24][Hof23].

Building on these architectural concepts, another research stream focuses on

the operational and planning challenges within PI networks. A key area has

been the optimization of logistics activities, including routing, consolidation,

and resource allocation. Studies have explored dynamic and decentralized

routing mechanisms to enhance network flexibility and resilience against un-

certainty and disruptions [SBHK19][SM24]. The principle of modularity has

also been operationalized through research on dynamic containerized consol-

idation, which aims to minimize handling at intermediate hubs and expedite

parcel flows [KM21].
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2.10.2 Modeling and Analysis Methodologies

To assess the viability and performance of PI concepts, researchers have widely

employed simulation and digital twin methodologies. Simulation, in particular,

has been critical for evaluating PI performance in specific contexts. For exam-

ple, Ban et al. [BDG+21] utilized a hybrid discrete-event and agent-based sim-

ulation to model the last-mile delivery network in Cambodia, assessing the PI’s

potential to overcome infrastructural deficits in developing nations. Similarly,

Kim et al. [KMKK21] employed a detailed simulation for a holistic assessment of

an integrated urban fulfillment and delivery system. Their model encompasses

inventory, fulfillment, and transportation decisions across a multi-echelon net-

work, enabling a comprehensive analysis of system-wide performance trade-

offs.

The Digital Twin, a virtual representation of a physical system, has emerged

as an even more powerful tool for PI management. Cipres et al. [CCPLR21]

introduced GPICS, a standardized framework that uses multi-agent simulation

to construct a digital twin of a supply network, uniquely designed for real-time

integration with operational PI services via APIs. While their work focuses on

the framework itself, Campos et al. [CDM+21] addressed the prerequisite stage

by outlining a rigorous, tool-agnostic methodology for developing the domain

and conceptual models necessary to build a digital twin for a PI-enabled hub

relay network.

2.10.3 Governance, Sustainability, and Implementation

Beyond the technical and operational facets, a growing body of work addresses

the critical "soft" dimensions of PI implementation, including governance, stake-

holder collaboration, and business models. Researchers underscore that the

success of the PI hinges not just on technological sophistication but also on es-

tablishing trust, transparency, and fair governance mechanisms among network

participants [FTP23][SMM+24]. This has led to the development of readiness

indicators to help organizations assess their capacity for PI adoption [GSBS25].

Furthermore, the broader impacts of the PI on sustainability and the circular

economy are gaining increasing attention. Studies have quantitatively assessed

the potential for PI-enabled networks to reduce carbon emissions [DHS20] and

have conceptualized hyperconnected circular supply chains that leverage PI

principles to close material loops and enhance resource efficiency [WOL+23].
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2.11 Capacity Management in the Physical Inter-

net

A central operational challenge in realizing the Physical Internet (PI) is the

effective management of logistics capacity. Traditional capacity management

in the logistics sector often relies on static, long-term contractual agreements,

which are ill-suited for the dynamic and interconnected environment envi-

sioned by the PI [Mon11]. To operate within a hyperconnected system, ser-

vice providers, particularly "Third-Party Logistics (3PL) providers"—companies

that manage outsourced elements of distribution and fulfillment for other

firms—must adopt more agile, data-driven methodologies. As emphasized by

Boerger and Montreuil [BM20], this transition is essential for governing key re-

sources such as warehouse space and transportation fleets. This section surveys

the primary methodologies advanced in the literature for PI capacity manage-

ment, with a focus on foundational conceptual frameworks and the application

of sophisticated computational techniques like optimization and reinforcement

learning.

2.11.1 Foundational Frameworks for Capacity Management

A seminal contribution to structuring capacity management in this new

paradigm is the three-tiered analytical framework proposed by Boerger and

Montreuil [BM20]. This model provides a roadmap for 3PLs to evolve from a

reactive to a proactive operational posture by organizing decision-making into

three distinct layers. The first, the ’Descriptive Layer’, focuses on the compre-

hensive monitoring of historical and current operational states, such as ware-

house occupancy and vehicle utilization, providing a clear view of "what has

happened" and "what is happening." The second, the ’Predictive Layer’, utilizes

historical data and external factors to forecast future capacity demand and re-

source availability, addressing the question of "what will happen." The third and

most advanced layer, the ’Prescriptive Layer’, employs the outputs of the lower

layers to recommend optimal actions and strategic decisions, such as dynamic

pricing or resource allocation, to answer "what should be done."

This framework is particularly relevant for managing multi-tenant warehouse

environments, which are characteristic of PI π-nodes and are subject to high

demand volatility from diverse clients. The model provides a structured path-

way for transforming raw data into actionable intelligence. This perspective is
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enriched by the broader PI concept of the "Logistics Web" [Mon11], which con-

ceives of capacity not as a fixed asset owned by a single firm, but as a fluid and

fungible resource that can be accessed and shared across a distributed network

of interconnected providers.

2.11.2 Optimization Methods for Prescriptive Analytics

The prescriptive layer of the capacity management framework has been a fertile

ground for the application of mathematical optimization. These techniques

provide a formal basis for solving the complex resource allocation problems

inherent to the PI.

At the strategic and tactical echelons, research has focused on network design

and long-term capacity planning. Many studies employ "Mixed-Integer Linear

Programming (MILP)", a powerful optimization technique for problems involv-

ing both continuous variables (e.g., quantity of goods) and discrete decisions

(e.g., whether to open a facility). These MILP models are used to determine the

optimal location, number, and scale of PI hubs, balancing trade-offs between

transportation costs, inventory holding costs, and customer service levels to de-

sign an efficient and resilient network.

At the operational level, optimization is used for real-time scheduling and dy-

namic resource allocation within PI facilities. A key challenge is managing

throughput at "cross-docks", which function as critical π-nodes designed for

the rapid consolidation and transfer of π-containers with minimal storage time.

Fazili et al. [CBRT22], for example, developed an integrated model for truck

scheduling and storage space allocation at cross-docks to minimize total service

time and maximize facility throughput. Given the computational complexity of

such real-time problems, researchers often develop "heuristics and metaheuris-

tics"—specialized algorithms designed to find high-quality, near-optimal solu-

tions within a very short timeframe. Furthermore, auction-based mechanisms

have been proposed as a market-driven approach for dynamic capacity alloca-

tion, allowing service providers to bid for available transport or storage capacity,

which aligns with the PI’s vision of an open and competitive logistics market.
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2.12 Conclusion

This chapter has established the foundational knowledge required for the con-

tributions of this thesis by surveying two primary fields: the Physical Internet

and Reinforcement Learning. The review began by outlining the conceptual

framework of the Physical Internet, its architectural principles, and the sys-

temic inefficiencies it aims to resolve. The specific operational challenge of

Capacity Management in the Physical Internet was highlighted, as this context

forms the basis for the Gym-DC framework that will be formally introduced and

detailed in Chapter 5. The second half of the chapter provided an overview of

Reinforcement Learning, starting from its fundamental mathematical notations

and principles, and extending to advanced topics such as Reward Machines

and Automated RL. The core concepts and notations of Reinforcement Learn-

ing presented here create the formal language that will be utilized in Chapter 3

to propose and analyze RL-based strategies for dynamic capacity management.

Finally, the discussion on the challenges of applying RL to real-world prob-

lems motivated the need for more evaluation methods. Two complex problem

domains introduced—the partially observable game of Reconnaissance Blind

Chess and the hyperparameter optimization challenge in Footstep Biometrics

and Genomic Modeling—serve as testbeds for the methods developed in this

thesis. The empirical results from applying our approaches to these two chal-

lenging examples will be presented in Chapter 4.
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Chapter 3

Uncertainty quantification for RL
algorithms in POMDP
environments

This chapter presents a comparative analysis of two frameworks for classify-

ing the complexity of RL problems. The first methodology assesses complexity

through a suite of established benchmark environments [DALM+21]. The sec-

ond methodology, which is introduced in this chapter, classifies problems based

on the existence of optimal policies to guide algorithm selection, particularly

for the GRM approach.

The exploration extends to a rigorous analysis of the existence of optimal poli-

cies, highlighting the significance of various assumptions and methodologies

in different studies. Additionally, two theoretical frameworks are presented

that demonstrate conditions under which an optimal policy does not exist. An

analysis of how these theorems inform the feasibility of RL approaches is then

discussed.

3.1 Introduction

In reinforcement learning research, tackling emerging challenges requires care-

ful consideration of algorithm selection, development, and evaluation. Numer-

ous algorithms have been developed and tested against diverse benchmarks to

assess their effectiveness in addressing complex real-world issues. Dulac-Arnold

et al. [DALM+21] identify several key challenges in reinforcement learning
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which are mentioned in section 2.4. As part of the effort to address these chal-

lenges, Dulac-Arnold et al. [DALM+21] propose a set of configurable bench-

mark problems, and a classification of different configurations as Easy, Medium

or Hard. The settings for these three classes were presented in table 2.3. This

classification provides a structured approach to evaluating the capability of al-

gorithms in scenarios ranging from straightforward to highly complex, enabling

researchers to better understand the strengths and limitations of different meth-

ods within the field. Given these considerations, when reinforcement learning

is applied to a new domain, researchers can refer to existing studies to quickly

identify the most suitable algorithms. They can evaluate various proposed al-

gorithms and, if addressing a specific real-world challenge, focus on issues like

large action or observation spaces. A structured Approach to Developing Rein-

forcement Learning Applications is illustrated in Table 3.1.

Table 3.1: Structured Approach to Developing Reinforcement Learning Appli-
cations

Step Description
Challenge

Identification Identify the challenges that need to be over-
come to tackle the problem successfully

Benchmark
Proposal Identify specific instances for each difficulty

that will allow the effectiveness of different
approaches to be measured

Method
Development Develop tailored methods for the problem

based on the challenges and difficulty level

An "RL pipeline" is a structured sequence of stages designed to automate

the various components involved in solving reinforcement learning tasks

[PHRS+22] [MLM+23]. When evaluating a newly proposed reinforcement

learning pipeline, researchers can use benchmarks with high complexity. If

a particular challenge is not addressed in prior studies or if a new metric is

required to measure complexity, they should consider the specific domain’s dis-

tinct situations, especially at the "hard" level of complexity.

One issue that impacts the effectiveness of reinforcement learning algorithms,

but not included in the above classification scheme, is the existence of a well-

defined optimal policy. The theoretical justification for many algorithms relies

on an assumption that an optimal policy exists and is reachable. We believe that

many of the problem instances that fall into the Hard class are hard because

the optimal policy either does not exist, or is impossible to reach in the search
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space. If there is no optimal policy, then the selected algorithm may need to

be adapted to account for this, to allow it to converge to an acceptable policy

instead. This chapter focuses on the existence or otherwise of optimal policies,

framing this theoretical analysis as a guide to whether an RL problem can be

addressed using standard approaches or specialized ones like GRM. In section

3.2 we discuss some existing results relevant to the existence of optimal policies,

and we then propose two new results stating conditions under which optimal

policies do not exist. Finally, we contrast this solvability perspective with the

earlier benchmark proposal by Dulac-Arnold et al. [DALM+21].

3.2 Existence of Optimal policy

In this section, we present four theorems from the literature that are used to

establish that under certain conditions specific RL algorithms will eventually

converge to an optimal policy. As part of that, these results first establish that,

for the given assumptions, an optimal policy does in fact exist. We then present

two new theorems, which show that for some other scenarios, there is no well-

defined optimal policy. All the notations and formulas used in this chapter were

presented in Section 2.2.

Optimal value function: A policy π∗ is total reward optimal whenever the

value function has the highest value for each state in the MDP state set or

POMDP belief set[Put14]:

vπ∗(s) ≥ vπ(s) for each s ∈ S and all π ∈ Π

The value function for MDP:

V π(i) = ∑
j∈S T (i, π(i), j) (r(i, π(i), j)

+γV π(j))

And the value function for POMDP is:

V π(i) = ∑
j∈S T (i, δ(i), j) [r(i, δ(i), j)]

+ ∑
o∈O M(o, j, a)V π(Ba,o)
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3.2.1 Convergence of the value function

Given a MDP (S, A, T, R) and a stationary policy δ, the sequence Vt generated

by the Temporal-Difference (TD(0)) update rule:

Vt+1(i) = Vt(i) + αt(i)zt(i)dt

where dt = Rt+1 + γVt(St+1)− Vt(St) is the temporal-difference (TD) error, zt(i)
is an eligibility trace (equal to 1 if i = St and 0 otherwise), and αt(i) is the

step-size for state i.

Under policy δ, the sequence converges with probability 1 to the value function

V δ along an infinite trajectory under policy δ, as long as every state is visited an

infinite number of times, and the step-sizes αt satisfy:

∞∑
t=0

αt =∞ and
∞∑

t=0
αt

2 <∞

The proof is provided in [MRN05], based on the assumption that all states are

visited infinitely often, and the Markov chain is ergodic.

3.2.2 Convergence of the Q function

Given a MDP (S, A, T, R) and a stationary policy δ, the sequence Qt, generated

by

Qt+1(i, a) = Qt(i, a) + at(i, a)(Rt + γmax
bϵA

Qt(j, b)−Qt(i, a))

The authors in [MRN05] demonstrated that under policy δ, the sequence Qk

converges to the optimal Q∗ along an infinite trajectory under policy δ, provided

that every state-action pair is explored an infinite number of times and the step-

sizes αt satisfy

∞∑
t=0

αt =∞
∞∑

t=0
αt

2 <∞

Q∗(i, a) =
∑
j∈S

T (i, a, j)(r(i, a, j) + γV ∗(j))
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3.2.3 Convergence of SQ Learning

The SQ-Learning (Sampled Q-Learning) algorithm is a method designed for

Partially Observable Markov Decision Processes (POMDPs). Starting with an

initial belief state Π0 = π0, the algorithm selects N samples from the belief state

space Sp and initializes the Q-values Q0(π̃i, a) for each sample π̃i. At each time

step, it calculates an estimated Q-value Q̂− by averaging the Q-values across

samples, using a weighting function K(∥πt− π̃i∥). Here, K(∥πt− π̃i∥) represents

a weighting kernel that depends on the distance ∥πt − π̃i∥ between the current

belief state πt and each sample π̃i; it assigns higher weights to samples closer

to πt. A kernel is a function that defines a measure of similarity or influence,

often used in algorithms to give more importance to points closer to a specified

target within a given space.

After selecting an action at according to a specified policy δ, the agent observes

the reward Rt and updates the belief state to Πt+1 = πt+1. It then computes

the maximum future Q-value Q̂+ over all actions. The Q-value update uses a

temporal difference term dt = Rt + γQ̂+ − Q̂−, where γ is the discount factor,

and adjusts each sample’s Q-value based on whether the action matches the

selected at.

Assumptions:

Consider a POMDP (S, A, O, T, M, R) where the underlying Markov chain is

ergodic for any stationary policy. Suppose the policy δ, used to generate the

learning trajectory, assigns a non-zero probability to all actions. Furthermore,

let the step-sizes αt satisfy the conditions

∞∑
t=0

αt =∞ and
∞∑

t=0
α2

t <∞.

Theorem Convergence of SQ-Learning Under the above conditions, the SQ-

Learning algorithm converges to an optimal approximation of Q∗ over the sam-

ple set {π̃1, . . . , π̃N}, as shown in [MRN05].

3.2.4 Convergence of Q-value Decision Processes

A history-based decision process P is a stochastic mapping from a history-action

pair to observation-reward pairs. Formally, P : H∗ × A → O × R where

denotes a stochastic mapping. We use Q to denote an action-value function of

a HDP, and
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Figure 3.1: QDP in the perspective of other decision problem classes[MH18].

Q∗ denotes the optimal Q-value function.

Q∗(h, a) :=
∑
o′
r′

P (o′, r′ | h, a)
(

r′ + γ max
ǎ

Q∗ (ha o′ r′, ǎ)
)

State-uniformity condition: For any action a, if any two histories h and h́ map

to the same state s, then the optimal Q-values of the underlying HDP of these

histories are the same, i.e., state-uniform; Q∗(h, a) = Q∗
(
h́, a

)
. It is easy to see

that in this case q∗(s, a) = Q∗(h, a) . The state-uniformity condition is weaker

than the MDP condition.

Q-Value Uniform Decision Process (QDP): A model is a QDP if it satisfies the

state-uniformity condition.

Convergence in QDP Assuming the state process is ergodic and QDP, the agent

learns the optimal action-value function of a QDP state-process[MH18]. These

classes are illustrated in Figure 3.1.

The theorems presented in the preceding sections are crucial, as they provide

the proofs for convergence and establish the conditions for the existence of

an optimal policy. The remainder of this section will introduce theorems that

guarantee the non-existence of an optimal policy. Finally, all the presented

theorems will be compared in a concluding section.
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3.2.5 Random reward functions

The preceding sections have established fundamental theoretical results

demonstrating conditions under which specific reinforcement learning (RL) al-

gorithms converge to an optimal policy. In this section, we shift focus to our

contribution, wherein we examine scenarios under which an optimal policy

does not exist. Given the following assumptions, an optimal policy does not

exist.

1-The MDP state or POMDP belief state is fully connected

2- The reward function changes over time so that the sequence of expected

values is non-monotonic and does not converge. Since the sequence is infinite

and does not converge, for any time point n there will exist two other time

points m and o after n such that

E (R(S)n) > E (R(S)m)

and

E (R(S)n) < E (R(S)o)

The rewards are generated by a function, which changes from one time period

to the next.

After n timesteps, the interaction between the agent and the environment re-

sults in a sequence of states, actions, and rewards, representing the trajectory

of the agent:

S0, A0, R1, S1, A1, R2, . . . , Sn, An, Rn, Sn+1

Here, the reward is a random variable. Let R(S)t ≡ rt(St, St+1) denote the

random reward received when transitioning from St to state St+1 at time t.

Under this assumption, the reward function has a different distribution at each

time step, while the state transition dynamics in the environment remain the

same.

and
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E (R(S)πt
n ) > E (R(S)πt

o )

In this notation, E (R(S)πt
t ) represents the expected reward at state S under a

single, time-dependent policy πt, reflecting that the reward expectations shift as

t varies. This notation emphasizes that, even under a consistent policy frame-

work, the expected reward changes over time due to the non-stationary nature

of the environment.

Proof.

The main idea regarding the proof is as follows: Based on the assumptions the

expected value of the reward value, represented as a random variable, changes

across different timesteps. Referring back to the definition of an optimal policy,

the value function for each state should be maximized for it to align with the

optimal value function. Based on the assumption about the fully connected

state set, a contradiction arises between the existence of an optimal policy and

two assumptions about the RL environment described above.

V δ is the value function for policy δ which maps states to real values:

V δ : S → R

The value of state i under policy δ is given by:

V δ(i) = Eδ

[ ∞∑
k=0

γkRt+k

∣∣∣∣∣ St = i

]

where Rt+k is the reward received at time t + k, given by

Rt+k = r(St+k, δ(St+k), St+k+1),

and Eδ denotes the expected value operator associated with the transition prob-

abilities defined by policy δ.

Expanding V δ(i), we get:

V δ(i) = E [R (i, δ(i))] + T (i, δ(i), j) γV δ(j)

Let us assume that δt represents the optimal policy at time t. Let E
(
R(S)δt

n

)
denote the expected value of the reward generated under this policy at time
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t, and E
(
R(S)δm

n

)
denote the expected value of the reward generated by this

policy at time m. Based on the definition of an optimal policy, the value function

of this policy δ should have the highest value at all time steps in comparison to

all other policies that exist and the following equation should be satisfied :

V δ(s) ≥ V π(i), s ∈ S

E [R (i, δ(i))] + T (i, δ(i), j) γV δ(j) ≥

E [R (i, π(i))] + T (i, π(i), j) γV π(j)

Based on assumption 3, there exists a time m such that the expected value of

the reward at time m is less than that at time t. Furthermore, according to

assumption 2, there exists a policy whose expected value of rewards, generated

by its sequence, is higher than that of policy δ at time step m. Considering both

assumptions, there exists a policy π that satisfies this inequality for state i:

E [R (i, δm(i))] < E [R (i, π(i))] and T (i, δm(i), j) = T (i, π(i), j)

Then:

T (i, δm(i), j) γV δm(j) < T (i, π(i), j) γV π(j)

If the value function for a given state is lower than that of another policy at

any time step, it implies that a consistent optimal policy does not exist. Then

V δm(j) < V π(j) which is a contradiction with the definition of optimal policy

for state j.

3.2.6 Random reward functions and ε optimal policies

Given the assumptions in section 3.2.5, ε optimal policy does not exist.

While Section 3.2.5 established that a strictly optimal policy cannot exist under

our assumptions, one might naturally ask if an approximate solution is still

possible. In this section, we extend our previous result to prove that even an ε

optimal policy does not exist under these same non-stationary conditions.
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Proof.

The main idea regarding the proof is as follows: Based on the assumptions

the expected value of the reward value, and optimal policy and using Markov's

inequality , a contradiction arises between the existence of an ε optimal policy

and the foundational assumption regarding the class features.

Markov's inequality:

If X is a non-negative random variable, then for all α > 0 , which is called

Markov inequality:

P (X ≥ a) ≤ E[X]
a

1− P (X ≥ a) ≥ 1− E[X]
a

P (X < a) ≥ 1− E[X]
a

Based on the definition of an ε-optimal policy, if we consider δ as the optimal

policy, then there exists a policy that satisfies this condition at all time steps.

V δ(j)− V π(j) < ε

Let us define the random variable.

X =
∣∣∣V δ(j)− V π(j)

∣∣∣
=

∣∣∣∣∣∣E [R (i, δ(i))] + T (i, δ(i), j) γV δ(j)

− E [R (i, π(i))]− T (i, π(i), j) γV π(j)

∣∣∣∣∣∣
As in theory 5, by using assumptions 2 and 3, there exists a time m and a policy

π that satisfy this inequality for state i:

E [R (i, δm(i))] > E [R (i, π(i))] + a
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and

T (i, δm(i), j) = T (i, π(i), j)

then :

M = E [R (i, δm(i))] + T (i, δm(i), j) γV δm(j)

N = E [R (i, π(i))]− T (i, π(i), j) γV π(j)

P (|M −N | < a)

≤ 1− E [E [R (i, δm(i))]− E [R (i, π(i))]]
a

Then:

p
(∣∣∣V δm(j)− V π(j)

∣∣∣) < 0

which is a contradiction with the assumption and probability axioms.

Then: p
(∣∣∣V δ(j)− V π(j)

∣∣∣) < 0 which is a contradiction with the assumption and

probability axioms.

3.3 Guide for Problem Solvability

In discussing uncertainty within machine learning models, aleatoric and epis-

temic uncertainties are two primary types. Aleatoric uncertainty (also known as

statistical or irreducible uncertainty) arises from inherent randomness or vari-

ability in the system, making it resistant to reduction even with more data. In

contrast, epistemic uncertainty is due to a lack of knowledge about the model

or system parameters, making it a reducible uncertainty that can be minimized

through additional data or improved modeling efforts [HW21].

Considering the definitions of aleatoric and epistemic uncertainty, along with

the assumptions in the theorems, the reward value, as a random variable, is
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3.4 Implications for Algorithm Selection and
GRM

dominated by aleatoric uncertainty due to its variation over different periods.

