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Chapter 1: Introduction

Machine learning applied to trajectory design problems is a burgeoning field of research and has

shown promise in the literature as an alternative to optimal control. The approaches for applying these

methods are numerous, and the research community has yet to establish a unified training pipeline

that produces robust and efficient trajectory design solutions. Some approaches leverage supervised

learning—training networks to emulate low-thrust optimal controllers—while others pose the trajec-

tory design problem as a Markov decision process and apply reinforcement learning (RL) methods.

The former can yield faster training times when prior data are available, whereas the latter typically

requires longer training but often produces controllers that generalize more effectively to perturbations

in the initial conditions. A gap in the literature remains regarding how hybrid training approaches can

balance the strengths of both paradigms while avoiding the drawbacks of relying exclusively on ei-

ther one. Namely, this work posits that it is possible—and beneficial—to seed reinforcement learning

trajectory design agents with supervised pretraining to significantly reduce training time and improve

generalizability.

This thesis explores a hybrid learning approach that combines supervised learning and rein-

forcement learning to approximate solutions to low-thrust optimal trajectory design problems. Prior

work has demonstrated that machine learning can be used to emulate optimal-control mappings, aug-

ment established numerical optimization pipelines, and reduce the computational cost of generating

low-thrust trajectories. In practice, however, many demonstrated applications are tailored to specific

mission scenarios or precisely defined problem classes—for example, neural-network-based trajectory

correction [5], compensation for missed-thrust events [6], or low-thrust transfers between libration

orbits in the Earth–Moon circular restricted three-body problem (CR3BP) [7].
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Extending these methods toward more diverse, target-generalized mission design or control

agents is challenging because performance often scales with the availability of large, high-quality

training datasets (for supervised learning) or extensive simulation experience (for reinforcement learn-

ing). As problem complexity increases—through longer time horizons, tighter terminal constraints, or

broader distributions of initial and target conditions—the required data volume and compute budget

can quickly become prohibitive. The central premise investigated in this work is that a hybrid pipeline

can mitigate these costs by using supervised pretraining to initialize the policy and value-function ap-

proximators, followed by reinforcement learning to preserve exploration and refine performance under

the full task objective. This combination is intended to retain the strengths of both paradigms while

reducing the practical burden associated with using either one in isolation.

Accordingly, this study evaluates the extent to which supervised pretraining on fuel-optimal ref-

erence trajectories can reduce the sample complexity of Soft Actor-Critic RL, while balancing terminal

accuracy and propellant efficiency for the Two-Body Transfer and Two-Body Rendezvous problems.

1.1 Motivation

There are distinct advantages to using hybrid machine learning methods to approximate low-

thrust control in certain settings. Low-thrust propulsion is becoming increasingly common in mod-

ern spacecraft designs because it enables much higher effective ∆v with modest propellant costs,

supporting new mission architectures and reducing mission costs. Low-thrust spacecraft operate by

thrusting continuously (or quasi-continuously) over long arcs, and designing efficient trajectories

with traditional optimal control methods can be computationally expensive. Controllers trained via

machine learning—especially neural-network-based controllers—offer promise in this area. Once
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trained, neural-network controllers can be evaluated in microseconds, making them negligible-cost

surrogates for onboard control relative to iterative re-optimization [5]. The need for autonomous guid-

ance, navigation, and control in both onboard and ground-based flight dynamics systems is driven by

the increasing rate at which new spacecraft are launched and operated. Small satellites and large con-

stellations, in particular, could benefit from more autonomous control systems that can independently

maintain or reconfigure their trajectories and potentially avoid collisions. This thesis is motivated by

the need for methods that retain the physics-consistent accuracy and structure of optimal control so-

lutions while also enabling fast, closed-loop guidance suitable for real-time correction and scalable

replanning.