This prevents the agent from establishing any correlation between its belief

state and the reward random variable over an infinite timeline. However, in

Theorems which were presented in sections 3.2.1, 3.2.2, 3.2.3 and 3.2.4, the

reward value as a random function is subject only to epistemic uncertainty,

stemming from the agent’s limited knowledge of the environment.

Based on this understanding, problems can be categorized into three distinct

classes:

• Solvable (Optimal Policy Exists): Problems whose features allow the

proof of the existence of an optimal policy. Note that while solvable in

theory, finding this policy may still be practically difficult.

• Unknown Solvability: Problems for which the existence of an optimal

policy is not yet proven, however, it is not possible to prove that the opti-

mal policy does not exist.

• Strictly Unsolvable (No Optimal Policy): Problems whose features allow

the proof that an optimal policy does not exist.

3.4 Implications for Algorithm Selection and GRM

In the Real-world Benchmarks approach, reinforcement learning algorithms are

tested in settings categorized as easy, medium, or hard by adjusting environ-

ment parameters (as seen in Table 2.3). The approach taken in this thesis

provides an alternative perspective: assessing problem feasibility based on the-

oretical optimality criteria. Rather than offering a general complexity taxon-

omy, this analysis serves as a guide to determine whether an RL problem can be

addressed using specific methods, such as the GRM approach. In particular:

• Solvable problems: Based on theorems in Sections 3.2.1, 3.2.2, 3.2.3,

and 3.2.4, an optimal policy exists for certain problems with epistemic

uncertainty. In these scenarios, RL algorithms or the GRM approach can

be confidently applied with the theoretical guarantee that an optimal so-

lution exists, even if it is computationally difficult to find.

• Unknown problems : The existence of an optimal policy remains un-

proven. Application of the GRM approach here requires empirical valida-

tion, as theoretical convergence cannot be strictly guaranteed based on

current literature.
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• Unsolvable problems : Problems that align with the theorems in Section

3.2.5, involving specific cases of aleatoric uncertainty, lack a well-defined

optimal policy. Consequently, these problems are unsolvable in the tradi-

tional RL optimization sense. Algorithms expecting convergence to a strict

optimal policy will fail. In these instances, the problem must be redefined,

or approaches must be adapted to target acceptable, rather than optimal,

policies.

In summary, while benchmark approaches categorize practical difficulty based

on environment settings, this theoretical analysis defines fundamental solvabil-

ity. This provides practitioners with a necessary foundation to evaluate whether

a problem can be validly addressed using the GRM approach before committing

computational resources to finding a solution.

3.5 Conclusion

We introduced a complexity classification based on the existence of optimal

policies, demonstrating conditions under which optimal policies do or do not

exist. This classification was further supported by two new theorems proving

the non-existence of optimal policies under specific conditions. Our findings

emphasize the necessity for a structured approach to RL research, integrating

theoretical insights with practical benchmarks to address real-world challenges

effectively. By categorizing RL problems according to their complexity and pro-

viding tailored solutions, this work aims to facilitate more robust and efficient

reinforcement learning applications. Future research should continue to refine

these classifications and explore new benchmarks, ensuring that RL systems

can be reliably applied to increasingly complex and dynamic environments. Ul-

timately, the goal is to advance the field of RL by developing algorithms that

are both theoretically sound and practically effective in diverse application do-

mains.
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Chapter 4

Generative reward machine for RL
problems

4.1 Introduction

In this chapter, we introduce the concept of the Generative Reward Machine
(GRM). An effective strategy for enhancing RL involves exposing the internal

structure of the reward function to the agent, enabling more sample-efficient

learning [IKVM22]. RMs have been proposed as a formal, automata-based rep-

resentation of reward functions to achieve this. However, traditional RMs rely

on clear, high-level events from the environment, a condition that is often un-

met in real-world scenarios characterized by partial observability and noise,

especially in the type of challenges highlighted as class of hard problem in sec-

tion 3.2.5. The primary objective of GRM is to adapt and extend the reward

machine concept to address these problems. We first formally define and ex-

plain the foundational idea of the generative reward machine. Subsequently,

we explore the implementation and evaluate the performance of GRM across

complex problem domains of Reconnaissance Blind Chess, OGB and a footstep

recognition benchmark.

4.2 Generative Reward Machines

The core concept of the GRM is to create a new mapping or an intermediate, ab-

stract representation of the environment’s state. This can be approached in two

ways, chosen based on the problem. The first method uses a direct mapping to
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transform environment states into a specific, predefined state space. The second

involves an estimator function that maps noisy, partial observations from the

environment to specific states in the estimated state space. A new mapping of

state set, or an estimator function, maps noisy, partial observations from the en-

vironment to a specific state. To address the problem of non-stationary rewards

in hard problems which are mentioned in section 3.2.5, we use an estimator

or mapping function to translate each original state into a corresponding state.

In a fully observable MDP, a designer with complete knowledge of the system

can create an effective reward machine. However, for problems which are in

the hard class as mentioned in section 3.2.5, this is impossible due to complex

reward functions and aleatoric uncertainty. Our solution is to use limited infor-

mation about these hard problems to design a two-part system: first, a mapping

function or estimator for the state, and second, a new, specialized reward ma-

chine. Together, these components try to keep the rewards generated for the

states stationary. Essentially, limited knowledge which is available is used to

engineer a system that bypasses the conditions found in the hard problems.

The GRM aims to approximate a RM that renders the environment Markovian

over the combined observation and machine state—in scenarios where inherent

noise make a true RM unattainable.

The online operational procedure of an agent employing a GRM is as follows :

1. The agent resides in an unknown true world state (ts).

2. The agent makes a partial observation of the world, resulting in an ob-

served state (os).

3. The estimator function processes or a mapping function the observed state

(os) to produce an estimated state (es).

4. The Generative Reward Machine is in a specific internal state, u, which

has an associated reward function, ru.

5. The agent selects and applies an action, a.

6. The environment transitions the agent to a new true state, ts′.

7. The agent observes the new observed state, os′.

8. The estimator function or mapping function computes the new estimated

state, es′, based on the previous estimated state (es), the action (a), and

the new observation (os′).
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9. The GRM applies its reward function, ru, to the transition that occurred

in the estimated space—from es to es′—to generate a reward signal.

10. A labelling function analyzes the transition in the estimated space (from

es to es′) and reports a set of abstract propositional symbols, b, describing

the outcome.

11. The GRM’s internal finite state machine uses the symbols b as input to

transition from its current state u to a new state u′. The process then

repeats from the new comprehensive state (ts′, os′, es′, u′).

4.2.1 Comparison: Reward Machine vs. Generative Reward

Machine

While a standard reward is simply the scalar feedback signal received by an

RL agent, a Reward Machine (RM) provides a formal, automata-based struc-

ture for these reward functions, typically relying on clear events from the true

environment state. The Generative Reward Machine differs fundamentally by

operating on an abstracted, estimated state representation rather than the true

state. The GRM is termed ’generative’ because it actively generates this inter-

mediate state space and its corresponding stationary reward signals using an

estimator function, allowing the agent to function effectively despite partial ob-

servability and inherent noise.

The fundamental distinction between a standard Reward Machine and a Gener-

ative Reward Machine lies in the state representation upon which they operate.

The GRM introduces a layer of abstraction—the estimated state—to manage

environmental uncertainty. Table 4.1 table provides a component-wise compar-

ison of the two frameworks.
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Table 4.1: Comparison of RM and GRM Components

Component RM [IKVM22] GRM Rationale for Differ-
ence

State Basis Operates directly on en-
vironment states (S) or
observations (O) .

Operates on an ab-
stracted, state (E)
derived from observa-
tions .

To create a stable, dis-
crete state representa-
tion for the FSM to op-
erate on, even when ob-
servations are noisy or
partial.

State-Reward
Function (δr)

Maps reward functions
over transitions in the
true environment state
space (S × A× S).

Maps reward functions
over transitions in the
designed state space (E×
A× E) .

uses the reward signal
as input of new reward
function with the ab-
stracted space where the
agent’s policy is being
learned, providing more
consistent feedback.

Labelling Func-
tion (L)

Assigns propositional
symbols based on
transitions in the true
environment (S×A×S).

Assigns propositional
symbols based on tran-
sitions in the designed
state space (E×A×E) .

The FSM transitions
must be triggered by
events in the same
abstract space that
the agent is reasoning
about.

Truth Assign-
ment (σt)

The truth values of
propositional symbols
are determined by the
current state of the true
environment.

The truth values of
propositional symbols
are determined by the
current estimated state .

Follows logically from
the shift in the oper-
ational basis from the
true environment to the
estimated representa-
tion.

Primary Objec-
tive

To find a state repre-
sentation that makes the
problem Markovian over
the joint space (S × U),
enabling optimal policy
learning.

To approximate a
Markovian representa-
tion when one is not
feasible, making the
problem tractable for RL
algorithms .

Provides a practical so-
lution for real-world ap-
plications where perfect
state information is un-
available.
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4.3 The GRM Framework for Reconnaissance Blind

Chess

The rules for Reconnaissance Blind Chess are described in section 2.8. The

foundational RBC bot architecture is based on a Multiple Hypothesis Tracker.

Unlike traditional chess engines that operate on a single, known board state, an

RBC agent must maintain a belief state over all possible board configurations

consistent with the game’s history. The Multiple Hypothesis Tracker manages a

set, or distribution, of these hypothetical board states. At each turn, this set is

updated through a two-stage process:

1. Expansion: For each hypothesis board in the current set, all possible le-

gal moves for the opponent are generated, creating a new, larger set of

potential subsequent states.

2. Filtering: This expanded set is pruned based on observations from the

game engine. These observations include the agent’s own sense results,

the outcome of its attempted move, and information regarding captures.

Any hypothesis inconsistent with these observations is eliminated from

the belief state.

The agent’s decision-making for both sensing and moving is therefore per-

formed over this distribution of possible realities, rather than a single deter-

ministic state. The performance of the RBC bot is tuned by a specific set of hy-

perparameters, the details of which are provided in Appendix 8.4, this section

focuses on three that are particularly influential in shaping the bot’s strategic

behavior: those controlling its aggression, predictability, and exploration. Be-

low is the list of these three items:

• max_score_factor: This functions as an aggressiveness or gambling fac-

tor. A higher value encourages the bot to pursue moves that have a high

potential reward, even if they are risky and the best-case scenario is un-

likely to occur.

• threshold_score: This parameter adds variety to move selection to pre-

vent the bot from becoming predictable. It allows the agent to choose

from a pool of moves, as long as their score is within a certain margin of

the best-scoring option.

• sampling_exploration_coef: This value directly influences the UCT (Up-

per Confidence bounds applied to Trees) algorithm. A higher coefficient
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encourages the agent to explore moves it has considered less often, pre-

venting it from prematurely settling on a suboptimal strategy.

4.3.1 RL for RBC

We frame the problem of selecting the optimal hyperparameters as a Reinforce-

ment Learning task. The objective is to learn a policy, π(s), that maps a given

state, s, to an optimal action, a. In the RL approach, the state, reward, and

action are defined as follows:

• State (s): The state space S represents the initial strategic configuration

of the bot, defined by the assigned player color and the chosen opening

strategy. Formally, S = C × Ω, where:

– C = {White, Black} represents the assigned color (|C| = 2).

– Ω = {O1, O2, O3, O4, O5, Oother} represents the strategy pool, consist-

ing of 5 specific predefined openings (e.g., Sicilian Defense, Queen’s

Gambit) plus a catch-all “Other” state used as a fallback if the bot

deviates from the main five (|Ω| = 6).

Thus, the total size of the state space is exactly |S| = |C|×|Ω| = 2×6 = 12
distinct states. The bot chooses its opening state s ∈ S at the start of the

match based on its assigned color and intended strategy.

• Action (a): The action space is a discrete set of pre-defined strategic "per-

sonalities," where each personality corresponds to a specific vector of hy-

perparameter values.

• Reward (R): The reward signal for the agent is calculated with the fol-

lowing scoring: win = +1, draw = 0, and loss = −1.

Based on the description of the environment, the pseudocode for the training

algorithm using Q-learning is presented in Algorithm 2.
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Algorithm 2 Q-Learning for in RBC

1: Let C = {White, Black} be the set of assigned colors (|C| = 2).

2: Let Ω = {O1, O2, O3, O4, O5, Oother} be the set of opening strategies (|Ω| = 6).

3: Let S = C × Ω be the state space, yielding exactly |S| = 12 discrete states.

4: Let A be the discrete set of strategic hyperparameter vectors (actions).

5: Initialize Q-table Q(s, a)← 0 for all s ∈ S, a ∈ A.

6: Initialize learning rate α ∈ (0, 1].
7: Initialize exploration rate ϵ > 0.

8: for episode = 1 to MAX_EPISODES do

9: Receive assigned color c ∈ C for the current match.

10: Select intended opening strategy ω ∈ Ω.

11: Form initial state s← (c, ω).
12: Choose action a ∈ A for state s (e.g., using an ϵ-greedy strategy).

13: Play a single game utilizing opening ω and hyperparameter vector a.

14: Receive terminal reward R ∈ {+1, 0,−1} (win, draw, loss).

15: Update Q(s, a)← Q(s, a) + α[R−Q(s, a)].
16: end for

17: return The final policy.

4.3.2 The GRM Framework for RBC

To overcome these limitations, we propose a more sophisticated, two-phase

framework. The first phase involves constructing an estimator to classify oppo-

nent behavior, and the second phase uses a Generative Reward Machine (GRM)

to structure the RL training process for learning a hyperparameter-selection pol-

icy.

Phase 1: Constructing the Opponent Skill Estimator The foundation of our

adaptive approach is the ability to accurately classify an opponent’s skill level in

real time. We construct an estimator for this purpose, which consists of a bank

of 20 distinct neural networks.

• Training: Each neural network is an autoencoder trained offline, exclu-

sively on game histories generated by an opponent of a specific skill level

(from 1 to 20). A game history is represented as a time-series of the

agent’s belief state size, which serves as a proxy for the agent’s uncer-

tainty.

• Runtime Estimation: During a live game, the evolving history of the
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agent’s uncertainty is fed into all 20 trained autoencoders. The skill level

corresponding to the autoencoder with the lowest reconstruction error is

selected as the current estimation of the opponent’s class.

This estimator provides the state input for the subsequent RL training phase.

Phase 2: GRM-based Policy Learning With the estimator established, we re-

define the learning problem within a GRM framework to provide a more stable

and efficient learning signal.

In the GRM framework, the state, reward, and action are defined as follows:

• State (s): The state is the opponent’s skill level, s ∈ {1, ..., 20}, as classi-

fied by the pre-trained estimator.

• Action (a): The action space is a discrete set of pre-defined strategic "per-

sonalities," where each personality corresponds to a specific vector of hy-

perparameter values.

• Reward (R): To counteract the stochasticity of RBC, the reward is not

based on a single game. The agent is evaluated over a batch of 100 games

against an opponent bot whose skill set is fixed at a specific level. The re-

ward signal for the agent is the average outcome of this batch, calculated

with the following scoring: win = +1, draw = 0, and loss = −1. This

batch-based reward calculation is performed against bots of varying skill

levels.

Based on the description of the environment, the pseudocode for the training

algorithm using GRM is presented in Algorithm 3.

4.3.3 Analysis of Algorithm Performance in the 2022 NeurIPS

Tournament

Figure 4.1 illustrates the performance evolution of competing algorithms in the

Reconnaissance Blind Chess tournament, quantified using Bayes Elo ratings. A

Bayes Elo rating is a statistical approach for assessing the relative skill level of

participants. Unlike traditional Elo systems that provide a single point estimate,

the Bayesian method calculates a probability distribution for each agent’s true

strength, represented in the chart by the central line (the estimate) and the sur-

rounding shaded area (the 95% confidence interval). This interval signifies the

range within which the agent’s true skill level is believed to lie with 95% prob-

ability. The term “excluding forfeits” indicates that the ratings are calculated
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Algorithm 3 Training with GRM for RBC problem

1: Let E be the pre-trained opponent skill estimator.
2: Let S = {1, ..., 20} be the set of opponent skill levels (states).
3: Let A be the discrete set of strategic vectors (actions).
4: Initialize Q-table Q(s, a).
5: Initialize reward history H(s, a)← [] for all state-action pairs.
6: Initialize visit counts N(s, a)← 0 for all state-action pairs.
7: for episode = 1 to MAX_EPISODES do
8: Select a state s ∈ S to train on .
9: Choose action a ∈ A for state s .

10: Play a batch of Ngames = 100 games against an opponent of skill s
11: Let Rbatch be the average outcome of the batch.
12: Append Rbatch to reward history H(s, a).
13: N(s, a)← N(s, a) + 1.
14: Ravg ← mean(H(s, a)).
15: Update Q(s, a)← Ravg.
16: end for
17: return The final greedy policy π∗(s) = arg maxa Q(s, a).

based only on games that concluded normally (win, loss, or draw), omitting

results from games terminated by technical failures such as software crashes

or connectivity loss. This ensures the ratings are a purer reflection of an algo-

rithm’s strategic prowess rather than its operational stability. The chart plots

these refined Elo ratings against the number of tournament rounds, showing

how the skill estimates for each agent evolved as more data became available.

The two bots evaluated in the tournament are srcork, which is trained using Q-

learning as mentioned in Algorithm 2, and uccchess, which is trained using the

GRM framework as mentioned in Algorithm 3. The average Elo scores between

the RL algorithm and the GRM framework are mentioned in Table 4.2.

Based on the performance trajectories shown in Figure 4.1, the GRM-trained

‘uccchess’ ranks below the top cluster of agents (StrangeFish2, Fianchetto, Kevin,

Châteaux, ROOKie, and Oracle [GPS+22]).

Although this figure does not demonstrate a strict Elo advantage, “uccchess”

proved robust; despite technical server issues requiring the removal of several

tournament games, it still secured a position among the top bots and was se-

lected in the final ranking. The methods used in these bots are described in

Table 8.6.
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Table 4.2: Comparison of Average Elo scores between the RL algorithm and
GRM framework in the tournament, excluding forfeits.[GPS+22]

# Algorithm Average Elo

1 GRM 1365
2 RL 1190

Figure 4.1: Bayes Elo ratings and 95% confidence intervals as the tournament
progressed, excluding forfeits.[GPS+22]
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4.4 The GRM Framework for Biometric Footstep

Recognition

The UNB StepUP-P150 dataset, a benchmark for Footstep Biometrics, and its

Evaluation Protocols in Biometric Systems are described in Section 2.6. The

problem of selecting hyperparameters for the Deep Learning architectures in

this benchmark may be considered as a sequential decision-making problem

and RL agent can be employed to find better hyperparameter settings for the

model.

4.4.1 Problem modeling

The problem is the need to select from a variety of models and hyperparameters

for training on this benchmark, such as the architectures detailed below.

Models = {ViT, Swin, ConvNeXt, R(2+1)D}

For each model, a list of hyperparameters must be assigned appropriate values

before training. These hyperparameters include [PyT25] : optimizer, sched-

uler, lr (learning rate), batch_size, layer_sizes.

The selected model and hyperparameters will be used for training. During the

training process, a detailed log will be generated for each epoch, capturing

various model training parameters. The training log recurrently records two

critical performance signals that are used in the final score calculation:

Critical Performance Signals

• Batch Loss: The error score a model gets after processing a single, small

group of training data (a batch) and making one update to its parameters.

• Average Loss: The average error score the model achieved across the en-

tire training dataset after completing one full pass through it (one epoch).

The efficacy of a selected hyperparameter configuration is quantitatively as-

sessed via a scalar function. This score integrates two primary components

derived from the complete training log: the overall mean loss (P1) and the

training stability (P2).

The formal representation of the reward score is given by a weighted linear

combination, where P1 and P2 are penalties derived from the training history:
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Score = w1 · P1 + w2 · P2

Where:

• P1 = MeanLoss, defined as the average of all epoch avg_loss values.

P1 = 1
Nepochs

Nepochs∑
i=1

avg_lossi

• P2 = StdDevLoss, defined as the standard deviation of all individual

batch_loss values.

P2 =

√√√√√ 1
Nbatches

Nbatches∑
j=1

(batch_lossj −MeanLossall batches)2

• w1 = −1 and w2 = −1 are the suggested penalty weights for mean loss

and stability, respectively.

4.4.2 RL Framework

The reinforcement learning framework for this problem is defined as follows:

• State Space: The set of selectable model architectures:

S = {ViT, Swin, ConvNeXt, R(2+1)D}

• Action Space: The vector of hyperparameter categories that define a con-

figuration:

Λ = ("optimizer", "scheduler", "lr", "batch_size", "layer_sizes")

The reward signal for the RL agent is the negative value of the average loss.

The RL-based HPO process is described in Algorithm 4.
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Algorithm 4 Training with RL algorithm for Biometric Footstep Recognition

1: Initialize Q-table Q(s, λ) for all states s ∈ S and hyperparameter actions

λ ∈ Λ.

2: for episode = 1 to MAX_EPISODES do

3: Select an architecture state s ∈ S.

4: Choose action λ from Q(s, ·).
5: Train model s with hyperparameters λ for a limited number of epochs.

6: Calculate the performance signal from the training log:

P1 = MeanLoss

7: Compute the direct, uncalibrated reward signal:

8: R← −P1

9: Update the Q-table:

10: Q(s, λ)← Q(s, λ) + α (R−Q(s, λ))
11: end for

12: return The optimal hyperparameter policy π∗(s) = arg maxλ Q(s, λ).

4.4.3 The GRM Framework

As listed in previous Section, when a vector of model and hyperparameters are

selected and training begins, a training log is generated for that vector. Based

on this log, a score can be calculated as a reward signal. Due to a range of un-

certainties, including non-deterministic GPU operations that occur during the

training of deep learning algorithms on GPUs, variations in model performance

based on hyperparameters, and other sources of uncertainty, this problem in-

herently contains a significant amount of noise.

Within the GRM framework, the unknown true environment state is conceptu-

ally defined as the one encompassing full observability of all noise sources.

Since numerous sources of uncertainty remain unobserved—even when the

training model and its hyperparameter are considered as a single observable

component—a mapping function must be introduced. This function is essential

for establishing the GRM framework; it maps the observable state to the model

used for training. Thus, the new state in the GRM is represented by the Model

itself, derived via this mapping function. The state space and action space in

GRM framework for this problem are defined as below:

• GRM State Space The set of selectable model architectures:

S = {ViT, Swin, ConvNeXt, R(2+1)D}
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• GRM Action space The vector of hyperparameter categories that define a

configuration:

Λ = ("optimizer", "scheduler", "lr", "batch_size", "layer_sizes")

GRM Reward function

Based on the defined action and state space the reward function for the GRM

will be defined based on the model architecture. For each state (model archi-

tecture) s ∈ S, 15 initial training runs are executed. For each of these 15 runs,

a set of hyperparameters λ ∈ Λ is randomly selected. For the k-th run of model

s, the following data points are collected:

1. Penalty Signals P
(k)
1 and P

(k)
2 : These are calculated from the avg_loss and

batch_loss recorded in the training log, as defined previously:

P
(k)
1 = MeanLoss and P

(k)
2 = StdDevLoss

2. True Performance Perf(k): This is the actual efficacy of the model after

training, evaluated on a held-out set of samples from the dataset. A higher

value indicates better performance.

For each state s, the collected data (15 pairs of penalty signals and true per-

formance values) are used to calibrate the optimal weights ws = (w1,s, w2,s).
The reward estimator is designed to linearly map the penalty signals to the true

performance:

Perf ≈ w1,s · P1 + w2,s · P2

The calibration of ws for model s is achieved by solving a linear regres-

sion problem that minimizes the squared error between the estimated reward

and the true performance over the 15 data points. The resulting coefficients

ws = (w1,s, w2,s) are the state-specific penalty weights. The GRM-based HPO

process is formalized in Algorithm 5. This algorithm first learns an architecture-

specific reward model and then uses that model to guide the search for optimal

hyperparameters in a subsequent online phase.
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Algorithm 5 Training with GRM for Biometric Footstep Recognition

Phase 1: Offline Reward Estimator Calibration

1: Let S = {ViT, Swin, ConvNeXt, R(2+1)D}
2: Initialize dataset Ds ← ∅ for each state s ∈ S.

3: Λ is the set of actions.

4: for each architecture s ∈ S do do

5: for k = 1 to 15 do do

6: Sample a random hyperparameter configuration λ(k) ∈ Λ.

7: Train model s with hyperparameters λ(k) to completion.

8: Calculate Penalty Signals P
(k)
1 = MeanLoss and P

(k)
2 = StdDevLoss.

9: Obtain True Performance Perf(k) from the held-out set.

10: Store penalty vector P(k) = (P (k)
1 , P

(k)
2 ).

11: Ds ← Ds ∪ {(P(k), Perf(k))}.
12: end for

13: Perform Linear Regression on Ds to find the optimal weight vector

ws = (w1,s, w2,s) by minimizing:

15∑
k=1

(Perf(k) − (w1,s · P (k)
1 + w2,s · P (k)

2 ))2

14: end for

Phase 2: Online Q-Learning-based Hyperparameter Search

15: Initialize Q-table Q(s, λ) for all states s ∈ S and λ ∈ Λ.

16: for episode = 1 to MAX_EPISODES do

17: Select an architecture state s ∈ S.

18: Choose action λ from Q(s, ·) .

19: Train model s with hyperparameters λ .

20: Calculate Partial Penalty Signals P partial
1 and P partial

2 .

21: Rest ← w1,s · P partial
1 + w2,s · P partial

2 .

22: Update Q(s, λ) .

23: end for

24: return The optimal hyperparameter policy π∗(s) = arg maxλ Q(s, λ).

4.4.4 Results

Table 4.3 illustrates the performance evaluation of the RL algorithm detailed in

Algorithm 4 compared to the GRM framework detailed in Algorithm 5.

Table 4.4 illustrates the performance evaluation of competing algorithms in the
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Table 4.3: Comparison of Weighted Total scores between the RL and GRM on
the Biometric Footstep Recognition Benchmark

# Algorithms EER FMR100 ACC BACC FNMR FMR

1 GRM 10.77 59.63 88.51 88.94 10.00 12.13
2 RL 13.13 77.78 86.57 86.85 12.47 13.84

"StepUP Competition for Biometric Footstep Recognition"[LMP+25]. A detailed

explanation of the TI-MFBO and ECCO methods is provided in Appendix 8.7.

The results were compared based on the different metrics defined in Section

2.6. According to the metric definitions, a better model is characterized by

lower FMR, FNMR, FMR100, and EER, and higher BACC and AAC. In accor-

dance with the competition rules, the final ranking was established by sorting

based on the EER, where an algorithm with a lower EER signifies superior per-

formance in the final evaluation. The GRM framework achieved the highest

performance in the International StepUP Competition for Biometric Footstep

Recognition by the EER value of 10.77 .

Table 4.4: Comparison of performance metrics for different teams in Interna-
tional StepUP Competition for Biometric Footstep Recognition.

# Team Name EER FMR100 ACC BACC FNMR FMR

1 GRM 10.77 59.63 88.51 88.94 10.00 12.13
2 TI-MFBO 11.33 67.34 87.61 88.37 9.73 13.53
3 ECCO 11.50 67.12 86.99 88.17 8.87 14.79
4 Baseline model 19.5 76.93 82.07 80.66 22.87 15.81

4.5 The GRM Framework for OGB benchmark

The Omnigenomic Benchmark (OGB) is introduced in 2.7. An RL agent is de-

fined below to find better hyperparameter settings for the model in this bench-

mark. When a vector of batch size and hyperparameters is selected and training

begins, a training log is generated for that vector. Based on this log, the root

mean squared error (RMSE) can be calculated as a reward signal. As a lower

RMSE is better, we consider its negative value as the reward signal.

• RL state : The state is defined by the discrete setting of the

state set = {2, 4, 8, 16}

• RL Action (A): An action is a mapping that selects a unique combination
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of values for the remaining, tunable hyperparameters:

A = ("learning_rate", "optimizer", "scheduler")

The RL-based HPO process is described in Algorithm 6.

Algorithm 6 Training with RL algorithm for OGB Benchmark

1: Let S = {2, 4, 8, 16}
2: Let A = ("learning_rate", "optimizer", "scheduler")
3: Initialize Q-table Q(s, a) to 0 for all states s ∈ S and actions a ∈ A.

4: for episode = 1 to MAX_EPISODES do

5: Select a batch size state s ∈ S.

6: Choose action a ∈ A.

7: Train the model with batch size s and hyperparameters a.

8: Retrieve the training log generated during the training process.

9: Calculate the Root Mean Squared Error (RMSE) from the training log.

10: Calculate the reward signal: R← −RMSE.

11: Select the next state s′.

12: Update Q(s, a) using the Q-Learning update rule:

Q(s, a)← Q(s, a) + α [R + γ maxa′ Q(s′, a′)−Q(s, a)]
13: end for

14: return The optimal hyperparameter policy π∗(s) = arg maxa Q(s, a).

4.6 GRM Framework

The Omnigenomic Benchmark (OGB) benchmark is introduced in 2.7. RL agent

can be employed to find better hyperparameter settings for the model in this

benchmark. When a vector of batch size and hyperparameters are selected and

training begins, a training log is generated for that vector. Based on this log,

a score can be calculated as a reward signal. Due to a range of uncertainties,

including non-deterministic GPU operations that occur during the training of

deep learning algorithms on GPUs, variations in model performance based on

hyperparameters, and other sources of uncertainty, this problem inherently con-

tains a significant amount of noise.

An RL agent can be defined for this problem using the problem modeling based

on vector from the batch size and hyperparameter and the score as the reward

signal. During training for an RL agent, it is possible to verify the conditions
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listed in Section 3.2.5. The problem has a non-stationary reward value for the

states, which is a vector of the model and its hyperparameter.

Within the GRM framework, the unknown true environment state is conceptu-

ally defined as the one encompassing full observability of all noise sources.

Since numerous sources of uncertainty remain unobserved—even when the

training model and its hyperparameter are considered as a single observable

component—a mapping function must be introduced. This function is essential

for establishing the GRM framework; it maps the observable state to the batch

size used for training. Thus, the new state in the GRM is represented by the

batch size itself, derived via this mapping function. The state space and action

space in GRM framework for this problem are defined as below:

The problem is the need to select from a variety of models and hyperparameters

for training on the OGB benchmark, such as the architectures detailed below.

• GRM state : The state is defined by the discrete setting of the

state set = {2, 4, 8, 16}

• GRM Action (A): An action is a mapping that selects a unique combina-

tion of values for the remaining, tunable hyperparameters:

A = ("learning_rate", "optimizer", "scheduler")

The selected batch size and hyperparameters will be used for training. During

the training process, a detailed log will be generated for each epoch, capturing

various model training parameters. The training log recurrently records two

critical performance signals that are used in the final score calculation:

• f1_score: This metric is the harmonic mean of precision and recall and

is typically used for classification tasks. A higher F1 score indicates better

performance, especially in scenarios with class imbalance.

• root_mean_squared_error (RMSE): This metric is used for regression

analysis and quantifies the average magnitude of the prediction errors.

Mathematically, it is the standard deviation of the residuals, and a lower

RMSE value indicates a better fit to the data.

The formal representation of the score is given by a weighted linear combi-

nation, where P1 is f1_score and P2 is root_mean_squared_error average

values extracted from training information.
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Score = w1 · P1 + w2 · P2

The sign of the coefficients w1 and w2 determines the direction of the optimiza-

tion for the performance metrics P′
1 and P′

2. If the metric should be minimized

(lower value is better), wi must be negative to convert the minimization goal

into a reward maximization objective. So for RMSE, a negative constant should

be selected as weight. If the metric should be maximized (higher value is bet-

ter), wi must be positive to align the metric with the maximization goal. Based

on this, A positive value should be selected as a weight for f1_score.

GRM Reward function

Based on the defined action and state space the reward function for the GRM

will be defined based on the model architecture.

For each state (batch size) s ∈ S, 10 initial training runs are executed. For each

of these 15 runs, a hyperparameter configuration (action) λ ∈ Λ is randomly

selected. For the k-th run with batch size s, the following data points are col-

lected:

1. Penalty Signals P
(k)
1 and P

(k)
2 : These are calculated from training log, as

defined previously.

2. True Performance Perf(k): This is the actual efficacy of the model after

training, evaluated on test set of samples from the OGB benchmark. A

higher value indicates better performance.

For each state s, the collected data (10 pairs of penalty signals and true per-

formance values) are used to calibrate the optimal weights ws = (w1,s, w2,s).
The reward estimator is designed to linearly map the penalty signals to the true

performance:

Perf ≈ w1,s · P1 + w2,s · P2

The calibration of ws for batch size s is achieved by solving a linear regression

problem that minimizes the squared error between the estimated reward and

the true performance over the 10 data points. The resulting coefficients ws =
(w1,s, w2,s) are the state-specific penalty weights.

The GRM-based HPO process is formalized in Algorithm 7. This algorithm first

learns a batch-size-specific reward model and then uses that model to guide the

search for optimal hyperparameters in a subsequent online phase.

Generative Reward Machines for
Reinforcement Learning in Problems with Poor
Observability

80 Saeid Rezaei



4. GENERATIVE REWARD MACHINE FOR RL
PROBLEMS 4.6 GRM Framework

Algorithm 7 Training with GRM for OGB Benchmark

Phase 1: Offline Reward Estimator Calibration

1: Let S = {2, 4, 8, 16} be the set of states (batch sizes)

2: Initialize dataset Ds ← ∅ for each state s ∈ S.

3: Λ = ("learning_rate", "optimizer", "scheduler")
4: for each batch size s ∈ S do do

5: for k = 1 to 10 do do ▷ 10 training runs are executed for each state

6: Sample a random hyperparameter configuration λ(k) ∈ Λ.

7: Train model with batch size s and hyperparameters λ(k)

8: Calculate Penalty Signals P
(k)
1 and P

(k)
2 .

9: Obtain True Performance Perf(k) from the held-out set.

10: Store penalty vector P(k) = (P (k)
1 , P

(k)
2 ).

11: Ds ← Ds ∪ {(P(k), Perf(k))}.
12: end for

13: Perform Linear Regression on Ds to find the optimal weight vector

ws = (w1,s, w2,s) by minimizing:

15∑
k=1

(Perf(k) − (w1,s · P (k)
1 + w2,s · P (k)

2 ))2

14: end for

Phase 2: Online Q-Learning-based Hyperparameter Search

15: Initialize Q-table Q(s, λ) for all s ∈ S and λ ∈ Λ.

16: for episode = 1 to MAX_EPISODES do

17: Select a batch size state s ∈ S.

18: Choose action (hyperparameters) λ from Q(s, ·) .

19: Train model with batch size s and hyperparameters λ for a limited num-

ber of epochs.

20: Calculate Partial Penalty Signals P partial
1 and P partial

2

21: ▷ Use the reward estimator to generate the reward

22: Rest ← w1,s · P partial
1 + w2,s · P partial

2 .

23: Update Q(s, λ) .

24: end for

25: return The optimal hyperparameter policy π∗(s) = arg maxλ Q(s, λ).
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4.6.1 Results

The Weighted Total definition in the OGB and details of the evaluation criteria

are described in Section 2.7. Table 4.5 illustrates the Weighted Total evaluation

of competing algorithms in the OGB benchmark, comparing the RL algorithm

and the GRM framework. A higher Weighted Total determines a better algo-

rithm in the final ranking.

Table 4.5: Comparison of Weighted Total scores between the RL algorithm and
GRM framework on the OGB Benchmark

# Algorithm Weighted Total1
1 GRM 3.68
2 RL 3.45

Table 4.6 illustrates the Weighted Total evaluation of competing algorithms

in the ECML 2025 final ranking. The details of the results are mentioned in

[Cha25]. The GRM framework achieved the highest performance in the ECML

Discovery Challenge on Foundation Models for Genomic Modeling and Under-

standing by the Weighted Total value of 3.68.

Table 4.6: Comparison of Weighted Total for different frameworks on the OGB
Benchmark.

# Team Name Weighted Total1
1 GRM 3.68
2 Second Rank Framework 3.56
3 Third Rank Framework 3.56

4.7 Conclusion

The Generative Reward Machine was introduced as an extension of the Reward

Machine concept to train better models for hard class of Reinforcement Learn-

ing problems which are introduced in chapter 3. This core concept was imple-

mented and evaluated across diverse complex domains, including Reconnais-

sance Blind Chess, a biometric footstep recognition benchmark, and the OGB

benchmark. The empirical results from the applications confirm the GRM’s util-

ity in providing a stable and efficient learning signal. While the GRM-trained

agent for Reconnaissance Blind Chess was competitive, its peak utility was

demonstrated in the HPO tasks, validating the GRM’s capability to transform
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environments that violate Markovian assumptions into a structured learning

environment suitable for the examples mentioned.
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Chapter 5

GymDC environment

5.1 Introduction

The initial step in tackling any reinforcement learning problem is to determine

the environment in which the agent will operate. In real-world applications,

the agent interacts with the physical or operational environment. In most cases,

that is impractical, and so a simulated environment needs to be created.

In a typical RL workflow, the agent learns by interacting with the environment

over many episodes, exploring the action space and observing outcomes to de-

velop a policy that maximizes cumulative reward. This interaction process is

central to policy learning. Once a policy is learned, we can evaluate its quality

by comparing it to baseline policies or competitor algorithms. These compar-

isons must be performed within the same environment or simulation framework

to ensure fairness and consistency.

The simulator, which represents the environment in software, outlines the prob-

lem dynamics and facilitates repeated interaction for learning and evaluation.

While simulators may abstract away some real-world details, they must explic-

itly define and implement the core components—state space, action space, and

reward function—used by reinforcement learning algorithms.

In this chapter, we describe the Gym-DC environment which simulates a Dis-

tribution Center in the Physical Internet. Section 5.2 gives an overview of the

simulator. Section 5.3 describes the main parameters required to enable rein-

forcement learning. Section 5.4 presents the baseline policies implemented in

the simulator and compares their performance in different scenario settings.
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5.2 Distribution Center Simulator

Within the framework of the Physical Internet, a distribution center (DC) is an

open, certified facility adapted to receive, store, and ship containers [MMB13].

In the vision for the Physical Internet, autonomy is widely distributed across

various locations and entity types. A single agent making decisions in a dis-

tribution center will encounter varying degrees of uncertainty regarding the

outcomes of its actions in different scenarios. In any realization of the Physi-

cal Internet, simulated environments will be essential for evaluating machine

learning systems that infer new policies, as financial penalties could arise from

poor decision-making during the exploration phase. At the conceptual level, the

Physical Internet is a network of DCs. Packets travel from origins to destinations

through at least one DC and perhaps many DCs, with the transport provider for

each onward leg selected at each DC. The system can be represented as a graph,

with origins, destinations and DCs as vertices. If there is at least one transport

provider offering a service between two locations, then these vertices are joined

by an edge. The entities of the Physical Internet and the conceptual idea is de-

picted in Figure 5.1.

Figure 5.1: Physical Internet Graph

5.2.1 Distribution Center System Design Overview

We present a high-level overview of a Physical Internet distribution center, out-

lining the internal processing logic through a conceptual simulator. The system,

in this context, refers to a single distribution center (hub) within the broader

PI network. A packet refers to a physical shipment unit such as a modular con-

tainer or parcel that moves through the PI infrastructure. These packets act as
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the primary input.

Upon arrival at the DC, each packet is first processed in the Entry Zone, where

its initial status is assessed. Depending on available resources and policies,

a packet may be dropped at this stage. Approved packets proceed either to

Storage, where they await further instructions, or directly to the Load Prepara-

tion area for bundling and transfer. Packets rejected due to insufficient storage

capacity are classified as dropped packets. During performance evaluations,

penalties associated with all dropped packets are explicitly accounted for. The

abstract form of the PI DC is shown in Figure 5.2.

Figure 5.2: Conceptual diagram for DC

5.2.2 Distribution center modeling

The aim of the Distribution Centre is to find the best transportation services

for the set of packets it receives over a time period. It is a sequential decision

problem, with some decisions being required before all packets are known, and

before the results of some previous decisions are known. We assume discrete

time steps. The simulation progresses through these time steps in an event-

driven manner. This means the clock jumps to the next moment an event is

scheduled to occur—whether it is the arrival of a new packet, the scheduled

departure of a service provider, or a packet’s deadline expiring. Consequently,

the interval between time steps is variable, and many can happen in one day.

Time-steps within the system are defined as discrete intervals corresponding

to any moment at which a new event occurs. At each step, the DC will re-

ceive some packets, and must make a decision on all packets that it receives

in that time-step and on all packets previously received but not yet dispatched

or dropped. The DC knows the schedule of service providers for the next few

days. Each packet is characterized by an id, an ultimate destination, a budget

for transportation, its weight, its arrival time at the DC, a deadline for delivery,
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and penalties to be incurred when a packet exceeds its due date or is not deliv-

ered. Each service provider is characterized the destinations it offers, a price it

charges per kg for each destination, an expected delivery time per destination,

a departure time, and the number of packets it can accept.

After a packet arrives and is placed into storage, the system, at time-steps,

may allocate specific packets to particular service providers. These allocations

remain provisional and may be adjusted across multiple time-steps until the

departure of a service provider, at which point assignment decisions become

final and the packets are loaded onto the designated provider. This allocation

of packets to service providers is referred to as "matching" in the context of this

process. The capacity of service providers and storage services will be updated

after each round of matching. The decision system gains profit based on the dif-

ference between the budget of the packet and the service provider charge, and

is penalized for dropped or late packets. Following dispatch, the final reward

is determined by the delivery outcome. If the service provider delivers a packet

by its deadline, the system earns a profit. However, if the packet is delivered

after the deadline, a late-delivery penalty is applied. A penalty is incurred for

packets that are never delivered. Section 5.2.5 presents the formulae for calcu-

lating profit, penalty, and system performance.

Each packet and service provider is defined by a set of key attributes that must

be specified within the simulation environment. To model a diverse set of in-

dividual packets and service providers, appropriate values must be assigned to

these parameters. In some cases, attributes such as size, destination, dead-

line, budget, late delivery penalty, and non-delivery penalty are not set to fixed

values but are instead generated from probability distributions. For these at-

tributes, the distribution’s mean and standard deviation need to be specified in

advance, allowing values to be sampled accordingly during simulation. A sum-

mary of the key parameters are shown in Table 5.1.
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Table 5.1: Important simulator parameters

Parameter Description

num packets Number of packets in the which are

arrived in the simulation period.

num sp Number of service providers.

num days Number of days of the period.

num departures sp Number of departures for every service

provider in the simulation period.

num destination Total number of destinations.

mean packet weight Mean parameter of weight for packets.

stddev packet weight Standard deviation of weight for packets.

mean packet budget Mean parameter of budget for packets.

stddev packet budget Standard deviation of budget for packets.

mean packet penalty Mean parameter of penalty.

stddev packet penalty Standard deviation of penalty.

mean packet time to Mean parameter of time to

deadline deadline from arrival time.

stddev packet time to Standard deviation of time to

deadline deadline from arrival time.

mean service provider Mean parameter of

price per kg price per KG of service provider.

stddev service provider Standard deviation of price

price per kg per KG of service provider.

mean service provider Mean parameter of delivery

time service provider delivery time.

stddev service provider Standard deviation of service provider

delivery time delivery time.

mean service provider Mean parameter of service provider

capacity capacity.

stddev service provider Standard deviation of service provider

capacity capacity.

storage capacity The value for the storage capacity.

window time Number of following days which

the providers schedule of service

are known for the system.
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5.2.3 Understanding Incoming Packet Parameters in Simula-

tor Settings

The total number of packets in the simulation is defined by a parameter named

num_packets. These packets must be distributed across the number of days for

which the distribution center is simulated. Accordingly, the system determines

the number of packets arriving on the first day, second day, and so forth until

the final day of the simulation. The distribution of packets is governed by the

parameter packet_rate, which specifies the type of distribution applied.

To determine the number of packets allocated per day, five different distribution

methods may be employed, as outlined below.

• Uniform: The number of packets per day will be uniform.

• Decreasing: The number of packets per day will decrease in a simulation

period.

• Increasing: The number of packets per day will increase in the simulation

period.

• Normal: The number of packets per day will have a normal distribution.

• Inverse normal: The number of packets per day will have an inverse nor-

mal distribution.

• Fluctuation: The pattern for the number of packets in this option will

be selected based on a random variable. When data are generated for a

single simulation period and this particular option is activated, the sys-

tem selects one distribution from among increasing, decreasing, normal,

or uniform distributions based on the specified random variable. Conse-

quently, the system might randomly adopt a normal distribution in one ex-

ecution, while potentially selecting a different distribution in subsequent

executions.

Each distribution type used in the simulation is guided by a set of parameters

that determine how packets are allocated over time. For the increasing distri-

bution, two main parameters are involved: one sets the minimum number of

packets assigned to each day, and the other controls the geometric distribution

used to add extra packets. This process leads to a gradually increasing pattern,

where later days receive more packets than earlier ones. A similar method is

applied to other distribution types as well, with each relying on relevant pa-
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rameters to shape the allocation according to the expected behavior of that dis-

tribution. Figure 5.3 illustrates an example featuring five distinct distributions

spanning 10 days, comprising a cumulative total of 500 packets. Any visual

unevenness in the uniform and normal distributions is due to natural sampling

variation and the specific y-axis scales, which exaggerate minor fluctuations.

Despite this, the underlying distribution parameters are correct.

Figure 5.3: Five different distributions over 10 days, with a total of 500 packets.

The flow diagram from the packet’s perspective is depicted in Figure 5.4. In the

proposed system, if a packet cannot be matched with any currently available

service providers, the system conducts a forward-looking assessment. Specifi-

cally, it evaluates whether the packet’s deadline would expire prior to the ar-

rival of the subsequent batch of service providers. If yes, retaining the packet

becomes ineffective. Consequently, the system proactively drops such packets,

thereby freeing storage resources and categorizing them among the dropped

packets.
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To allocate packets to appropriate service providers efficiently, we introduce a

matching mechanism based on predefined hyperparameters and preferences.