Beyond the computational expense of optimal control, low-thrust mission operations introduce

uncertainty and autonomy constraints that motivate machine learning approaches to control. In prac-

tice, trajectories must be corrected under model mismatch and dispersions (e.g., navigation error, thrust

performance uncertainty and misalignment, etc.), which pushes the control architecture toward fre-

quent updates rather than a single pre-generated optimal solution. At the same time, physical and

logistical limitations such as deep-space communication delays, limited ground-station visibility op-

portunities, and staffing or resource constraints motivate fast onboard control. Machine-learning con-

trollers can map the current state and target conditions to feasible control actions while mitigating

these constraints.

Machine learning can provide fast, closed-loop control that supports increased autonomy in

space and scalable replanning on the ground. Optimal control, by contrast, offers high-fidelity, phys-

ically consistent, and interpretable solutions for trajectory design. This work argues that these ap-

proaches are complementary rather than competing: each is valuable in its intended role, and neither

is universally superior. The long-term trajectory design and spacecraft control landscape will likely
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benefit from hybrid pipelines that combine optimal control structure with learned, real-time decision

policies.

1.2 Problem Statement and Scope

This work explores the application of hybrid supervised and reinforcement learning techniques to

two classes of problems: the Two-Body Transfer problem (TBT) and the Two-Body Rendezvous prob-

lem (TBR). Each of these astrodynamics problems involves a spacecraft equipped with a low-thrust

propulsion system maneuvering in interplanetary space. The TBT involves maneuvering a spacecraft

from an initial Keplerian orbit to a target Keplerian orbit after a fixed time of flight. In the TBT, the

final true anomaly at which the target orbit is achieved is unconstrained. The TBR involves maneuver-

ing to a target orbital state that includes a specified true anomaly after a fixed time of flight, increasing

the number of terminal constraints by one relative to the TBT.

While the TBT and TBR problems have been extensively studied in the literature and their tra-

jectory optimization methods are well understood, they serve as useful benchmarking environments

for testing the benefits of hybrid machine learning approaches. The focus of this thesis is to develop

a pretraining pipeline and quantify its effects on these established problems, while minimizing the

confounding effects of introducing too many new variables at once. By using these well-studied prob-

lems, this work can leverage available mass-optimal solutions to compare the performance of machine

learning controllers against.

For these problems, the only gravitational body considered in the dynamics is the Sun, and the

transfer and rendezvous trajectories are constrained to the inner solar system. Multi-body effects,

orbital perturbations, and other dynamics that affect the trajectory are not considered in this work. The
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spacecraft state used in both the supervised and reinforcement learning processes is assumed to be

known perfectly. The motion of the spacecraft is also simplified to two spatial dimensions (i.e., x and

y).

This work makes use of the Soft Actor-Critic (SAC) reinforcement learning algorithm. SAC was

selected due to specific features that simplify experimentation with pretraining. Later sections explain

why these features facilitate combining supervised pretraining with RL; however, this work does not

claim that SAC, or actor-critic methods more broadly, are optimal for this approach.

For this investigation, the goal is to design fuel-optimal trajectories that achieve a desired target

state. This analysis does not include an explicit optimization of other objectives, such as minimizing

time of flight. This work is intended as a study to evaluate the potential benefits of using super-

vised pretraining with RL to produce controllers that approximate optimal control quickly; it is not

intended as a replacement for comprehensive mission design. The central question is whether super-

vised pretraining using mass-optimal trajectory datasets reduces the sample complexity of SAC while

preserving (or improving) terminal accuracy and propellant efficiency.