5.2.4 Matching Algorithm

Algorithm 8 Matching Algorithm

1: Given: A list of packets within their delivery deadline, a list of service

providers with available capacity, and matching rules.

2: Sort the list of packets by priority based on the matching rules.

3: Sort the list of service providers by preference based on the matching rules.

4: Create an empty list for unmatched packets.

5: for each packet in the sorted list do

6: Identify an appropriate service provider based on matching rules and

packet features.

7: if a matching service provider is found then

8: Assign the packet to that service provider.

9: Reduce the available capacity of the service provider.

10: if the service provider has no more capacity then

11: Remove the service provider from the list for the next packets.

12: end if

13: else

14: Add the packet to the list of unmatched packets.

15: end if

16: end for

17: for each packet in the list of unmatched packets do

18: if the packet will expire before new service providers arrive then

19: Drop the packet and apply a penalty.

20: else

21: Keep the packet in storage for the next matching opportunity.

22: end if

23: end for

The simulator allows for any matching algorithm to be deployed. We provide

a parametrised matching system, which separately prioritizes packets and ser-

vice providers based on specified parameters. It then iterates by selecting the

highest priority packet, and allocating it to the highest priority service provider,
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until all known service providers are full. As specified in the algorithm 8, for

each packet, the system evaluates service provider availability based on capac-

ity and other predefined criteria. Any packets for which the earliest possible

delivery would incur a lateness penalty greater than the non-delivery penalty is

discarded, and the non-delivery penalty incurred. We provide packet ordering

priorities of highest budget, highest penalty, and closest deadline, and service

priorities of earliest dispatch, lowest cost, earliest delivery and highest remain-

ing capacity.

5.2.5 Performance Evaluation Under Uncertainty Scenarios

Within the simulator, numerous events occur, such as the arrival of packets,

their loading into storage, and the departure of service providers. These events

take place within the simulation time configured in the settings. The entire

duration of a single simulation execution, from its start to its end, is defined

as an episode. It is assumed that the aim of the DC is to maximise its profit

minus its penalties over the lifetime of a simulation episode. An episode is one

complete run of the simulation, which concludes after a predefined number of

time-steps. At the end of each episode, three scenarios define packet delivery

outcomes:

• On-time delivery: All packets are successfully delivered after being as-

signed to service providers.

• Random delay: In this scenario, 10% of packets are randomly selected

and considered late, regardless of the service provider they are assigned

to.

• Unreliable service provider: Here, 10% of service providers experience

delays. Any delivery handled by one of these service providers will be

delayed, affecting every packet included in that delivery. If packets expire

before these delayed service providers can deliver them, a late penalty is

incurred. However, if the packets are still within their expiration time,

they are considered successfully delivered. The status of the packets is

evaluated during the performance assessment of each episode.

It should be noted that the penalty applied to late or dropped packets is nei-

ther a global constant nor a linear function. Instead, each packet is assigned

an individual penalty value upon generation, which is drawn from a predefined

probability distribution specified within the simulator’s configuration parame-
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ters. At the end of each episode, the simulator computes the profit and penalty

for each packet that arrived into the DC. Some packets will remain in the DC,

without having been dispatched, but without their deadline expiring. For those

packets, a percentage of profit or penalty will be applied based on the number

of days to their expiry time. The performance in Scenario 1 is calculated as

follows:

Performance = Profit(sent)− Penalty(dropped)− value(remaining)
Profit = ∑m

i=1[budget(p(i))− (weight(p(i))× Cost(sp))]
Penalty = ∑m

i=1 [penalty(p(i))]

In Scenarios 2 and 3, a penalty for late packets is applied, and the performance

is calculated as:

Performance = Profit(sent) − Penalty(dropped) − Penalty(late) −
value(remaining)
Profit = ∑m

i=1[budget(p(i))− (weight(p(i))× Cost(sp))]
Penalty = ∑m

i=1 [penalty(p(i))]

5.3 Reinforcement Learning Environment

OpenAI Gym [BCP+16] is a widely-used framework designed to facilitate the

implementation and reproducibility of reinforcement learning environments.

After the final departure, the system will return the performance of the simula-

tion for that period. The fundamental definitions of these sets are as follows:

5.3.1 State Space

Reinforcement Learning assumes that an agent operating within a dynamic sys-

tem transitions through a sequence of states, where each action taken influences

the subsequent state. In Gym-DC, the system state is characterized by two key

parameters: storage capacity value and rate, which are recalculated at each time

step.

State Representation

The storage capacity value represents the current available capacity of the sys-

tem as a fraction of its full capacity. The rate parameter is determined based on

the system’s estimated performance when a greedy policy is applied. At each

time step, the worst-case penalty and the best-case profit under a greedy policy
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are evaluated. To estimate the penalty, the unmatched penalty of all packets

currently stored in the system is summed. For the profit estimation, all avail-

able service providers are examined, and the profit from matching each packet

to the cheapest suitable provider is calculated.

The computation of the rate parameter depends on the relationship between

profit and penalty. If the penalty is greater than or equal to the profit, the rate

is determined by the ratio of profit to penalty, with special consideration for

cases where profit is zero:

rate =

0, if profit = 0
profit

penalty , otherwise
(5.1)

Conversely, if the profit exceeds the penalty, the rate is calculated by adjusting

the penalty-to-profit ratio, ensuring it accounts for instances where the penalty

is zero:

rate =

1, if penalty = 0
penalty
profit + 1, otherwise

(5.2)

State Update

Once these calculations are completed, the system state is updated and returned

as a tuple consisting of the storage capacity value and the rate:

observation = [storage capacity value, rate] (5.3)

5.3.2 Reward Function

Choosing an appropriate reward function is crucial for the agent to learn an

optimal policy. The approach taken in this thesis is to consider the performance

of each simulation period as a reward. In the Gym-DC reinforcement learn-

ing environment, the agent’s decision-making process is triggered whenever a

service provider departs from the system. At this moment, which constitutes a

single timestep, the agent must match packets to the available service providers.

Although the agent acts at each timestep, it receives an immediate reward of

0. An episode concludes when the total simulation time has elapsed. Only at

the end of the episode is the overall performance calculated and returned to
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5.4 Performance Comparison of Baselines
Across Settings

the agent as a final reward. The value of performance will be mapped to a

float value between 0 and 1000 and will return to the agent at the end of each

episode.

5.3.3 Action Space

The agent determines the matching policy by selecting suitable matching hyper-

parameters for the TOPSIS algorithm, which was explained in the section 2.1.

Specifically, the action involves choosing the weights used in this algorithm. By

configuring these hyperparameters, it is possible to define the ranking priorities

for sorting packets and setting matching criteria. For example, if the hyperpa-

rameter assigned to packet weight is set to 1, packets will be sorted based on

their weights. When multiple packet attributes need to be considered for sort-

ing, the TOPSIS algorithm is used to rank them according to the values of the

respective hyperparameters. The same approach is applied to service providers.

5.4 Performance Comparison of Baselines Across

Settings

Using the Gym-DC action space, various baselines can be defined based on the

different parameters set for the TOPSIS algorithm, as detailed in Section 5.3.3.

The baseline policies provided in Gym-DC are:

• Greedy: This policy aims to maximize immediate profit at each step. It

does this by first selecting the packets that offer the highest budget (poten-

tial revenue) and then choosing the service provider that has the lowest

transportation cost for the delivery. In this policy, in Algorithm 2, packets

are sorted in decreasing order of budget, while providers are sorted in

increasing order of cost.

• fast_departure: The objective of this policy is to avoid late penalties. To

do so, the parameters should be configured to assign the packets with

earliest deadline with the service providers with earliest departure time.

• The remaining policies each alternate between the fast_departure policy

and the greedy policy based on storage capacity. Greedy is intended for

situations where there is an over-supply of providers, and so incurring

late penalties should be unlikely. fast_departure is intended for restricted

numbers of providers, as waiting for a lower-cost option could risk a late
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5. GYMDC ENVIRONMENT 5.5 Simulation settings

delivery. When the available storage capacity falls below K%, the system

adopts the fast_departure; otherwise, it switches to the greedy policy.

We use the following names for four different values of K:

• Optimistic: K = 20% (i.e. will continue to priorities cheapest cost until

free storage drops below 20% of total capacity)

• Stable: K = 40%

• Cautious: K = 60%

• Conservative: K = 80% (i.e. will switch to faster departure as soon as

storage is over 20% occupied)

5.5 Simulation settings

The settings 1 to 5 used in the GymDC simulator are listed in table 5.2.

In the first setting, both the service provider capacity and cost are high. Since

the incoming packet rate follows a consistent, normal distribution and packets

have long deadlines, the risk of incurring late penalties is low. Consequently, the

Greedy baseline is expected to perform well. In the second setting, the service

provider capacity and cost are set to lower values. This reduction in available

capacity increases the risk of late penalties. As a result, the Fast_departure

and Conservative baselines are expected to have better performance. The third

setting introduces even greater pressure by combining low provider capacity

and cost with short packet deadlines. This configuration makes the risk of late

penalties very high. Therefore, the Fast_departure baseline is expected to yield

the best results. While the first three settings use a normal distribution for

incoming packets, settings 4 and 5 introduce a fluctuating packet rate. This

variability creates a much more dynamic and unpredictable environment and

it is expected that no single baseline will consistently outperform the others.

Instead, the top performance will likely be distributed among all the different

baselines.
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Table 5.2: Comparison of Parameters across Different settings

Parameter Setting 1 Setting 2 Setting 3 Setting 4 Setting 5
num_packets 500 500 500 500 500
num_sp 5 5 5 5 5
num_days 10 10 10 10 10
num_departures_sp 20 20 20 20 20
num_destination 5 5 5 5 5
mean_packet_weight 10 10 10 15 15
stddev_packet_weight 2 2 2 2 2
mean_packet_budget 30 30 30 15 15
stddev_packet_budget 3 3 3 2 2
mean_packet_penalty_late 6 6 6 6 6
stddev_packet_penalty_late 2 2 2 2 2
mean_packet_penalty_unmatched 100 100 100 80 80
stddev_packet_penalty_unmatched 1 1 1 1 1
mean_packet_time_to_deadline 10 10 5 4 4
stddev_packet_time_to_deadline 3 3 3 3 3
mean_service_provider_price_per_kg 40 20 20 16 16
stddev_service_provider_price_per_kg 2 2 2 2 2
mean_service_provider_delivery_time 5 5 5 2 4
stddev_service_provider_delivery_time 2 2 2 1 1
mean_service_provider_capacity 2000 100 100 50 100
stddev_service_provider_capacity 15 15 15 15 15
mean_storage_capacity 3000 6000 10000 1300 1000
stddev_storage_capacity 50 50 50 100 100
loading_to_storage_time 2 2 2 2 2
window_time_for_service_providers 7 7 7 7 7
packet_rate Normal Normal Normal fluctuation fluctuation
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5. GYMDC ENVIRONMENT

5.6 Performance Analysis for Simulation
Settings in different scenarios

5.6 Performance Analysis for Simulation Settings

in different scenarios

This section presents a performance analysis for Simulation Settings 1 to 5 un-

der three distinct scenarios: "On-time Delivery", "Random Delay", and "Unre-

liable Service Provider". To facilitate a clearer comparison of results across

different heuristics, we evaluated the performance using 5000 different seeds

for the random generator in the simulator. To improve readability and compa-

rability, we applied a moving average technique with a window size of 20. By

grouping the data this way, the 5000 seeds are reduced to 250 points on the

plot. This method smooths the performance data by averaging values over the

specified window size. To generate the plots, these 250 points are sorted based

on the baseline with the highest average value. This sorting causes the curve

for that specific baseline to increase smoothly, which was a deliberate choice to

make the overall trends easier to see. Additionally, the plots show fluctuations

that are not visible in the summary tables. They illustrate that even if a baseline

has the highest overall average, other baselines can still have higher values in

specific ranges.

For each setting and scenario, we include two tables and one plot. The first ta-

ble reports the pairwise relative performance of different baselines across 5000

simulation runs for a given setting and scenario. Each cell [i][j] represents the

ratio of the mean performance value from 5000 simulation runs following base-

line i to that of baseline j. The second table presents the number of seeds for

which the row baseline strictly outperforms the column baseline. This table is

shown specifically for Setting 1 under the "On-time Delivery" scenario. Cells

represent the number of seeds with higher values for the row baseline. Follow-

ing the two tables, we provide a plot that visually compares the performance of

the baselines. Appendix A presents a table for each setting within each scenario.

It displays the Selective Performance Comparison Matrix, where each cell [i][j]

represents the ratio of the mean performance value in cases where baseline i

outperforms baseline j across 5000 simulation runs. This approach highlights

instances where strategy i demonstrates superior performance over strategy j at

corresponding indices.

In Appendix 8.1, another table for each setting displays the Selective Perfor-

mance Comparison Matrix, where each cell [i][j] represents the ratio of the

mean performance value in cases where baseline i outperforms baseline j across
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5.6 Performance Analysis for Simulation
Settings in different scenarios

5000 simulation runs. This approach highlights instances where strategy i

demonstrates superior performance over strategy j at corresponding indices.

The caption of each table specifies the simulation setting and scenario. While

all tables and plots provide information to compare the baselines with each

other, the main discussion and analysis of these results are presented in Section

5.7.
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5.6 Performance Analysis for Simulation
Settings in different scenarios

Performance Analysis for Simulation Setting 1 in On-time de-

livery

Table 5.3: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 1, On-time delivery.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 100.00 92.43 78.83 67.09 62.71 61.77
Conservative 100.00 85.28 72.59 67.85 66.82
Cautious 100.00 85.12 79.56 78.36
Stable 100.00 93.47 92.06
Optimistic 100.00 98.49
Greedy 100.00

Table 5.4: Table of seed counts where the row baseline strictly outperforms the
column baseline for Setting 1 in On-time delivery.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 0 35 9 0 0 0
Conservative 4620 0 93 2 0 0
Cautious 4690 4593 0 42 4 0
Stable 4740 4739 4647 0 38 0
Optimistic 4806 4806 4749 3229 0 0
Greedy 4827 4827 4775 3292 691 0

Figure 5.5: Plotting performance of different baselines for Setting 1 in On-time
delivery window size = 20
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5.6 Performance Analysis for Simulation
Settings in different scenarios

Performance Analysis for Simulation Setting 2 in On-time de-

livery

Table 5.5: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 2, On-time delivery.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 100.00 97.56 99.61 99.83 99.83 99.83
Conservative 100.00 102.10 102.33 102.33 102.33
Cautious 100.00 100.23 100.23 100.23
Stable 100.00 100.00 100.00
Optimistic 100.00 100.00
Greedy 100.00

Table 5.6: Table of seed counts where the row baseline strictly outperforms the
column baseline for Setting 2 in On-time delivery.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 0 100 2116 2297 2297 2297
Conservative 4900 0 4681 4754 4754 4754
Cautious 2884 296 0 1107 1107 1107
Stable 2703 223 176 0 0 0
Optimistic 2703 223 176 0 0 0
Greedy 2703 223 176 0 0 0

Figure 5.6: Plotting performance of different baselines for Setting 2 in On-time
delivery window size = 20
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5.6 Performance Analysis for Simulation
Settings in different scenarios

Performance Analysis for Simulation Setting 3 in On-time de-

livery

Table 5.7: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 3, On-time delivery.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 100.00 107.66 107.66 107.66 107.66 107.66
Conservative 100.00 100.00 100.00 100.00 100.00
Cautious 100.00 100.00 100.00 100.00
Stable 100.00 100.00 100.00
Optimistic 100.00 100.00
Greedy 100.00

Table 5.8: Table of seed counts where the row baseline strictly outperforms the
column baseline for Setting 3 in On-time delivery.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 0 4872 4872 4872 4872 4872
Conservative 128 0 5 5 5 5
Cautious 128 2 0 0 0 0
Stable 128 2 0 0 0 0
Optimistic 128 2 0 0 0 0
Greedy 128 2 0 0 0 0

Figure 5.7: Plotting performance of different baselines for Setting 3 in On-time
delivery window size = 20
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5.6 Performance Analysis for Simulation
Settings in different scenarios

Performance Analysis for Simulation Setting 4 in On-time de-

livery

Table 5.9: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 4, On-time delivery.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 100.00 100.41 101.95 103.08 101.72 98.71
Conservative 100.00 101.53 102.66 101.31 98.31
Cautious 100.00 101.11 99.78 96.82
Stable 100.00 98.68 95.76
Optimistic 100.00 97.04
Greedy 100.00

Table 5.10: Table of seed counts where the row baseline strictly outperforms
the column baseline for Setting 4 in On-time delivery.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 0 2940 4238 4258 3296 1849
Conservative 1439 0 4120 4190 3160 1701
Cautious 736 813 0 3441 2322 1106
Stable 742 810 1558 0 1469 656
Optimistic 1704 1840 2678 3530 0 724
Greedy 3151 3299 3894 4344 4215 0

Figure 5.8: Plotting performance of different baselines for Setting 4 in On-time
delivery window size = 20
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5.6 Performance Analysis for Simulation
Settings in different scenarios

Performance Analysis for Simulation Setting 5 in On-time de-

livery

Table 5.11: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 5, On-time delivery.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 100.00 98.03 94.01 92.31 92.06 92.69
Conservative 100.00 95.90 94.17 93.91 94.56
Cautious 100.00 98.19 97.93 98.60
Stable 100.00 99.73 100.42
Optimistic 100.00 100.69
Greedy 100.00

Table 5.12: Table of seed counts where the row baseline strictly outperforms
the column baseline for Setting 5 in On-time delivery.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 0 257 93 152 317 573
Conservative 4728 0 242 335 546 848
Cautious 4907 4758 0 1090 1352 1712
Stable 4848 4665 3909 0 2160 2529
Optimistic 4683 4454 3646 2793 0 2568
Greedy 4427 4152 3288 2432 1752 0

Figure 5.9: Plotting performance of different baselines for Setting 5 in On-time
delivery window size = 20
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5.6 Performance Analysis for Simulation
Settings in different scenarios

Performance Analysis for Simulation Setting 1 in Random de-

lay

Table 5.13: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 1, Random delay.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 100.00 94.81 84.76 75.29 71.50 70.65
Conservative 100.00 89.40 79.41 75.42 74.52
Cautious 100.00 88.83 84.36 83.36
Stable 100.00 94.97 93.84
Optimistic 100.00 98.81
Greedy 100.00

Table 5.14: Table of seed counts where the row baseline strictly outperforms
the column baseline for Setting 1 in Random delay.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 0 1051 322 56 14 11
Conservative 3811 0 580 102 26 16
Cautious 4548 4291 0 263 60 42
Stable 4834 4787 4612 0 379 303
Optimistic 4906 4894 4844 3304 0 126
Greedy 4930 4925 4882 3401 807 0

Figure 5.10: Plotting performance of different baselines for Setting 1 in Random
delay window size = 20
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5.6 Performance Analysis for Simulation
Settings in different scenarios

Performance Analysis for Simulation Setting 2 in Random de-

lay

Table 5.15: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 2, Random delay.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 100.00 97.66 99.74 99.97 99.97 99.97
Conservative 100.00 102.13 102.37 102.37 102.37
Cautious 100.00 100.23 100.23 100.23
Stable 100.00 100.00 100.00
Optimistic 100.00 100.00
Greedy 100.00

Table 5.16: Table of seed counts where the row baseline strictly outperforms
the column baseline for Setting 2 in Random delay.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 0 342 2227 2414 2414 2414
Conservative 4658 0 4428 4532 4532 4532
Cautious 2773 550 0 952 952 952
Stable 2586 446 331 0 0 0
Optimistic 2586 446 331 0 0 0
Greedy 2586 446 331 0 0 0

Figure 5.11: Plotting performance of different baselines for Setting 2 in Random
delay window size = 20
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5.6 Performance Analysis for Simulation
Settings in different scenarios

Performance Analysis for Simulation Setting 3 in Random de-

lay

Table 5.17: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 3, Random delay.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 100.00 107.96 107.96 107.96 107.96 107.96
Conservative 100.00 100.00 100.00 100.00 100.00
Cautious 100.00 100.00 100.00 100.00
Stable 100.00 100.00 100.00
Optimistic 100.00 100.00
Greedy 100.00

Table 5.18: Table of seed counts where the row baseline strictly outperforms
the column baseline for Setting 3 in Random delay.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 0 4871 4871 4871 4871 4871
Conservative 129 0 5 5 5 5
Cautious 129 2 0 0 0 0
Stable 129 2 0 0 0 0
Optimistic 129 2 0 0 0 0
Greedy 129 2 0 0 0 0

Figure 5.12: Plotting performance of different baselines for Setting 3 in Random
delay window size = 20
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5.6 Performance Analysis for Simulation
Settings in different scenarios

Performance Analysis for Simulation Setting 4 in Random de-

lay

Table 5.19: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 4, Random delay.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 100.00 100.47 102.24 103.81 103.13 100.88
Conservative 100.00 101.76 103.33 102.65 100.41
Cautious 100.00 101.54 100.87 98.67
Stable 100.00 99.35 97.18
Optimistic 100.00 97.82
Greedy 100.00

Table 5.20: Table of seed counts where the row baseline strictly outperforms
the column baseline for Setting 4 in Random delay.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 0 2739 4187 4473 3909 2756
Conservative 1670 0 4001 4358 3780 2549
Cautious 787 936 0 3636 2958 1819
Stable 527 642 1363 0 1977 1087
Optimistic 1091 1220 2042 3022 0 1140
Greedy 2244 2451 3181 3913 3801 0

Figure 5.13: Plotting performance of different baselines for Setting 4 in Random
delay window size = 20
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5.6 Performance Analysis for Simulation
Settings in different scenarios

Performance Analysis for Simulation Setting 5 in Random de-

lay

Table 5.21: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 5, Random delay.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 100.00 98.25 94.85 93.67 93.78 94.64
Conservative 100.00 96.54 95.34 95.46 96.33
Cautious 100.00 98.75 98.87 99.77
Stable 100.00 100.12 101.03
Optimistic 100.00 100.91
Greedy 100.00

Table 5.22: Table of seed counts where the row baseline strictly outperforms
the column baseline for Setting 5 in Random delay.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 0 712 219 324 553 908
Conservative 4278 0 505 584 870 1227
Cautious 4781 4493 0 1589 1874 2225
Stable 4676 4415 3409 0 2571 2950
Optimistic 4446 4130 3125 2393 0 2727
Greedy 4092 3773 2773 2017 1599 0

Figure 5.14: Plotting performance of different baselines for Setting 5 in Random
delay window size = 20
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5.6 Performance Analysis for Simulation
Settings in different scenarios

Performance Analysis for Simulation Setting 1 in Unreliable

service provider

Table 5.23: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 1, Unreliable service provider.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 100.00 93.85 81.94 71.12 66.97 66.13
Conservative 100.00 87.31 75.78 71.36 70.47
Cautious 100.00 86.80 81.73 80.71
Stable 100.00 94.16 92.99
Optimistic 100.00 98.76
Greedy 100.00

Table 5.24: Table of seed counts where the row baseline strictly outperforms
the column baseline for Setting 1 in Unreliable service provider.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 0 424 301 177 141 150
Conservative 4281 0 354 157 135 137
Cautious 4446 4377 0 190 129 128
Stable 4597 4617 4527 0 172 135
Optimistic 4689 4695 4645 3084 0 36
Greedy 4697 4710 4664 3142 646 0

Figure 5.15: Plotting performance of different baselines for Setting 1 in Unreli-
able service provider window size = 20

Generative Reward Machines for
Reinforcement Learning in Problems with Poor
Observability

111 Saeid Rezaei



5. GYMDC ENVIRONMENT

5.6 Performance Analysis for Simulation
Settings in different scenarios

Performance Analysis for Simulation Setting 2 in Unreliable

service provider

Table 5.25: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 2, Unreliable service provider.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 100.00 97.57 99.61 99.83 99.83 99.83
Conservative 100.00 102.10 102.32 102.32 102.32
Cautious 100.00 100.22 100.22 100.22
Stable 100.00 100.00 100.00
Optimistic 100.00 100.00
Greedy 100.00

Table 5.26: Table of seed counts where the row baseline strictly outperforms
the column baseline for Setting 2 in Unreliable service provider.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 0 408 2167 2318 2318 2318
Conservative 4592 0 4480 4558 4558 4558
Cautious 2833 496 0 1071 1071 1071
Stable 2681 418 220 0 0 0
Optimistic 2681 418 220 0 0 0
Greedy 2681 418 220 0 0 0

Figure 5.16: Plotting performance of different baselines for Setting 2 in Unreli-
able service provider window size = 20
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5.6 Performance Analysis for Simulation
Settings in different scenarios

Performance Analysis for Simulation Setting 3 in Unreliable

service provider

Table 5.27: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 3, Unreliable service provider.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 100.00 107.69 107.69 107.69 107.69 107.69
Conservative 100.00 100.00 100.00 100.00 100.00
Cautious 100.00 100.00 100.00 100.00
Stable 100.00 100.00 100.00
Optimistic 100.00 100.00
Greedy 100.00

Table 5.28: Table of seed counts where the row baseline strictly outperforms
the column baseline for Setting 3 in Unreliable service provider.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 0 4659 4659 4659 4659 4659
Conservative 340 0 5 5 5 5
Cautious 340 2 0 0 0 0
Stable 340 2 0 0 0 0
Optimistic 340 2 0 0 0 0
Greedy 340 2 0 0 0 0

Figure 5.17: Plotting performance of different baselines for Setting 3 in Unreli-
able service provider window size = 20
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5.6 Performance Analysis for Simulation
Settings in different scenarios

Performance Analysis for Simulation Setting 4 in Unreliable

service provider

Table 5.29: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 4, Unreliable service provider.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 100.00 100.46 102.12 103.49 102.48 99.93
Conservative 100.00 101.66 103.01 102.01 99.47
Cautious 100.00 101.34 100.35 97.85
Stable 100.00 99.03 96.56
Optimistic 100.00 97.51
Greedy 100.00

Table 5.30: Table of seed counts where the row baseline strictly outperforms
the column baseline for Setting 4 in Unreliable service provider.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 0 2978 4320 4364 3608 2330
Conservative 1394 0 4176 4284 3456 2157
Cautious 657 756 0 3599 2648 1543
Stable 636 716 1400 0 1721 960
Optimistic 1392 1544 2351 3278 0 976
Greedy 2670 2843 3457 4040 3951 0

Figure 5.18: Plotting performance of different baselines for Setting 4 in Unreli-
able service provider window size = 20
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5.6 Performance Analysis for Simulation
Settings in different scenarios

Performance Analysis for Simulation Setting 5 in Unreliable

service provider

Table 5.31: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 5, Unreliable service provider.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 100.00 98.16 94.58 93.14 93.12 93.91
Conservative 100.00 96.35 94.88 94.87 95.67
Cautious 100.00 98.47 98.46 99.29
Stable 100.00 99.98 100.83
Optimistic 100.00 100.85
Greedy 100.00

Table 5.32: Table of seed counts where the row baseline strictly outperforms
the column baseline for Setting 5 in Unreliable service provider.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 0 382 215 351 574 869
Conservative 4603 0 404 577 841 1175
Cautious 4785 4595 0 1358 1665 2033
Stable 4649 4423 3639 0 2418 2771
Optimistic 4426 4159 3333 2540 0 2739
Greedy 4131 3824 2967 2187 1573 0

Figure 5.19: Plotting performance of different baselines for Setting 5 in Unreli-
able service provider window size = 20
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5.7 Discussion

This section analyzed the performance of six baseline heuristics—Fast-

departure, Conservative, Cautious, Stable, Optimistic, and Greedy—across five

distinct simulation settings and three delivery scenarios. A clear distinction

in performance emerges when comparing settings which their packet arrival

rate is "Normal Distribution" (Settings 1, 2, and 3) against those which their

packet arrival rate is "fluctuation" (Settings 4 and 5). In Setting 1, the Greedy

and Optimistic strategies achieved the highest performance. Their success can

be attributed to their inherent design to maximize immediate opportunities, a

strategy that thrives when the flow of tasks is predictable. Similarly, the Con-

servative baseline was the top performer in Setting 2, indicating that in envi-

ronments with specific constraints, a more cautious resource allocation strat-

egy yields the best results. In Setting 3, the Fast-departure baseline outper-

formed others, suggesting that prioritizing rapid processing is most effective

under those particular stable conditions. In each of these settings, the leading

baseline achieved the highest performance in over 90% of the simulation seeds.

Conversely, in Settings 4 and 5, no single baseline consistently outperformed

the others. The performance metrics were split among the different heuristics,

with various baselines achieving the highest scores across different simulation

runs. The fluctuation of incoming packet rates create a complex and dynamic

decision-making landscape where the optimal action changes frequently. As a

result, a single heuristic is unable to adapt effectively to the shifting demands,

leading to a distributed and less predictable performance outcome across the

board. The distribution of top-performing baselines is clearly summarized in

Table 5.33, which shows the frequency with which each baseline achieved the

maximum performance value out of 5000 runs. For the "On-time delivery" sce-

nario, in Setting 1, the Optimistic (4309 times) and Greedy (5000 times, of-

ten jointly with Optimistic) baselines dominate. In Setting 2, the Conservative

baseline is the clear winner, achieving the top score 4604 times. In Setting 3,

Fast-departure achieves the maximum performance in 4872 runs. However, for

Settings 4 and 5, the counts are spread more evenly. For instance, in Setting 4,

Greedy (2885), Fast-departure (1395), and Conservative (594) all frequently

achieve the highest score.
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Table 5.33: Frequency of Baselines Achieving Maximum Performance. The table displays the number of times each baseline
achieved the highest performance value out of 5000 runs for each scenario and setting. Note that multiple baselines can simulta-
neously achieve the maximum performance in a single run.

Scenario and Setting Fast_departure Greedy Optimistic Stable Cautious Conservative
On-time delivery

Setting 1 173 5000 4309 1708 225 173
Setting 2 98 183 183 183 291 4604
Setting 3 4872 128 128 128 128 128
Setting 4 1395 2885 253 45 90 594
Setting 5 12 1636 1515 1367 714 118

Random delay
Setting 1 66 4529 3855 1564 110 70
Setting 2 322 379 379 379 500 4127
Setting 3 4871 129 129 129 129 129
Setting 4 1844 1902 235 72 220 1069
Setting 5 36 1219 1356 1509 962 219

Unreliable service provider
Setting 1 229 4738 4137 1759 244 187
Setting 2 398 330 330 330 457 4121
Setting 3 4660 341 341 341 341 341
Setting 4 1729 2433 236 53 119 724
Setting 5 58 1391 1424 1404 855 218
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5. GYMDC ENVIRONMENT 5.8 Deep Reinforcement Learning on Gym-DC

5.8 Deep Reinforcement Learning on Gym-DC

A Reinforcement Learning RL algorithm is used to perform training. After train-

ing, the result is a policy, which the RL agent then uses to select actions within

its environment. In Section 5.9, the results of the RL agent for the five settings

detailed in table 5.2, evaluated across all three defined scenarios: "On-time

delivery," "Random delay," and "Unreliable service provider". The details of the

algorithms used to train the RL agent are listed in this chapter. In Section 5.8.1,

the performance of an RL agent in the Cart-Pole Swing-Up environment is exa-

mined across various complexity levels to demonstrate how agent performance

varies with complexity from as mentioned in [DALM+21]. Following this, the

results for the Gym-DC environment are provided in Section 5.9. A discussion

of these results is then presented in Section 5.10.

5.8.1 Scaling the Challenge: Agent Performance from easy to

hard

The authors of [DALM+21] provided distinct settings for multiple complexity

levels for several RL problems, including the Cart-Pole Swing-Up environment.

A detailed description of the Swing-Up environment can be found in Appendix

8.5. The specific configurations for the easy, medium and hard levels of this

problem are detailed in table 2.3.

5.8.2 Reinforcement Learning Agent Configuration

The RL agent was configured and trained based on the provided script and

Specifications which are listed in table 5.34. The agent utilizes the Deep Deter-

ministic Policy Gradient (DDPG) algorithm from the Stable-Baselines3 library

[hb21].

5.8.3 Results

Two RL agents were trained using the algorithm described in table 5.34: one in

an easy setting environment and another in a hard setting environment.

The performance of each agent was then evaluated over 1000 episodes within

its respective training environment. The average rewards achieved in both sce-

narios are presented in table 5.35.
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5. GYMDC ENVIRONMENT

5.9 Performance Analysis for Simulation
Settings in different scenarios

Table 5.34: RL Agent Specifications

Component / Hyperparameter Value / Description

Algorithm & Framework
RL Framework Stable-Baselines3
Algorithm DDPG
Policy Network MlpPolicy
Total Training Timesteps 20,000,000
Action Noise Gaussian (‘NormalActionNoise‘)
Noise Standard Deviation (σ) 0.1

Software Versions (Assumed based on typical environment)
Python 3.8.18
PyTorch 1.12.1+cu113
Stable-Baselines3 1.8.0
OpenAI Gym 0.21.0
NumPy 1.24.4

Table 5.35: Average 1000-Episode Reward Across Different Complexity Levels.

Level of Complexity Average 1000-Episode Reward

Easy 189.643
Hard 82.703

The results indicate a significant decrease in performance for the hard setting,

with its average reward of 83 being 56.3% lower than the reward from the

easy setting. In the next sections, the performance of the RL agents in Gym-DC

environment will be evaluated under the settings detailed in Chapter 5. This

analysis will demonstrate the performance differences across various levels of

complexity, similar to the approach used for the Cart-Pole Swing-Up environ-

ment in table 5.35.

5.9 Performance Analysis for Simulation Settings

in different scenarios

This section presents a performance analysis for Simulation Settings 1 to 5 un-

der three distinct scenarios: "On-time Delivery", "Random Delay", and "Unreli-

able Service Provider". The RL agent was trained using the algorithm detailed

in table 5.36, which also lists its hyperparameters. The RL agent was imple-

mented using the Stable-Baselines3 v1.8.0 library, which is built upon PyTorch

v1.12.1 [hb21].
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5. GYMDC ENVIRONMENT

5.9 Performance Analysis for Simulation
Settings in different scenarios

Table 5.36: RL Agent and Environment Specifications

Component / Hyperparameter Value / Description

Algorithm & Framework
RL Framework Stable-Baselines3
Algorithm DDPG
Policy Network MlpPolicy
Total Timesteps 200,010
Action Noise NormalActionNoise
Noise Standard Deviation (σ) 0.1

Software Versions
Python 3.8.18
PyTorch 1.12.1+cu113
Stable-Baselines3 1.8.0
OpenAI Gym 0.21.0
NumPy 1.24.4

The experiments were conducted on a Dell PowerEdge C4130 server. A

detailed summary of the server’s hardware specifications is presented in Ta-

ble 5.37.
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Table 5.37: Server Hardware Specifications

Component Specification
Server Model Dell PowerEdge C4130

CPU
Model 2 x Intel(R) Xeon(R) E5-2630 v4 @ 2.20GHz
Architecture x86_64
Cores/Threads 20 Cores / 40 Threads (Total)
L1 Cache 640 KiB per CPU
L2 Cache 2.5 MiB per CPU
L3 Cache 25 MiB per CPU

GPU
Model 8 x NVIDIA Tesla K80
GPU Memory (VRAM) 12 GB per GPU (Total 96 GB)
NVIDIA Driver 470.256.02
CUDA Version 11.4

Memory & Storage
System Memory (RAM) 128 GiB DDR4 @ 2133 MHz
Storage 2 x 800 GB Intel SSD
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5. GYMDC ENVIRONMENT

5.9 Performance Analysis for Simulation
Settings in different scenarios

To facilitate a clearer comparison of results across different heuristics and RL

agent, we evaluated the performance using 5000 different seeds for the ran-

dom generator in the simulator. To improve readability and comparability, we

applied a moving average technique with a window size of 20. This method

smooths the performance data by averaging values over the specified window

size, producing a clearer visual comparison of the results. For each setting and

scenario, we include two tables and one plot. The first table reports the pair-

wise relative performance of different baselines across 5000 simulation runs for

a given setting and scenario. Each cell [i][j] represents the ratio of the mean

performance value from 5000 simulation runs following baseline i to that of

baseline j. The second table presents the number of seeds for which the row

baseline strictly outperforms the column baseline. This table is shown specif-

ically for Setting 1 under the "On-time Delivery" scenario. Cells represent the

number of seeds with higher values for the row baseline.. Following the two

tables, we provide a plot that visually compares the performance of the base-

lines. In Appendix 8.2, another table for each setting displays the Selective

Performance Comparison Matrix, where each cell [i][j] represents the ratio of

the mean performance value in cases where baseline i outperforms baseline j

across 5000 simulation runs. This approach highlights instances where strategy

i demonstrates superior performance over strategy j at corresponding indices.

The caption of each table specifies the simulation setting and scenario.

While all tables and plots provide information to compare the baselines with

each other, the main discussion and analysis of these results are presented in

Section 5.10.
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5. GYMDC ENVIRONMENT

5.9 Performance Analysis for Simulation
Settings in different scenarios

Performance Analysis for Simulation Setting1 in On-time

delivery

Table 5.38: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting1, On-time delivery. Each cell [i][j] represents
the ratio of the mean performance value from 5000 simulation runs following
baseline i to that of baseline j.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL
Fast_departure 100.00 92.43 78.83 67.09 62.71 61.77 61.77
Conservative 100.00 85.28 72.59 67.85 66.82 66.82
Cautious 100.00 85.12 79.56 78.36 78.36
Stable 100.00 93.47 92.06 92.06
Optimistic 100.00 98.49 98.49
Greedy 100.00 100.00
RL 100.00

Table 5.39: Table of seed counts where the row baseline strictly outperforms the
column baseline for Setting1 in On-time delivery. Cells represent the number of
seeds with higher values for the row baseline.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL
Fast_departure 0 35 9 0 0 0 0
Conservative 4620 0 93 2 0 0 0
Cautious 4690 4593 0 42 4 0 0
Stable 4740 4739 4647 0 38 0 0
Optimistic 4806 4806 4749 3229 0 0 0
Greedy 4827 4827 4775 3292 691 0 0
RL 4827 4827 4775 3292 691 0 0

Figure 5.20: Plotting performance of different baselines for Setting1 in On-time
delivery window size = 20
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5. GYMDC ENVIRONMENT

5.9 Performance Analysis for Simulation
Settings in different scenarios

Performance Analysis for Simulation Setting1 in Random

delay

Table 5.40: Table of pairwise relative performance of the different baselines
for 5000 simulation runs, Setting1, Random delay. Each cell [i][j] represents
the ratio of the mean performance value from 5000 simulation runs following
baseline i to that of baseline j.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL
Fast_departure 100.00 94.81 84.76 75.29 71.50 70.65 70.65
Conservative 100.00 89.40 79.41 75.42 74.52 74.52
Cautious 100.00 88.83 84.36 83.36 83.36
Stable 100.00 94.97 93.84 93.84
Optimistic 100.00 98.81 98.81
Greedy 100.00 100.00
RL 100.00

Table 5.41: Table of seed counts where the row baseline strictly outperforms
the column baseline for Setting1 in Random delay. Cells represent the number
of seeds with higher values for the row baseline.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL
Fast_departure 0 1051 322 56 14 11 11
Conservative 3811 0 580 102 26 16 16
Cautious 4548 4291 0 263 60 42 42
Stable 4834 4787 4612 0 379 303 303
Optimistic 4906 4894 4844 3304 0 126 126
Greedy 4930 4925 4882 3401 807 0 0
RL 4930 4925 4882 3401 807 0 0

Figure 5.21: Plotting performance of different baselines for Setting1 in Random
delay window size = 20
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5. GYMDC ENVIRONMENT

5.9 Performance Analysis for Simulation
Settings in different scenarios

Performance Analysis for Simulation Setting1 in Unreliable

service provider

Table 5.42: Table of pairwise relative performance of the different baselines
for 5000 simulation runs, Setting1, Unreliable service provider. Each cell [i][j]
represents the ratio of the mean performance value from 5000 simulation runs
following baseline i to that of baseline j.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL
Fast_departure 100.00 93.85 81.94 71.12 66.97 66.13 66.13
Conservative 100.00 87.31 75.78 71.36 70.47 70.47
Cautious 100.00 86.80 81.73 80.71 80.71
Stable 100.00 94.16 92.99 92.99
Optimistic 100.00 98.76 98.76
Greedy 100.00 100.00
RL 100.00

Table 5.43: Table of seed counts where the row baseline strictly outperforms
the column baseline for Setting1 in Unreliable service provider. Cells represent
the number of seeds with higher values for the row baseline.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL
Fast_departure 0 424 301 177 141 150 150
Conservative 4281 0 354 157 135 137 137
Cautious 4446 4377 0 190 129 128 128
Stable 4597 4617 4527 0 172 135 135
Optimistic 4689 4695 4645 3084 0 36 36
Greedy 4697 4710 4664 3142 646 0 0
RL 4697 4710 4664 3142 646 0 0

Figure 5.22: Plotting performance of different baselines for Setting1 in Unreli-
able service provider window size = 20
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5.9 Performance Analysis for Simulation
Settings in different scenarios

Performance Analysis for Simulation Setting2 in On-time

delivery

Table 5.44: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting2, On-time delivery. Each cell [i][j] represents
the ratio of the mean performance value from 5000 simulation runs following
baseline i to that of baseline j.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL
Fast_departure 100.00 97.56 99.61 99.83 99.83 99.83 97.04
Conservative 100.00 102.10 102.33 102.33 102.33 99.47
Cautious 100.00 100.23 100.23 100.23 97.42
Stable 100.00 100.00 100.00 97.20
Optimistic 100.00 100.00 97.20
Greedy 100.00 97.20
RL 100.00

Table 5.45: Table of seed counts where the row baseline strictly outperforms the
column baseline for Setting2 in On-time delivery. Cells represent the number of
seeds with higher values for the row baseline.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL
Fast_departure 0 100 2116 2297 2297 2297 50
Conservative 4900 0 4681 4754 4754 4754 1175
Cautious 2884 296 0 1107 1107 1107 130
Stable 2703 223 176 0 0 0 54
Optimistic 2703 223 176 0 0 0 54
Greedy 2703 223 176 0 0 0 54
RL 4947 3825 4870 4946 4946 4946 0

Figure 5.23: Plotting performance of different baselines for Setting2 in On-time
delivery window size = 20
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5.9 Performance Analysis for Simulation
Settings in different scenarios

Performance Analysis for Simulation Setting2 in Random

delay

Table 5.46: Table of pairwise relative performance of the different baselines
for 5000 simulation runs, Setting2, Random delay. Each cell [i][j] represents
the ratio of the mean performance value from 5000 simulation runs following
baseline i to that of baseline j.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL
Fast_departure 100.00 97.66 99.74 99.97 99.97 99.97 96.69
Conservative 100.00 102.13 102.37 102.37 102.37 99.00
Cautious 100.00 100.23 100.23 100.23 96.94
Stable 100.00 100.00 100.00 96.71
Optimistic 100.00 100.00 96.71
Greedy 100.00 96.71
RL 100.00

Table 5.47: Table of seed counts where the row baseline strictly outperforms
the column baseline for Setting2 in Random delay. Cells represent the number
of seeds with higher values for the row baseline.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL
Fast_departure 0 342 2227 2414 2414 2414 78
Conservative 4658 0 4428 4532 4532 4532 1094
Cautious 2773 550 0 952 952 952 228
Stable 2586 446 331 0 0 0 185
Optimistic 2586 446 331 0 0 0 185
Greedy 2586 446 331 0 0 0 185
RL 4919 3906 4772 4815 4815 4815 0

Figure 5.24: Plotting performance of different baselines for Setting2 in Random
delay window size = 20
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5.9 Performance Analysis for Simulation
Settings in different scenarios

Performance Analysis for Simulation Setting2 in Unreliable

service provider

Table 5.48: Table of pairwise relative performance of the different baselines
for 5000 simulation runs, Setting2, Unreliable service provider. Each cell [i][j]
represents the ratio of the mean performance value from 5000 simulation runs
following baseline i to that of baseline j.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL
Fast_departure 100.00 97.57 99.61 99.83 99.83 99.83 96.88
Conservative 100.00 102.10 102.32 102.32 102.32 99.30
Cautious 100.00 100.22 100.22 100.22 97.26
Stable 100.00 100.00 100.00 97.04
Optimistic 100.00 100.00 97.04
Greedy 100.00 97.04
RL 100.00

Table 5.49: Table of seed counts where the row baseline strictly outperforms
the column baseline for Setting2 in Unreliable service provider. Cells represent
the number of seeds with higher values for the row baseline.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL
Fast_departure 0 408 2167 2318 2318 2318 497
Conservative 4592 0 4480 4558 4558 4558 977
Cautious 2833 496 0 1071 1071 1071 353
Stable 2681 418 220 0 0 0 325
Optimistic 2681 418 220 0 0 0 325
Greedy 2681 418 220 0 0 0 325
RL 4499 4023 4647 4675 4675 4675 0

Figure 5.25: Plotting performance of different baselines for Setting2 in Unreli-
able service provider window size = 20
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5.9 Performance Analysis for Simulation
Settings in different scenarios

Performance Analysis for Simulation Setting3 in On-time

delivery

Table 5.50: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting3, On-time delivery. Each cell [i][j] represents
the ratio of the mean performance value from 5000 simulation runs following
baseline i to that of baseline j.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL
Fast_departure 100.00 107.66 107.66 107.66 107.66 107.66 98.35
Conservative 100.00 100.00 100.00 100.00 100.00 91.35
Cautious 100.00 100.00 100.00 100.00 91.35
Stable 100.00 100.00 100.00 91.35
Optimistic 100.00 100.00 91.35
Greedy 100.00 91.35
RL 100.00

Table 5.51: Table of seed counts where the row baseline strictly outperforms the
column baseline for Setting3 in On-time delivery. Cells represent the number of
seeds with higher values for the row baseline.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL
Fast_departure 0 4872 4872 4872 4872 4872 386
Conservative 128 0 5 5 5 5 9
Cautious 128 2 0 0 0 0 9
Stable 128 2 0 0 0 0 9
Optimistic 128 2 0 0 0 0 9
Greedy 128 2 0 0 0 0 9
RL 4609 4991 4991 4991 4991 4991 0

Figure 5.26: Plotting performance of different baselines for Setting3 in On-time
delivery window size = 20
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5.9 Performance Analysis for Simulation
Settings in different scenarios

Performance Analysis for Simulation Setting3 in Random

delay

Table 5.52: Table of pairwise relative performance of the different baselines
for 5000 simulation runs, Setting3, Random delay. Each cell [i][j] represents
the ratio of the mean performance value from 5000 simulation runs following
baseline i to that of baseline j.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL
Fast_departure 100.00 107.96 107.96 107.96 107.96 107.96 98.41
Conservative 100.00 100.00 100.00 100.00 100.00 91.15
Cautious 100.00 100.00 100.00 100.00 91.15
Stable 100.00 100.00 100.00 91.15
Optimistic 100.00 100.00 91.15
Greedy 100.00 91.15
RL 100.00

Table 5.53: Table of seed counts where the row baseline strictly outperforms
the column baseline for Setting3 in Random delay. Cells represent the number
of seeds with higher values for the row baseline.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL
Fast_departure 0 4871 4871 4871 4871 4871 1012
Conservative 129 0 5 5 5 5 10
Cautious 129 2 0 0 0 0 10
Stable 129 2 0 0 0 0 10
Optimistic 129 2 0 0 0 0 10
Greedy 129 2 0 0 0 0 10
RL 3983 4990 4990 4990 4990 4990 0

Figure 5.27: Plotting performance of different baselines for Setting3 in Random
delay window size = 20
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5.9 Performance Analysis for Simulation
Settings in different scenarios

Performance Analysis for Simulation Setting3 in Unreliable

service provider

Table 5.54: Table of pairwise relative performance of the different baselines
for 5000 simulation runs, Setting3, Unreliable service provider. Each cell [i][j]
represents the ratio of the mean performance value from 5000 simulation runs
following baseline i to that of baseline j.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL
Fast_departure 100.00 107.69 107.69 107.69 107.69 107.69 98.95
Conservative 100.00 100.00 100.00 100.00 100.00 91.88
Cautious 100.00 100.00 100.00 100.00 91.88
Stable 100.00 100.00 100.00 91.88
Optimistic 100.00 100.00 91.88
Greedy 100.00 91.88
RL 100.00

Table 5.55: Table of seed counts where the row baseline strictly outperforms
the column baseline for Setting3 in Unreliable service provider. Cells represent
the number of seeds with higher values for the row baseline.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL
Fast_departure 0 4659 4659 4659 4659 4659 734
Conservative 340 0 5 5 5 5 127
Cautious 340 2 0 0 0 0 127
Stable 340 2 0 0 0 0 127
Optimistic 340 2 0 0 0 0 127
Greedy 340 2 0 0 0 0 127
RL 4263 4873 4873 4873 4873 4873 0

Figure 5.28: Plotting performance of different baselines for Setting3 in Unreli-
able service provider window size = 20
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5.9 Performance Analysis for Simulation
Settings in different scenarios

Performance Analysis for Simulation Setting4 in On-time

delivery

Table 5.56: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting4, On-time delivery. Each cell [i][j] represents
the ratio of the mean performance value from 5000 simulation runs following
baseline i to that of baseline j.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL
Fast_departure 100.00 100.41 101.95 103.08 101.72 98.71 95.97
Conservative 100.00 101.53 102.66 101.31 98.31 95.58
Cautious 100.00 101.11 99.78 96.82 94.14
Stable 100.00 98.68 95.76 93.11
Optimistic 100.00 97.04 94.35
Greedy 100.00 97.23
RL 100.00

Table 5.57: Table of seed counts where the row baseline strictly outperforms the
column baseline for Setting4 in On-time delivery. Cells represent the number of
seeds with higher values for the row baseline.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL
Fast_departure 0 2940 4238 4258 3296 1849 770
Conservative 1439 0 4120 4190 3160 1701 641
Cautious 736 813 0 3441 2322 1106 322
Stable 742 810 1558 0 1469 656 173
Optimistic 1704 1840 2678 3530 0 724 160
Greedy 3151 3299 3894 4344 4215 0 477
RL 4230 4359 4678 4827 4840 4523 0

Figure 5.29: Plotting performance of different baselines for Setting4 in On-time
delivery window size = 20
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5.9 Performance Analysis for Simulation
Settings in different scenarios

Performance Analysis for Simulation Setting4 in Random

delay

Table 5.58: Table of pairwise relative performance of the different baselines
for 5000 simulation runs, Setting4, Random delay. Each cell [i][j] represents
the ratio of the mean performance value from 5000 simulation runs following
baseline i to that of baseline j.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL
Fast_departure 100.00 100.47 102.24 103.81 103.13 100.88 97.63
Conservative 100.00 101.76 103.33 102.65 100.41 97.18
Cautious 100.00 101.54 100.87 98.67 95.49
Stable 100.00 99.35 97.18 94.05
Optimistic 100.00 97.82 94.67
Greedy 100.00 96.78
RL 100.00

Table 5.59: Table of seed counts where the row baseline strictly outperforms
the column baseline for Setting4 in Random delay. Cells represent the number
of seeds with higher values for the row baseline.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL
Fast_departure 0 2739 4187 4473 3909 2756 1093
Conservative 1670 0 4001 4358 3780 2549 980
Cautious 787 936 0 3636 2958 1819 564
Stable 527 642 1363 0 1977 1087 361
Optimistic 1091 1220 2042 3022 0 1140 427
Greedy 2244 2451 3181 3913 3801 0 940
RL 3907 4020 4436 4639 4573 4060 0

Figure 5.30: Plotting performance of different baselines for Setting4 in Random
delay window size = 20
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5.9 Performance Analysis for Simulation
Settings in different scenarios

Performance Analysis for Simulation Setting4 in Unreliable

service provider

Table 5.60: Table of pairwise relative performance of the different baselines
for 5000 simulation runs, Setting4, Unreliable service provider. Each cell [i][j]
represents the ratio of the mean performance value from 5000 simulation runs
following baseline i to that of baseline j.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL
Fast_departure 100.00 100.46 102.12 103.49 102.48 99.93 96.81
Conservative 100.00 101.66 103.01 102.01 99.47 96.37
Cautious 100.00 101.34 100.35 97.85 94.80
Stable 100.00 99.03 96.56 93.55
Optimistic 100.00 97.51 94.46
Greedy 100.00 96.88
RL 100.00

Table 5.61: Table of seed counts where the row baseline strictly outperforms
the column baseline for Setting4 in Unreliable service provider. Cells represent
the number of seeds with higher values for the row baseline.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL
Fast_departure 0 2978 4320 4364 3608 2330 1156
Conservative 1394 0 4176 4284 3456 2157 1066
Cautious 657 756 0 3599 2648 1543 746
Stable 636 716 1400 0 1721 960 482
Optimistic 1392 1544 2351 3278 0 976 476
Greedy 2670 2843 3457 4040 3951 0 820
RL 3844 3934 4254 4518 4524 4175 0

Figure 5.31: Plotting performance of different baselines for Setting4 in Unreli-
able service provider window size = 20
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5.9 Performance Analysis for Simulation
Settings in different scenarios

Performance Analysis for Simulation Setting5 in On-time

delivery

Table 5.62: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting5, On-time delivery. Each cell [i][j] represents
the ratio of the mean performance value from 5000 simulation runs following
baseline i to that of baseline j.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL
Fast_departure 100.00 98.03 94.01 92.31 92.06 92.69 90.86
Conservative 100.00 95.90 94.17 93.91 94.56 92.69
Cautious 100.00 98.19 97.93 98.60 96.65
Stable 100.00 99.73 100.42 98.43
Optimistic 100.00 100.69 98.70
Greedy 100.00 98.02
RL 100.00

Table 5.63: Table of seed counts where the row baseline strictly outperforms the
column baseline for Setting5 in On-time delivery. Cells represent the number of
seeds with higher values for the row baseline.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL
Fast_departure 0 257 93 152 317 573 271
Conservative 4728 0 242 335 546 848 447
Cautious 4907 4758 0 1090 1352 1712 867
Stable 4848 4665 3909 0 2160 2529 1239
Optimistic 4683 4454 3646 2793 0 2568 1257
Greedy 4427 4152 3288 2432 1752 0 844
RL 4729 4553 4133 3760 3742 4155 0

Figure 5.32: Plotting performance of different baselines for Setting5 in On-time
delivery window size = 20
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5.9 Performance Analysis for Simulation
Settings in different scenarios

Performance Analysis for Simulation Setting5 in Random

delay

Table 5.64: Table of pairwise relative performance of the different baselines
for 5000 simulation runs, Setting5, Random delay. Each cell [i][j] represents
the ratio of the mean performance value from 5000 simulation runs following
baseline i to that of baseline j.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL
Fast_departure 100.00 98.25 94.85 93.67 93.78 94.64 92.69
Conservative 100.00 96.54 95.34 95.46 96.33 94.34
Cautious 100.00 98.75 98.87 99.77 97.72
Stable 100.00 100.12 101.03 98.95
Optimistic 100.00 100.91 98.83
Greedy 100.00 97.94
RL 100.00

Table 5.65: Table of seed counts where the row baseline strictly outperforms
the column baseline for Setting5 in Random delay. Cells represent the number
of seeds with higher values for the row baseline.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL
Fast_departure 0 712 219 324 553 908 370
Conservative 4278 0 505 584 870 1227 611
Cautious 4781 4493 0 1589 1874 2225 1299
Stable 4676 4415 3409 0 2571 2950 1761
Optimistic 4446 4130 3125 2393 0 2727 1660
Greedy 4092 3773 2773 2017 1599 0 1198
RL 4629 4388 3698 3236 3337 3800 0

Figure 5.33: Plotting performance of different baselines for Setting5 in Random
delay window size = 20
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5.9 Performance Analysis for Simulation
Settings in different scenarios

Performance Analysis for Simulation Setting5 in Unreliable

service provider

Table 5.66: Table of pairwise relative performance of the different baselines
for 5000 simulation runs, Setting5, Unreliable service provider. Each cell [i][j]
represents the ratio of the mean performance value from 5000 simulation runs
following baseline i to that of baseline j.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL
Fast_departure 100.00 98.16 94.58 93.14 93.12 93.91 91.82
Conservative 100.00 96.35 94.88 94.87 95.67 93.55
Cautious 100.00 98.47 98.46 99.29 97.09
Stable 100.00 99.98 100.83 98.59
Optimistic 100.00 100.85 98.61
Greedy 100.00 97.78
RL 100.00

Table 5.67: Table of seed counts where the row baseline strictly outperforms
the column baseline for Setting5 in Unreliable service provider. Cells represent
the number of seeds with higher values for the row baseline.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL
Fast_departure 0 382 215 351 574 869 414
Conservative 4603 0 404 577 841 1175 616
Cautious 4785 4595 0 1358 1665 2033 1071
Stable 4649 4423 3639 0 2418 2771 1453
Optimistic 4426 4159 3333 2540 0 2739 1384
Greedy 4131 3824 2967 2187 1573 0 948
RL 4584 4383 3927 3545 3614 4052 0

Figure 5.34: Plotting performance of different baselines for Setting5 in Unreli-
able service provider window size = 20
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5.10 Discussion

The results demonstrate a clear performance advantage for the RL agent, partic-

ularly in settings 1,2 and 3. In Setting 1, the agent’s average performance was

indistinguishable from the top-performing Greedy baseline, with both strate-

gies significantly surpassing all alternatives. In Settings 2 and 3, the RL agent

emerged as distinctly superior to all baselines. This superiority is evident not

only in its higher average performance but also in its consistency in achieving

optimal outcomes. As detailed in Table 5.69, the RL agent attained the maxi-

mum score in the vast majority of simulation runs for these settings, frequently

in over 80-90% of instances. However, this pattern of dominance moderates in

the Settings 4 and 5. While the RL agent continues to yield the highest average
performance, its frequency of securing the absolute best score in a given run de-

creases markedly. For example, in Setting 4, this frequency diminishes across

all scenarios, notably dropping to approximately 62% in the random delay sce-

nario. The trend is further pronounced in Setting 5, where the agent’s ability

to achieve the top score is significantly reduced, falling to just 49% under the

same random delay conditions.

The experimental results indicate that settings 1, 2, and 3 can be classified as

having a low level of complexity, while settings 4 and 5 represent a high level

of complexity. In addition to classifying settings 1-3 as low-complexity and 4-5

as high-complexity, the experiments confirmed that the conditions for the ex-

pected value of the reward function, outlined in Section 3.2.5, can be verified

during the RL agent’s training in settings 4 and 5. The packet rate is set to a

fluctuation mode in Settings 4 and 5. This means the system’s final performance

value will vary based on the different rates of incoming packets, which is the

key insight into the RL agents’ performance under these conditions. Table 5.69

indicates that setting 5 under the random delay scenario represents the most

complex configuration. Nevertheless, an alternative classification based on av-

erage numerical values, distinguishing between "easy" and "hard" settings, is

presented in Table 5.68.

Table 5.68: Classification of Environment Settings by Complexity Level.

Level of Complexity Environment setting

Easy Settings 1,2 and 3
Hard Settings 4 and 5
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Table 5.69: Performance Comparison of Baselines and RL Agent. The table shows the frequency, out of 5000 runs, that each
strategy attained the maximum performance score for a given experimental setting.

Scenario and Setting Fast_departure Greedy Optimistic Stable Cautious Conservative RL
On-time delivery

Setting 1 173 5000 4309 1708 225 173 5000
Setting 2 15 15 15 15 47 1151 3786
Setting 3 391 8 8 8 8 8 4606
Setting 4 597 369 46 18 33 227 3803
Setting 5 9 471 536 627 426 82 2947

Random delay
Setting 1 66 4529 3855 1564 110 70 4529
Setting 2 44 85 85 85 123 1026 3802
Setting 3 1016 9 9 9 9 9 3980
Setting 4 681 699 101 46 94 425 3104
Setting 5 20 505 659 814 556 137 2441

Unreliable service provider
Setting 1 229 4738 4137 1759 244 187 4738
Setting 2 320 30 30 30 49 671 3960
Setting 3 730 122 122 122 122 122 4151
Setting 4 755 503 75 33 84 368 3344
Setting 5 48 454 565 705 476 146 2726
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5.11 Conclusion

This chapter introduced GymDC, a reinforcement learning environment built to

simulate the operations of a distribution center (DC) within the broader frame-

work of the Physical Internet. The system models packets with attributes such

as weight, delivery budgets, and penalty costs, while also representing service

providers with differing capacities, costs, and schedules. These features make

the environment suitable for developing and testing reinforcement learning al-

gorithms in situations where decisions must be made sequentially and often

without full information. Several baseline policies were implemented to pro-

vide comparisons for future reinforcement learning agents. These include a

profit-driven greedy strategy, a deadline-sensitive fast departure policy, and a

hybrid approach that switches between the two based on current storage ca-

pacity. Their performance was tested across a variety of settings and scenarios,

ranging from ideal delivery conditions to environments with random delays or

unreliable service providers. In summary, GymDC provides a flexible platform

for studying reinforcement learning in supply chain environments. It offers a

foundation for experimenting with policy design, performance evaluation, and

learning under uncertainty. By simulating the trade-offs between profitability

and service reliability, GymDC encourages the development of smarter, more

responsive agents for future logistics systems.

Furthermore, the chapter presented a performance analysis of a RL agent

against baselines across five simulation settings. The investigation began by

establishing a foundational understanding of how environmental complexity

impacts agent performance, using the Cart-Pole Swing-Up problem as an illus-

trative example. This preliminary analysis confirmed that, as expected, perfor-

mance degrades as the problem’s difficulty increases. The core findings from

the Gym-DC environment experiments revealed a clear pattern. In settings 1,

2, and 3, the RL agent demonstrated dominant performance, either matching

the top-performing heuristic or substantially outperforming all baselines. How-

ever, as the complexity increased in Settings 4 and 5, the performance degrades

and while the RL agent maintained its superiority in terms of average perfor-

mance across all scenarios, it was unable to achieve the best score in all sim-

ulations. This was particularly evident in Setting 5 under the "Random delay"

scenario—the most challenging configuration—where the agent’s frequency of

achieving the top score dropped significantly. This trend mirrors the initial ob-

servations from the Cart-Pole experiment, reinforcing the notion that increasing
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complexity poses a substantial challenge to the RL agent’s performance. Based

on these experiments, we classified the settings and defined two levels of com-

plexity for the Gym-DC environment. the RL agent’s performance validates our

classification of the Gym-DC environment. The agent achieved, on average,

approximately 85% of the maximum performance in the easy class, whereas it

only reached 55% in the hard class.
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Chapter 6

Generative reward machine for
GymDC

6.1 Introduction

As outlined in Chapter 5, the Gym-DC simulation environment incorporates

five operational configurations designed to represent a diverse range of logisti-

cal complexities. Chapter 5 established the effectiveness of deep reinforcement

learning (RL) agents within the first three settings, characterized by relatively

stable and predictable conditions. However, Settings 4 and 5 introduce signif-

icant variability in packet arrival rates, compounded by the "Random Delay"

and "Unreliable Service Provider" scenarios. These features result in noisy, non-

stationary conditions known to undermine the performance of conventional RL

agents. Given the complexity and stochastic nature of these latter settings, a

detailed examination was reserved specifically for this chapter.

In this chapter, we directly engage with these challenging scenarios. Initially, we

empirically validate the expected degradation in the performance of standard

RL agents within Settings 4 and 5, underscoring the inherent limitations of tra-

ditional methods when confronted with pronounced environmental uncertainty.

Subsequently, we propose and rigorously evaluate a novel Generative Reward

Machine (GRM)-based agent. This chapter will elaborate on the methodolog-

ical implementation of the GRM framework within the Gym-DC environment

and provide a comparative analysis illustrating the enhanced robustness and

superior performance of the GRM agent relative to conventional RL approaches

under conditions of substantial stochasticity.
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Environment

6.2 GRM Framework for the Gym-DC Environment

To address the challenges posed by the high environmental stochasticity in Set-

tings 4 and 5, we propose a GRM-based agent. The core innovation of this

approach lies in its ability to abstract the noisy, fluctuating patterns of daily

packet arrivals into a stable, classified representation, which then informs the

agent’s state and reward calculations.

6.2.1 Estimator for Packet Arrival Patterns

The foundational component of our GRM is an estimator designed to classify the

temporal distribution of incoming packets. In environments where the packet

arrival rate is set to ’fluctuation’, the day-to-day volume of arrivals is highly

variable, making it difficult for a standard RL agent to form a consistent policy.

The estimator mitigates this by categorizing the observed arrival pattern into

one of several predefined classes.

Estimator Training. The estimator is constructed through an offline analysis

prior to the agent’s training phase. The procedure is as follows:

1. Data Generation: The Gym-DC simulator is executed 1,000 times us-

ing a setting with a fluctuating packet rate. For each execution, the se-

quence of total packets arriving per day over the entire simulation period

is recorded.

2. Clustering: These 1,000 time-series vectors, representing distinct arrival

patterns, are then grouped using a clustering algorithm to identify 20

distinct archetypal patterns, or classes. Each class represents a typical

mode of fluctuation.

3. Estimator Function: The resulting cluster centroids serve as the basis for

the estimator. During online operation, the estimator takes the sequence

of packet arrivals observed up to the current day in an episode and classi-

fies this partial pattern by finding the nearest cluster centroid. The output

is a single integer, from 1 to 20, representing the estimated arrival pattern

class for the current episode.
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6.2.2 GRM State and Reward Formulation

With the estimator in place, the agent’s state representation and reward func-

tion are augmented to leverage this new layer of abstraction.

State Space. The state space for the standard RL agent, as defined in Chapter 5,

is a tuple consisting of the current ‘storage capacity value‘ and ‘rate‘. The GRM

agent employs an expanded state representation that incorporates the output

of the packet pattern estimator. At each timestep t, the GRM state s′
t is defined

as a tuple:

s′
t = (storage_capacity_valuet, ratet, estimated_pattern_classt) (6.1)

Reward Generation. A significant challenge in noisy environments is reward

variance, where a single good or bad outcome can disproportionately influence

the policy update. To promote more stable learning, the GRM employs a reward

averaging mechanism. Instead of using the direct performance value at the

end of an episode as the reward, the GRM maintains a historical record of

rewards received for each unique GRM state s′. When an episode terminates in

state s′, the reward provided to the agent, R(s′), is the running average of all

performance values previously recorded for that specific state:

Rt(s′) = 1
Ns′

Ns′∑
i=1

Pi(s′) (6.2)

where Ns′ is the number of times state s′ has been visited, and Pi(s′) is the end-

of-episode performance from the i-th visit. This reward-averaging approach

smooths the learning signal, preventing the agent from overreacting to stochas-

tic outliers and encouraging convergence towards a more generally effective

strategy.

6.3 Performance Analysis for Simulation Settings

in different scenarios

This section presents a performance analysis for Simulation Settings 4 and 5

under three distinct scenarios: "On-time Delivery", "Random Delay", and "Un-

reliable Service Provider". To facilitate a clearer comparison of results across

different heuristics and RL agent and GRM agent, we evaluated the perfor-
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mance using 5000 different seeds for the random generator in the simulator.

To improve readability and comparability, we applied a moving average tech-

nique with a window size of 20. This method smooths the performance data

by averaging values over the specified window size, producing a clearer visual

comparison of the results. For each setting and scenario, we include two tables

and one plot. The first table reports the pairwise relative performance of differ-

ent baselines across 5000 simulation runs for a given setting and scenario. Each

cell [i][j] represents the ratio of the mean performance value from 5000 simu-

lation runs following baseline i to that of baseline j. The second table presents

the number of seeds for which the row baseline strictly outperforms the column

baseline. This table is shown specifically for Setting 1 under the "On-time De-

livery" scenario. Cells represent the number of seeds with higher values for the

row baseline.. Following the two tables, we provide a plot that visually com-

pares the performance of the baselines. In Appendix 8.3, another table for each

setting displays the Selective Performance Comparison Matrix, where each cell

[i][j] represents the ratio of the mean performance value in cases where baseline

i outperforms baseline j across 5000 simulation runs. This approach highlights

instances where strategy i demonstrates superior performance over strategy j

at corresponding indices. The caption of each table specifies the simulation set-

ting and scenario.

While all tables and plots provide information to compare the baselines with

each other, the main discussion and analysis of these results are presented in

Section 6.4.
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Performance Analysis for Simulation Setting 4 in On-time

delivery

Table 6.1: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 4, On-time delivery.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL Generative
Fast_departure 100.00 100.41 101.95 103.08 101.72 98.71 95.97 94.16
Conservative 100.00 101.53 102.66 101.31 98.31 95.58 93.78
Cautious 100.00 101.11 99.78 96.82 94.14 92.36
Stable 100.00 98.68 95.76 93.11 91.35
Optimistic 100.00 97.04 94.35 92.57
Greedy 100.00 97.23 95.40
RL 100.00 98.12
Generative 100.00

Table 6.2: Table of seed counts where the row baseline strictly outperforms the
column baseline for Setting 4 in On-time delivery.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL Generative
Fast_departure 0 2940 4238 4258 3296 1849 770 308
Conservative 1439 0 4120 4190 3160 1701 641 230
Cautious 736 813 0 3441 2322 1106 322 69
Stable 742 810 1558 0 1469 656 173 28
Optimistic 1704 1840 2678 3530 0 724 160 31
Greedy 3151 3299 3894 4344 4215 0 477 179
RL 4230 4359 4678 4827 4840 4523 0 879
Generative 4692 4770 4931 4972 4969 4821 4121 0

Figure 6.1: Plotting performance of different baselines for Setting 4 in On-time
delivery window size = 20
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Performance Analysis for Simulation Setting 4 in Random

delay

Table 6.3: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 4, Random delay.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL Generative
Fast_departure 100.00 100.47 102.24 103.81 103.13 100.88 97.63 95.85
Conservative 100.00 101.76 103.33 102.65 100.41 97.18 95.40
Cautious 100.00 101.54 100.87 98.67 95.49 93.74
Stable 100.00 99.35 97.18 94.05 92.32
Optimistic 100.00 97.82 94.67 92.93
Greedy 100.00 96.78 95.01
RL 100.00 98.17
Generative 100.00

Table 6.4: Table of seed counts where the row baseline strictly outperforms the
column baseline for Setting 4 in Random delay.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL Generative
Fast_departure 0 2739 4187 4473 3909 2756 1093 650
Conservative 1670 0 4001 4358 3780 2549 980 517
Cautious 787 936 0 3636 2958 1819 564 253
Stable 527 642 1363 0 1977 1087 361 114
Optimistic 1091 1220 2042 3022 0 1140 427 136
Greedy 2244 2451 3181 3913 3801 0 940 412
RL 3907 4020 4436 4639 4573 4060 0 1204
Generative 4350 4483 4747 4886 4864 4588 3796 0

Figure 6.2: Plotting performance of different baselines for Setting 4 in Random
delay window size = 20
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Performance Analysis for Simulation Setting 4 in Unreliable

service provider

Table 6.5: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 4, Unreliable service provider.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL Generative
Fast_departure 100.00 100.46 102.12 103.49 102.48 99.93 96.81 94.26
Conservative 100.00 101.66 103.01 102.01 99.47 96.37 93.83
Cautious 100.00 101.34 100.35 97.85 94.80 92.30
Stable 100.00 99.03 96.56 93.55 91.08
Optimistic 100.00 97.51 94.46 91.97
Greedy 100.00 96.88 94.33
RL 100.00 97.36
Generative 100.00

Table 6.6: Table of seed counts where the row baseline strictly outperforms the
column baseline for Setting 4 in Unreliable service provider.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL Generative
Fast_departure 0 2978 4320 4364 3608 2330 1156 482
Conservative 1394 0 4176 4284 3456 2157 1066 428
Cautious 657 756 0 3599 2648 1543 746 264
Stable 636 716 1400 0 1721 960 482 173
Optimistic 1392 1544 2351 3278 0 976 476 185
Greedy 2670 2843 3457 4040 3951 0 820 357
RL 3844 3934 4254 4518 4524 4175 0 484
Generative 4518 4572 4736 4827 4815 4643 4516 0

Figure 6.3: Plotting performance of different baselines for Setting 4 in Unreli-
able service provider window size = 20
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Performance Analysis for Simulation Setting 5 in On-time

delivery

Table 6.7: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 5, On-time delivery.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL Generative
Fast_departure 100.00 98.03 94.01 92.31 92.06 92.69 90.86 88.94
Conservative 100.00 95.90 94.17 93.91 94.56 92.69 90.73
Cautious 100.00 98.19 97.93 98.60 96.65 94.61
Stable 100.00 99.73 100.42 98.43 96.35
Optimistic 100.00 100.69 98.70 96.62
Greedy 100.00 98.02 95.95
RL 100.00 97.89
Generative 100.00

Table 6.8: Table of seed counts where the row baseline strictly outperforms the
column baseline for Setting 5 in On-time delivery.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL Generative
Fast_departure 0 257 93 152 317 573 271 180
Conservative 4728 0 242 335 546 848 447 298
Cautious 4907 4758 0 1090 1352 1712 867 496
Stable 4848 4665 3909 0 2160 2529 1239 619
Optimistic 4683 4454 3646 2793 0 2568 1257 606
Greedy 4427 4152 3288 2432 1752 0 844 370
RL 4729 4553 4133 3760 3742 4155 0 766
Generative 4815 4697 4503 4381 4394 4630 4233 0

Figure 6.4: Plotting performance of different baselines for Setting 5 in On-time
delivery window size = 20
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Table 6.9: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 5, Random delay.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL Generative
Fast_departure 100.00 98.25 94.85 93.67 93.78 94.64 92.69 90.94
Conservative 100.00 96.54 95.34 95.46 96.33 94.34 92.56
Cautious 100.00 98.75 98.87 99.77 97.72 95.87
Stable 100.00 100.12 101.03 98.95 97.08
Optimistic 100.00 100.91 98.83 96.96
Greedy 100.00 97.94 96.09
RL 100.00 98.11
Generative 100.00

Table 6.10: Table of seed counts where the row baseline strictly outperforms
the column baseline for Setting 5 in Random delay.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL Generative
Fast_departure 0 712 219 324 553 908 370 267
Conservative 4278 0 505 584 870 1227 611 411
Cautious 4781 4493 0 1589 1874 2225 1299 727
Stable 4676 4415 3409 0 2571 2950 1761 859
Optimistic 4446 4130 3125 2393 0 2727 1660 714
Greedy 4092 3773 2773 2017 1599 0 1198 348
RL 4629 4388 3698 3236 3337 3800 0 789
Generative 4733 4589 4273 4141 4286 4652 4209 0

Figure 6.5: Plotting performance of different baselines for Setting 5 in Random
delay window size = 20

Generative Reward Machines for
Reinforcement Learning in Problems with Poor
Observability

150 Saeid Rezaei



6. GENERATIVE REWARD MACHINE FOR

GYMDC
6.3 Performance Analysis for Simulation

Settings in different scenarios

Performance Analysis for Simulation Setting 5 in Unreliable

service provider

Table 6.11: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 5, Unreliable service provider.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL Generative
Fast_departure 100.00 98.16 94.58 93.14 93.12 93.91 91.82 89.89
Conservative 100.00 96.35 94.88 94.87 95.67 93.55 91.57
Cautious 100.00 98.47 98.46 99.29 97.09 95.04
Stable 100.00 99.98 100.83 98.59 96.51
Optimistic 100.00 100.85 98.61 96.53
Greedy 100.00 97.78 95.72
RL 100.00 97.89
Generative 100.00

Table 6.12: Table of seed counts where the row baseline strictly outperforms
the column baseline for Setting 5 in Unreliable service provider.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL Generative
Fast_departure 0 382 215 351 574 869 414 250
Conservative 4603 0 404 577 841 1175 616 383
Cautious 4785 4595 0 1358 1665 2033 1071 609
Stable 4649 4423 3639 0 2418 2771 1453 780
Optimistic 4426 4159 3333 2540 0 2739 1384 744
Greedy 4131 3824 2967 2187 1573 0 948 460
RL 4584 4383 3927 3545 3614 4052 0 667
Generative 4745 4613 4391 4220 4255 4540 4333 0

Figure 6.6: Plotting performance of different baselines for Setting 5 in Unreli-
able service provider window size = 20
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6.4 Discussion

The results presented in this chapter provide a clear case for the superiority

of the GRM agent in settings 4 and 5. While the preceding pairwise com-

parisons hinted at the GRM agent’s advantage, the data in Table 6.13 offers

proof of decision-making capabilities. In Setting 4, under the "Unreliable ser-

vice provider" scenario, the RL agent wins 3,344 times (66.9%), leaving over

33% of the runs to be won by simpler strategies. In contrast, the GRM agent

achieves the top score in 4,218 runs (84.4%) under the same conditions. In Set-

ting 5 and under the most challenging "Random delay" scenario, RL agent was

able to secure the top score in 2,441 times out of 5000 or (48.8%), meaning

it fails to find the optimal strategy in more than half of the simulations. This

is where the GRM agent achieves the maximum score 3,719 times (74.4%).

Mechanism of Success The superior performance documented in Table 6.13

is directly attributable to the GRM’s architecture. First, the packet arrival esti-

mator provides the agent with a stable, high-level context, preventing it from

being misled by noisy, short-term fluctuations. Second, the reward-averaging

mechanism filters out the stochasticity of individual outcomes, giving the agent

a more reliable learning signal that points toward long-term, robust strategies.

By effectively tackling both state uncertainty and reward variance, the GRM

agent learns a policy that is high-performing on average.
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Table 6.13: Comparative Performance of RL and Generative Agents Against Baselines. The table shows the frequency (out of 5000
runs) that each strategy achieved the maximum performance score.

Scenario and Setting Fast_departure Greedy Optimistic Stable Cautious Conservative RL Generative
On-time delivery

Setting 4 RL 597 369 46 18 33 227 3803 -
Setting 4 GRM 258 168 12 2 11 86 - 4508
Setting 5 RL 9 471 536 627 426 82 2947 -
Setting 5 GRM 5 194 240 277 219 51 - 4041

Random delay
Setting 4 RL 681 699 101 46 94 425 3104 -
Setting 4 GRM 456 327 49 22 38 247 - 3936
Setting 5 RL 20 505 659 814 556 137 2441 -
Setting 5 GRM 10 164 267 421 342 105 - 3719

Unreliable service provider
Setting 4 RL 755 503 75 33 84 368 3344 -
Setting 4 GRM 309 274 43 19 35 164 - 4218
Setting 5 RL 48 454 565 705 476 146 2726 -
Setting 5 GRM 19 199 271 355 238 78 - 3884
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6.5 Conclusion

This chapter set out to address the critical challenge of deploying RL agents in

the Settings 4 and 5 in GymDC environment. The investigation centered on a

novel GRM-based agent designed specifically to handle environmental noise

and non-stationarity. The GRM agent outperformed both the RL agent and all

heuristic baselines across these settings. This success is rooted in the GRM’s

capacity to abstract away environmental noise and learn from a stabilized

reward signal. In conclusion, this work validates the GRM as a framework for

developing autonomous decision-making systems for logistical challenges.
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Chapter 7

Concluding remarks

This thesis established a framework for autonomous decision-making within

the complex and stochastic environment of a PI distribution center hub. The

central claim, that RL can be utilized to learn optimal policies for DC control and

other examples characterized by poor observability, was validated through a

combination of custom-built simulation environments and empirical validation

in multiple competition domains. In summary, this thesis makes several key

contributions:

Gym-DC Simulation Environment:The creation of Gym-DC provides the first

publicly available RL benchmark for PI DC hub, modeling packet and service

provider variability, storage constraints, and stochastic delivery scenarios. Em-

pirical results showed that RL agent outperforms basic heuristic policies in low-

complexity settings, successfully validating the first part of the thesis statement.

Theoretical Classification Framework: A novel framework for classifying RL

problem complexity was introduced, founded on the formal existence of opti-

mal policies. This framework is underpinned by a theorem demonstrating that

under specific conditions of non-stationary rewards dominated by aleatoric un-

certainty, an optimal policy does not exist. This theoretical insight guides the

selection and design of advanced RL architectures for the hard problems.

The Generative Reward Machine Framework:GRM was introduced as an ex-

tension of the traditional Reward Machine. The GRM addresses fundamental

limitations of conventional RL by generating intermediate abstract state repre-

sentations that effectively transform highly stochastic and partially observable

environments into tractable learning problems.
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Gym-DC Hard Settings: The GRM agent outperform the standard RL agent

and all heuristics, securing the maximum score.

Competitive Domains: The GRM agent achieved first place in both the Inter-

national StepUP Competition for Biometric Footstep Recognition and the ECML

Discovery Challenge on Foundation Models for Genomic Modeling and Under-

standing. The Bot, also using the GRM framework, performed competitively

at the NeurIPS 2022 Tournament, proving the GRM’s effectiveness in adaptive

policy refinement in imperfect information games.

7.1 Future work

Future work will focus on three key areas: extending the simulation to a multi-

agent setting, enhancing the Physical Internet PI simulation, and improving the

Generative Reward Machine.

7.1.1 Future Work in GymDC

The GymDC environment should be extended to a Multi-Agent Reinforcement

Learning environment where multiple autonomous DC hubs and transporters

act independently. The primary challenge here will be developing cooperative

and competitive policies for fully decentralized routing and dynamic capacity

negotiation in a multi-criteria, partially observable setting. This directly aligns

with the broader vision of the fully realized Physical Internet.

Regarding the DC hub, the current scenario simulates one DC. We have consid-

ered three different scenarios for packet delivery: "On-time delivery", "Random

delay" and "Unreliable service provider". One research direction is to extend

the simulator to consider several hubs with different policies, which may cause

delays in delivery. In this case, the agent in the hub will face another source

of noise and will need a policy that works in this situation. This scenario can

be extended to a multi-agent setting, where agents may be trained in an en-

vironment where they consider the side effects of each other during training.

Researchers may try to implement multi-agent scenarios and then evaluate RL

algorithms in these scenarios.
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7.1.2 Future Work in PI Simulation

Two other areas that are good directions to implement with a simulator and RL

environment are:

Transport Optimization

The performance of π −Movers, such as trucks, trains, and ships, which

represent the Physical and Link Layers of the PI, can be improved by RL.

Simulators can model the movement and cooperation of these vehicles, al-

lowing RL agents to learn dynamic coordination strategies. Specifically,

RL can reduce empty backhaul runs and minimize fuel consumption by

dynamically matching empty capacity with available π − containers across

the network in real-time. For road transport, RL agents can control the

formation and dynamic reconfiguration of truck platoons at virtual trans-

fer points to maximize fuel efficiency and vehicle utilization, especially

when dealing with high-volume flows. This shift from static scheduling to

adaptive, cooperative logistics is essential for lowering the total logistical

cost and achieving PI’s sustainability goals.

Protocols and Management

Simulation platforms incorporating RL can be used to test the stability and eco-

nomic viability of various PI Governance and business protocols. RL agents,

representing individual Logistics Service Providers, can learn and optimize

their cooperation strategies within new models for shared capacity. This would

involve demonstrating the profitability of collaboration and testing mechanisms

that incentivize trust and data sharing.

7.1.3 Future Work in Enhancing the GRM

The current GRM relies on either a pre-trained estimator or estimators. Future

work should focus on integrating this estimation directly into the online learn-

ing loop:

Joint Online Learning of Estimator and Policy

Develop an end to end framework where the state-abstraction mechanism the

estimator and the action-selection policy are learned concurrently. This would

allow the agent to continuously adapt its understanding of the environment’s

complexity, eliminating the need for offline data generation and clustering.

Generative Reward Machines for
Reinforcement Learning in Problems with Poor
Observability

157 Saeid Rezaei



7. CONCLUDING REMARKS 7.1 Future work

Reward Function Synthesis

Investigate methods to dynamically synthesize the abstract reward function for

the estimated state space, moving beyond the current simple reward averaging.

This could involve deep generative models to predict the optimal stationary

reward signal, further enhancing sample efficiency and learning stability in hard

problems.

By addressing these aspects and conducting additional experiments,

researchers may be able to improve RL performance in current examples of

hard-class complexity in reinforcement learning environments.
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8. APPENDICES

8.1 Comparative Performance of Baseline
Strategies

This appendix presents a table for each setting within each scenario. These

tables display the Selective Performance Comparison Matrix, where each cell

[i][j] represents the ratio of the mean performance value in cases where baseline

i outperforms baseline j across 5000 simulation runs. This approach highlights

instances where strategy i demonstrates superior performance over strategy j

at corresponding indices. The caption of each table specifies the simulation

setting and scenario.

• section 8.1 presents tables comparing only the baseline strategies for set-

tings 1 to 5.

• section 8.2 includes tables comparing baseline strategies and the RL agent

for settings 1, 2, and 3.

• section 8.3 contains tables comparing baseline strategies, the RL agent,

and the GRL agent for settings 4 and 5.

8.1 Comparative Performance of Baseline Strate-

gies

Table 8.1: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 1, On-time delivery.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 0 101.05 104.12 0 0 0
Conservative 0 102.27 109.22 0 0
Cautious 0 102.69 101.88 0
Stable 0 104.27 0
Optimistic 0 0
Greedy 0

Table 8.2: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 2, On-time delivery.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 0 100.60 101.82 101.93 101.93 101.93
Conservative 0 102.29 102.48 102.48 102.48
Cautious 0 101.07 101.07 101.07
Stable 0 0 0
Optimistic 0 0
Greedy 0
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8.1 Comparative Performance of Baseline
Strategies

Table 8.3: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 3, On-time delivery.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 0 107.91 107.91 107.91 107.91 107.91
Conservative 0 101.74 101.74 101.74 101.74
Cautious 0 0 0 0
Stable 0 0 0
Optimistic 0 0
Greedy 0

Table 8.4: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 4, On-time delivery.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 0 101.00 102.42 103.80 103.84 103.42
Conservative 0 101.98 103.38 103.47 103.17
Cautious 0 102.09 102.46 102.50
Stable 0 101.40 101.78
Optimistic 0 101.14
Greedy 0

Table 8.5: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 5, On-time delivery.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 0 100.44 100.97 101.43 102.05 103.95
Conservative 0 100.95 101.47 102.28 104.01
Cautious 0 101.22 101.98 103.38
Stable 0 101.40 102.65
Optimistic 0 101.97
Greedy 0

Table 8.6: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 1, Random delay.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 0 104.14 105.29 106.47 104.73 104.80
Conservative 0 104.68 104.78 103.30 102.44
Cautious 0 103.08 101.13 100.80
Stable 0 101.44 100.87
Optimistic 0 101.03
Greedy 0

Table 8.7: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 2, Random delay.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 0 100.70 102.00 102.10 102.10 102.10
Conservative 0 102.50 102.68 102.68 102.68
Cautious 0 101.43 101.43 101.43
Stable 0 0 0
Optimistic 0 0
Greedy 0
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8.1 Comparative Performance of Baseline
Strategies

Table 8.8: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 3, Random delay.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 0 108.22 108.22 108.22 108.22 108.22
Conservative 0 102.06 102.06 102.06 102.06
Cautious 0 0 0 0
Stable 0 0 0
Optimistic 0 0
Greedy 0

Table 8.9: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 4, Random delay.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 0 101.43 102.85 104.37 104.51 104.01
Conservative 0 102.42 103.96 104.11 103.78
Cautious 0 102.53 102.97 102.98
Stable 0 101.79 102.27
Optimistic 0 101.49
Greedy 0

Table 8.10: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 5, Random delay.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 0 100.76 101.04 101.50 102.23 103.95
Conservative 0 101.10 101.67 102.46 104.21
Cautious 0 101.50 102.27 103.71
Stable 0 101.76 103.03
Optimistic 0 102.36
Greedy 0

Table 8.11: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 1, Unreliable service provider.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 0 103.41 107.89 111.03 114.23 113.50
Conservative 0 106.75 110.85 112.69 112.30
Cautious 0 107.34 109.86 109.55
Stable 0 108.97 111.18
Optimistic 0 114.64
Greedy 0

Table 8.12: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 2, Unreliable service provider.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 0 102.81 102.52 102.61 102.61 102.61
Conservative 0 102.46 102.65 102.65 102.65
Cautious 0 101.11 101.11 101.11
Stable 0 0 0
Optimistic 0 0
Greedy 0
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8.1 Comparative Performance of Baseline
Strategies

Table 8.13: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 3, Unreliable service provider.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 0 108.44 108.45 108.45 108.45 108.45
Conservative 0 102.51 102.51 102.51 102.51
Cautious 0 0 0 0
Stable 0 0 0
Optimistic 0 0
Greedy 0

Table 8.14: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 4, Unreliable service provider.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 0 101.04 102.56 104.13 104.31 104.19
Conservative 0 102.09 103.67 103.93 103.93
Cautious 0 102.25 102.82 103.18
Stable 0 101.69 102.46
Optimistic 0 101.53
Greedy 0

Table 8.15: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 5, Unreliable service provider.

Fast_departure Conservative Cautious Stable Optimistic Greedy
Fast_departure 0 100.51 101.64 102.63 103.41 104.96
Conservative 0 101.38 102.27 103.23 104.80
Cautious 0 101.52 102.47 103.90
Stable 0 101.59 102.98
Optimistic 0 102.10
Greedy 0
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8.2 Comparative Analysis of the RL Agent and

Baseline Strategies

Table 8.16: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 1, On-time delivery. Each cell [i][j] represents
the ratio of the mean performance value from 5000 simulation runs following
baseline i to that of baseline j.

Fastdeparture Conservative Cautious Stable Optimistic Greedy RL
Fastdeparture 0 108.26 126.90 149.08 159.49 161.93 161.93
Conservative 0 117.49 137.79 147.41 149.67 149.67
Cautious 0 118.17 126.45 128.38 128.38
Stable 0 113.29 116.05 116.05
Optimistic 0 115.77 115.77
Greedy 0 0
RL 0

Table 8.17: Table of pairwise relative performance of the different baselines
for 5000 simulation runs, Setting 1, Random delay. Each cell [i][j] represents
the ratio of the mean performance value from 5000 simulation runs following
baseline i to that of baseline j.

Fastdeparture Conservative Cautious Stable Optimistic Greedy RL
Fastdeparture 0 107.51 118.84 132.98 139.91 141.60 141.60
Conservative 0 113.18 126.19 132.68 134.27 134.27
Cautious 0 113.30 118.97 120.37 120.37
Stable 0 109.60 111.48 111.48
Optimistic 0 110.52 110.52
Greedy 0 0
RL 0

Table 8.18: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 1, Unreliable service provider. Each cell [i][j]
represents the ratio of the mean performance value from 5000 simulation runs
following baseline i to that of baseline j.

Fastdeparture Conservative Cautious Stable Optimistic Greedy RL
Fastdeparture 0 107.55 124.03 142.71 151.40 153.50 153.50
Conservative 0 116.03 133.46 141.78 143.61 143.61
Cautious 0 116.61 123.94 125.56 125.56
Stable 0 112.70 115.10 115.10
Optimistic 0 115.09 115.09
Greedy 0 0
RL 0
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Table 8.19: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 2, On-time delivery. Each cell [i][j] represents
the ratio of the mean performance value from 5000 simulation runs following
baseline i to that of baseline j.

Fastdeparture Conservative Cautious Stable Optimistic Greedy RL
Fastdeparture 0 102.57 102.01 101.93 101.93 101.93 103.09
Conservative 0 100.55 100.50 100.50 100.50 100.85
Cautious 0 100.25 100.25 100.25 102.73
Stable 0 0 0 102.92
Optimistic 0 0 102.92
Greedy 0 102.92
RL 0

Table 8.20: Table of pairwise relative performance of the different baselines
for 5000 simulation runs, Setting 2, Random delay. Each cell [i][j] represents
the ratio of the mean performance value from 5000 simulation runs following
baseline i to that of baseline j.

Fastdeparture Conservative Cautious Stable Optimistic Greedy RL
Fastdeparture 0 102.63 102.06 101.99 101.99 101.99 103.49
Conservative 0 100.70 100.66 100.66 100.66 101.48
Cautious 0 100.59 100.59 100.59 103.34
Stable 0 0 0 103.55
Optimistic 0 0 103.55
Greedy 0 103.55
RL 0

Table 8.21: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 2, Unreliable service provider. Each cell [i][j]
represents the ratio of the mean performance value from 5000 simulation runs
following baseline i to that of baseline j.

Fastdeparture Conservative Cautious Stable Optimistic Greedy RL
Fastdeparture 0 102.93 102.58 102.52 102.52 102.52 104.10
Conservative 0 101.05 101.09 101.09 101.09 101.40
Cautious 0 100.37 100.37 100.37 103.20
Stable 0 0 0 103.42
Optimistic 0 0 103.42
Greedy 0 103.42
RL 0

Table 8.22: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 3, On-time delivery. Each cell [i][j] represents
the ratio of the mean performance value from 5000 simulation runs following
baseline i to that of baseline j.

Fastdeparture Conservative Cautious Stable Optimistic Greedy RL
Fastdeparture 0 101.33 101.33 101.33 101.33 101.33 101.88
Conservative 0 100.74 100.74 100.74 100.74 109.49
Cautious 0 0 0 0 109.49
Stable 0 0 0 109.49
Optimistic 0 0 109.49
Greedy 0 109.49
RL 0
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Table 8.23: Table of pairwise relative performance of the different baselines
for 5000 simulation runs, Setting 3, Random delay. Each cell [i][j] represents
the ratio of the mean performance value from 5000 simulation runs following
baseline i to that of baseline j.

Fastdeparture Conservative Cautious Stable Optimistic Greedy RL
Fastdeparture 0 101.46 101.46 101.46 101.46 101.46 102.32
Conservative 0 100.56 100.56 100.56 100.56 109.73
Cautious 0 0 0 0 109.73
Stable 0 0 0 109.73
Optimistic 0 0 109.73
Greedy 0 109.73
RL 0

Table 8.24: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 3, Unreliable service provider. Each cell [i][j]
represents the ratio of the mean performance value from 5000 simulation runs
following baseline i to that of baseline j.

Fastdeparture Conservative Cautious Stable Optimistic Greedy RL
Fastdeparture 0 102.41 102.41 102.41 102.41 102.41 101.38
Conservative 0 100.72 100.72 100.72 100.72 109.11
Cautious 0 0 0 0 109.12
Stable 0 0 0 109.12
Optimistic 0 0 109.12
Greedy 0 109.12
RL 0

Table 8.25: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting4, On-time delivery. Each cell [i][j] represents
the ratio of the mean performance value from 5000 simulation runs following
baseline i to that of baseline j.

Fastdeparture Conservative Cautious Stable Optimistic Greedy RL
Fastdeparture 0 100.67 100.99 101.79 103.03 104.66 105.66
Conservative 0 100.78 101.68 103.00 104.77 105.86
Cautious 0 101.35 102.94 105.28 106.89
Stable 0 102.61 105.54 107.77
Optimistic 0 103.90 106.24
Greedy 0 103.22
RL 0

Table 8.26: Table of pairwise relative performance of the different baselines
for 5000 simulation runs, Setting4, Random delay. Each cell [i][j] represents
the ratio of the mean performance value from 5000 simulation runs following
baseline i to that of baseline j.

Fastdeparture Conservative Cautious Stable Optimistic Greedy RL
Fastdeparture 0 100.97 101.10 101.62 102.44 103.51 103.91
Conservative 0 101.01 101.51 102.42 103.61 104.29
Cautious 0 101.36 102.50 104.22 105.66
Stable 0 102.40 104.55 107.00
Optimistic 0 103.48 106.32
Greedy 0 104.48
RL 0
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Table 8.27: Table of pairwise relative performance of the different baselines
for 5000 simulation runs, Setting4, Unreliable service provider. Each cell [i][j]
represents the ratio of the mean performance value from 5000 simulation runs
following baseline i to that of baseline j.

Fastdeparture Conservative Cautious Stable Optimistic Greedy RL
Fastdeparture 0 100.63 101.00 101.64 102.88 104.33 105.55
Conservative 0 100.79 101.46 102.82 104.42 105.90
Cautious 0 101.29 102.75 104.94 107.09
Stable 0 102.51 105.15 107.97
Optimistic 0 103.69 106.70
Greedy 0 104.20
RL 0

Table 8.28: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting5, On-time delivery. Each cell [i][j] represents
the ratio of the mean performance value from 5000 simulation runs following
baseline i to that of baseline j.

Fastdeparture Conservative Cautious Stable Optimistic Greedy RL
Fastdeparture 0 102.16 106.53 108.67 109.44 109.56 110.87
Conservative 0 104.56 106.79 107.66 107.90 109.03
Cautious 0 102.74 103.74 104.02 104.78
Stable 0 101.62 101.97 102.80
Optimistic 0 100.93 102.26
Greedy 0 102.58
RL 0

Table 8.29: Table of pairwise relative performance of the different baselines
for 5000 simulation runs, Setting5, Random delay. Each cell [i][j] represents
the ratio of the mean performance value from 5000 simulation runs following
baseline i to that of baseline j.

Fastdeparture Conservative Cautious Stable Optimistic Greedy RL
Fastdeparture 0 102.21 105.74 107.37 107.81 107.92 108.82
Conservative 0 104.13 105.81 106.38 106.54 107.33
Cautious 0 102.60 103.27 103.44 104.17
Stable 0 101.66 101.89 103.02
Optimistic 0 101.15 102.86
Greedy 0 103.35
RL 0

Table 8.30: Table of pairwise relative performance of the different baselines
for 5000 simulation runs, Setting5, Unreliable service provider. Each cell [i][j]
represents the ratio of the mean performance value from 5000 simulation runs
following baseline i to that of baseline j.

Fastdeparture Conservative Cautious Stable Optimistic Greedy RL
Fastdeparture 0 102.08 106.08 108.16 108.86 108.98 110.07
Conservative 0 104.26 106.44 107.23 107.48 108.39
Cautious 0 102.73 103.65 103.91 104.61
Stable 0 101.57 101.87 102.97
Optimistic 0 100.93 102.63
Greedy 0 103.07
RL 0
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8.3 Full Strategy Comparison for Settings 4 and 5

Table 8.31: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 4, On-time delivery.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL Generative
Fast_departure 0 101.00 102.42 103.80 103.84 103.42 102.41 101.62
Conservative 0 101.98 103.38 103.47 103.17 102.33 101.46
Cautious 0 102.09 102.46 102.50 101.70 101.17
Stable 0 101.40 101.78 101.30 101.04
Optimistic 0 101.14 100.98 101.09
Greedy 0 100.90 101.13
RL 0 101.22
Generative 0

Table 8.32: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 4, Random delay.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL Generative
Fast_departure 0 101.43 102.85 104.37 104.51 104.01 102.34 102.03
Conservative 0 102.42 103.96 104.11 103.78 102.23 102.01
Cautious 0 102.53 102.97 102.98 102.00 101.64
Stable 0 101.79 102.27 101.95 101.38
Optimistic 0 101.49 101.93 101.31
Greedy 0 102.15 101.72
RL 0 101.77
Generative 0

Table 8.33: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 4, Unreliable service provider.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL Generative
Fast_departure 0 101.04 102.56 104.13 104.31 104.19 103.31 102.38
Conservative 0 102.09 103.67 103.93 103.93 103.18 102.34
Cautious 0 102.25 102.82 103.18 102.66 101.89
Stable 0 101.69 102.46 102.27 101.79
Optimistic 0 101.53 101.86 101.67
Greedy 0 101.89 101.97
RL 0 101.22
Generative 0

Table 8.34: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 5, On-time delivery.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL Generative
Fast_departure 0 100.44 100.97 101.43 102.05 103.95 102.83 103.50
Conservative 0 100.95 101.47 102.28 104.01 102.99 103.55
Cautious 0 101.22 101.98 103.38 102.57 103.40
Stable 0 101.40 102.65 102.07 103.06
Optimistic 0 101.97 101.57 102.37
Greedy 0 100.93 101.44
RL 0 101.37
Generative 0
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Table 8.35: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 5, Random delay.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL Generative
Fast_departure 0 100.76 101.04 101.50 102.23 103.95 103.16 103.14
Conservative 0 101.10 101.67 102.46 104.21 103.19 103.41
Cautious 0 101.50 102.27 103.71 102.78 103.06
Stable 0 101.76 103.03 102.51 102.69
Optimistic 0 102.36 102.21 102.14
Greedy 0 101.83 101.20
RL 0 101.18
Generative 0

Table 8.36: Table of pairwise relative performance of the different baselines for
5000 simulation runs, Setting 5, Unreliable service provider.

Fast_departure Conservative Cautious Stable Optimistic Greedy RL Generative
Fast_departure 0 100.51 101.64 102.63 103.41 104.96 103.31 103.81
Conservative 0 101.38 102.27 103.23 104.80 103.31 103.80
Cautious 0 101.52 102.47 103.90 102.84 103.55
Stable 0 101.59 102.98 102.35 103.09
Optimistic 0 102.10 101.87 102.58
Greedy 0 101.22 101.62
RL 0 101.13
Generative 0
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8.4 Glossary of Hyperparameters

Table 8.37: Agent Behavioral Hyperparameters

Parameter Strategic Implication

SenseConfig: Controls Information-Gathering Strategy

boards_per_centipawn The exchange rate between two sensing goals: reducing board set uncertainty versus

improving the score of the next move. A higher value prioritizes clarification of the

board state.

expected_outcome_coef Optimism factor. A higher value makes the agent focus more on the average-case

outcome when choosing a sense square.

worst_outcome_coef Pessimism factor. A higher value makes the agent prioritize avoiding the worst pos-

sible outcome of a sense action, leading to more cautious sensing.

outcome_variance_coef Risk aversion. Since this value is typically negative, it penalizes sense actions that

lead to a wide, unpredictable range of outcomes, favoring more stable and pre-

dictable results.

score_variance_coef A secondary risk aversion parameter related to the variance in move scores resulting

from a sense action.

MoveConfig: Controls Move Selection and Playing Style

mean_score_factor Determines the influence of a move’s average score (across all hypothesis boards) on

the final decision. Promotes solid, reliable play.
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Table 8.37 – continued from previous page

Parameter Strategic Implication

min_score_factor Cautiousness factor. A higher value prioritizes moves that are safe even in the worst-

case scenario, leading to a defensive style.

max_score_factor Aggressiveness/Gambling factor. A higher value encourages moves that have a high

potential reward, even if they are risky and the best-case scenario is unlikely.

threshold_score Adds variety to move selection by allowing the agent to choose from any move whose

score is within this margin of the best-scoring move. Prevents predictability.

sampling_exploration_coef Influences the UCT (Upper Confidence bounds applied to Trees) algorithm during

move evaluation. A higher value encourages the agent to evaluate moves it has

considered less often, preventing premature convergence on a suboptimal choice.

TimeConfig: Controls Time Management

turns_to_plan_for Sets the time-planning horizon. A lower value leads to more time spent on early

moves, while a higher value conserves time for the endgame.

min_time_for_turn A safety net to ensure the agent always spends a minimum amount of time thinking,

preventing trivial blunders.

max_time_for_turn A safety net to prevent the agent from spending too much time on a single move and

risking a loss on the clock.

time_for_sense The fraction of a turn’s allocated time that should be dedicated to choosing a sense

action. A higher value emphasizes the importance of information gathering.
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Table 8.37 – continued from previous page

Parameter Strategic Implication

time_for_move The fraction of a turn’s allocated time dedicated to choosing a move after sensing is

complete.
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8.5 Details of the Cart-Pole Swing-Up Environment

The Cart-Pole Swing-Up Environment, sourced from the realworldrl_suite
library and built upon the dm_control physics engine. The components of

the environment’s underlying Markov Decision Process (MDP) are defined as

follows[ope21]:

• State Space: The base state is represented by a five-dimensional, contin-

uous vector (s ∈ R5). This vector provides a physical description of the

system, comprising the cart’s position and velocity, as well as the pole’s

angular position (represented by its sine and cosine values) and its angu-

lar velocity. It is important to note that this state can be augmented with

additional information depending on the configuration, such as a boolean

vector indicating the status of safety constraints or noisy features to in-

crease dimensionality.

• Action Space: The action space is continuous, consisting of a single scalar

value (a ∈ R) bounded within the normalized range of [−1, 1]. This value

corresponds to the magnitude and direction of the horizontal force ap-

plied to the cart.

• Reward Function: A dense and continuous reward is provided at each

timestep. The reward value is a function of the pole’s vertical alignment,

scaled to be between 0 and 1. A reward of 1 is granted when the pole is

perfectly upright, while a reward of 0 is given when the pole is hanging

vertically downwards.

• Episode Termination: An episode is concluded after a fixed duration.

The default time limit is 10 seconds, which, given the simulation’s control

timestep, typically corresponds to 1000 discrete steps.

Incorporated Real-World Complexities

A key feature of the realworldrl_suite is the ability to introduce challenges

that model real-world phenomena. The primary complexities relevant to the

configured task are detailed below.

• Physical Perturbations: The physical parameters of the environment are

non-stationary. The simulation can perturb the pole’s length, the pole’s

mass, the joint damping, or the slider’s damping. Under the ’easy’ chal-

lenge setting, the pole’s length is specifically perturbed at the start of an
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episode, with its value being drawn from a distribution where the length

is between 0.9 and 1.1 times its standard length.

• Safety and Action Constraints: The environment actively monitors for

the violation of predefined constraints. For the swing-up task, these in-

clude:

– Slider Position: The cart’s position must remain within a specified

range, typically [-2m, 2m] from the center of the track.

– Balance Velocity: The pole’s angular velocity must be below a cer-

tain threshold when it is near its balanced, upright position.

– Slider Acceleration: The cart’s acceleration is constrained to prevent

excessively jarring movements.

– Action Rate of Change: The difference in applied force between

consecutive actions is limited to ensure smoother control signals.
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8.6 Strategies Employed by Tournament Bots

Below are short descriptions of the bots that participated in the NeurIPS 2022

tournament, which are mentioned in [GPS+22]:

StrangeFish2 This bot is a further development of the one with the same name

from NeurIPS 2021. All possible locations of opponent pieces are tracked, and

for each one, position strengths and likelihoods are estimated. Both sense and

move decisions are made to maximize the expected outcome of the turn. Per-

formance was improved through developments in board state value heuristics

and by using prioritized sub-sampling of tracked positions when all hypotheses

could not be evaluated due to time limits.

Fianchetto Minor changes were made to last year’s version of Fianchetto. The

bot is based on StrangeFish and uses Leela Chess Zero (Lc0) to model a proba-

bility distribution over opponent board states as a POMDP. The most significant

change is an increased weight given to defensive sensing and moving. This is

done to detect opponent attacking moves that had been assigned a low prob-

ability. These weights are specific to the opponent, with more defensive play

prioritized against more aggressive opponents. Additionally, its first move is

chosen from an opening book designed to favor closed chess positions, based

on the idea that such positions have lower uncertainty.

Kevin A distribution over possible game histories is explicitly tracked, as op-

ponent senses are considered important, not only the board state. Opponent

actions for both senses and moves are predicted using a neural network. This

network was trained with imitation learning on game logs from StrangeFish2.

Inputs from OpenSpiel are passed through a residual neural network (ResNet)

and a long short-term memory (LSTM) network, which then outputs a distribu-

tion over legal actions. The best move is selected by maximizing the expected

value over the distribution of histories, and board states are evaluated using

Stockfish.

Châteaux This bot is based on deep synoptic Monte Carlo planning. Informa-

tion states are approximated using a lossy stochastic abstraction, where sets of

boards are encoded into compact, fixed-size synopses. These fixed-size repre-

sentations are used as input to a residual neural network that outputs a value

estimation and a policy distribution. The network was trained on approximately

600,000 games. A "second-order" belief state of the opponent’s information is

also maintained using an unweighted particle filter composed of possible infor-
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mation states from the opponent’s view.

ROOKie A comprehensive multi-hypothesis-tracking of piece positions is per-

formed, and actions are selected by voting among the tracked boards. For each

tracked board, votes are contributed for up to 5 moves and against any moves

that leave the king in check. Computing the top moves this way is often much

faster than analyzing position strength. Sense actions are chosen to maximize

the expected consensus in votes from the boards that remain.

Oracle Board states are exhaustively tracked. A sense action is chosen to iden-

tify possible checks, or if none exist, to minimize the expected number of possi-

ble board states. The move that is recommended most frequently by Stockfish

across all possible board states is chosen.

Marmot A Monte Carlo counterfactual regret minimization (MC-CFR) algo-

rithm is used for sensing and moving. It includes novel modifications that

make assumptions about the past, allowing searches to start from mid-game at

the cost of soundness. A heuristic evaluation function, which combines Stock-

fish’s board-evaluation with a tracked uncertainty measure, is used to evaluate

intermediate states. All possible opponent board states for current and past

timesteps are tracked and used to start its MC-CFR searches.

JKU-CODA Contextual preference ranking is used to compute a probability dis-

tribution over possible board states based on historical games. All possible

moves on the most likely boards are evaluated with Stockfish. The move with

the best combination of worst-case and weighted-average evaluation is chosen.

Sensing is done to maximize the reduction in the number of possible states and

to decrease uncertainty in the evaluations of the best move. The ranking is per-

formed by a Siamese neural network that generates an embedding of boards

and observations.

DynamicEntropy This bot is a pessimistic version of single observer informa-

tion set Monte Carlo tree search. The game is considered only from the search-

ing player’s perspective, which allows the simulated opponent to select obser-

vations directly instead of its own actions. Leaf nodes are scored by a shallow

Stockfish evaluation of randomly sampled board states.

GarrisonNRL A set of possible boards is maintained. The sensing action is

selected by finding the location that maximizes a sensing weight, which is the

product of the number of potential opponent moves and the value of the pieces

moving there. When the number of possible boards is below 50, chess engines
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and heuristic methods are used to select a move. For each board, a best move

is chosen by attacking the king if possible, or otherwise by using Lc0 with the

Maia 1700 network. For larger sets of boards, a single observer information set

Monte Carlo tree search approach is employed.

trout (baseline) A single board-state estimate is maintained, which is formed

from the latest observation of each square. The move recommended by Stock-

fish for this board estimate is chosen. If a piece was just captured or a capture

is anticipated, sensing is done over the capture square. Otherwise, a random

location that does not contain one of its own pieces is selected for sensing.

attacker (baseline) One of four scripted attack sequences is randomly chosen

and executed. If that sequence fails, no more moves are made.

random (baseline) Moves are chosen uniformly at random. Sense actions are

not relevant.
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8.7 Comparative Methods

Below are short descriptions of the second and third methods that participated

in the International StepUP Competition for Biometric Footstep Recognition,

which are mentioned in [LMP+25]:

TI-MFBO framework

To address the high computational expense associated with hyperparameter

optimization (HPO) for deep spatio-temporal networks, a framework named

Transfer-Initialized Multi-Fidelity Bayesian Optimization (TI-MFBO) is pro-

posed. The sample efficiency of standard Bayesian optimization is improved by

this method through the combination of two main ideas: using transfer learn-

ing to initialize the surrogate model and applying a multi-fidelity evaluation

system. A primary difficulty in Bayesian optimization is the "cold start" problem

at the beginning, where the surrogate model has no initial data about the objec-

tive function. To overcome this issue, the surrogate model is pre-trained using

data from less costly proxy tasks. Examples of these tasks include optimizing

a basic 2D-CNN on maximum intensity projections of gait data or using input

resolutions that have been significantly down-sampled (sample_sz). This use of

transfer learning establishes a well-informed prior, which effectively gives the

optimization process a "warm start" for the main model.

The TI-MFBO framework operates using an advanced surrogate model, typi-

cally a Gaussian Process (GP), for which the prior distribution is informed by

the posterior knowledge gained from the proxy task. This method ensures that

the first steps in exploring the target hyperparameter space are directed by

previous, relevant information. A multi-fidelity structure is used for the opti-

mization, allowing for the flexible allocation of computational resources. Eval-

uations at low fidelity—such as training on a smaller group of participants or

for fewer epochs (n_epochs)—are performed to quickly eliminate poor hyperpa-

rameter settings. This process is managed by a cost-aware acquisition function,

for example, Multi-Fidelity Expected Improvement, which considers the cost of

evaluation at every level of fidelity. A system for promotion, similar to succes-

sive halving, is used. It guarantees that only the hyperparameter settings that

show good results at lower-cost fidelities are advanced for testing at higher-cost

fidelities.

By combining an informed starting point with a resource-conscious evaluation

method, TI-MFBO greatly cuts down on the number of costly training cycles
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needed. This allows for a more comprehensive and efficient search of the hy-

perparameter space. As a result, the framework is particularly suitable for com-

plex deep learning models that require significant computational resources.

ECCO In conventional HPO, the training process is typically viewed as a

fixed black box. An alternative approach, called Evolutionary Curricular Co-

Optimization (ECCO), is introduced. This paradigm concurrently optimizes the

model’s hyperparameters along with the curriculum for the training data. The

method is based on the idea that the best hyperparameters might depend on

the specific strategy used for presenting data to the model. An evolutionary

algorithm is utilized by ECCO, in which every individual within the population

stands for a full learning strategy. The genome of each individual contains two

different sets of parameters: (1) the model’s hyperparameters, such as learning

rate, optimizer, and layer sizes (lr, optimizer, layer_sizes), and (2) the curricu-

lum schedule. The curriculum is structured as a series of stages where the data

becomes increasingly complex. For example, an early stage might use data from

simple walking conditions only (e.g., barefoot (BF) at one speed (W1)), with

later stages gradually adding more difficult variables like different footwear

(ST, P1, P2) and speeds (W2, W3, W4).

For practical application, the curriculum part of the genome is structured as a

list of tuples, [(epoch_1, conditions_1), (epoch_2, conditions_2), . . . ], which

specifies when the dataset should be expanded. The evolutionary process

makes use of special genetic operators; for instance, simulated binary

crossover is used for continuous hyperparameters such as learning rate, while

uniform crossover is applied for categorical selections like the optimizer.

Mutations might include small changes to numerical values or adjustments to

the epoch boundaries within the curriculum. An individual’s fitness is assessed

using a two-part objective that balances the final performance on the

validation set against the computational cost, thus favoring strategies that are

both effective and efficient. Over multiple generations involving selection,

crossover, and mutation, ECCO develops cooperative combinations of curricula

and hyperparameters. This process can find effective and efficient training

paths that are not discoverable by methods that optimize these elements

separately.
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