1.3 Key Challenges

Several challenges arise when evaluating the effects of supervised pretraining combined with

reinforcement learning for low-thrust trajectory design. A primary difficulty is the long-horizon,

continuous-control nature of low-thrust optimization. To apply RL, the trajectory problem must be

posed as a Markov Decision Process (MDP), which immediately raises a credit-assignment challenge:

the agent must satisfy stringent terminal conditions while also minimizing an objective accumulated

over the trajectory (e.g., propellant usage). In practice, terminal-state performance is the most mean-
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ingful indicator of success, but relying too heavily on terminal evaluation can lead to sparse reward

signals and unstable learning. To mitigate this, the pretraining and reinforcement learning phases in

this work use identical, fixed propagation step sizes. While step-size invariance is desirable (i.e., con-

trollers that generalize across a range of integration steps), accommodating variable step sizes would

introduce an additional input dimension and substantially increase the data requirements. Accordingly,

this work assumes a fixed step size in both supervised learning and RL; the reference ephemerides are

interpolated to align with the chosen step size used to form state–action transitions.

Closely related to sparse terminal rewards is the challenge of reward shaping. The reward signal

must reflect the desired behavior–—accurate terminal targeting with efficient propellant use—–without

enabling “reward hacking,” in which the agent exploits the reward structure in ways that do not corre-

spond to true mission objectives. In this work, the reward functions for the TBT and TBR problems

are designed to provide dense, continuous feedback throughout the time of flight to reduce the learn-

ing difficulties associated with purely terminal rewards. However, this design introduces weighting

parameters that require tuning. The selected values were obtained through iterative testing, but they

are unlikely to be globally optimal. A more systematic hyperparameter sweep over reward weights

would likely improve training stability and could also improve alignment between RL behavior and

the optimal-control demonstrations used for pretraining. Balancing dense, informative shaping against

faithful alignment with the underlying optimal-control objective remains a central challenge and an

active area of experimentation.

A further challenge in the data generation process, supervised pretraining, and RL fine-tuning is

maintaining consistency of dynamics and constraints across phases. The dynamics used to generate

reference trajectories must match the state-transition model used by the learning environment; even

subtle mismatches can degrade performance and confound comparisons. The reference dataset must
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also be high fidelity and sufficiently diverse, covering the relevant state space without introducing

unintended biases in orbital regimes, time-of-flight distributions, or control modalities. Ensuring both

fidelity and coverage is particularly important because the pretraining dataset can strongly influence

the initial policy and value estimates.

Finally, effectively combining supervised learning and reinforcement learning requires preserv-

ing exploration when a locally attractive optimum is present. Preserving exploration is especially

important in this work because the primary RL algorithm is Soft Actor-Critic (SAC), which learns

a stochastic policy using entropy-regularized optimization. During pretraining—–when updates are

driven by demonstration data rather than on-policy interaction—–there is a risk that the learned policy

becomes overly confident and low-entropy (near-deterministic), particularly if the dataset is limited in

coverage. Such entropy collapse can reduce state–action visitation during subsequent environment in-

teraction, slowing adaptation to off-demonstration states and harming final performance. Because SAC

relies on policy entropy to sustain exploration, supervised pretraining must be structured to maintain

sufficient stochasticity so that the agent can continue to explore and improve during RL fine-tuning.

1.4 Proposed Approach

The high-level approach used in this work consists of five major steps for both the TBT and

TBR problems. First, fuel-optimal reference trajectories are generated to serve as training data for

supervised learning. Next, the TBT and TBR problems are cast as Markov decision processes for

compatibility with reinforcement learning (RL) algorithms. Once the training data are generated and

the MDP formulations are in place, supervised learning is performed to initialize the policy and value

networks of an RL agent. In this analysis, the Soft Actor-Critic (SAC) algorithm is used for the
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RL portion of training, and the supervised pretraining stage is designed to align with SAC’s network

architecture. Specifically, pretraining is accomplished by performing gradient-based updates to the

policy and value networks using only the reference trajectories. The pretrained agent is then passed

into a standard SAC training process, using the pretrained policy and value networks as an initial

approximation of fuel-optimal control. As a result, instead of executing purely random actions at the

beginning of SAC training, the policy produces control inputs consistent with the reference training

data while still exploring new trajectories and previously unseen states. These new trajectories are

stored in the experience replay buffer as they are encountered and are used to update the agent policy as

additional states are observed. SAC further encourages exploration through an entropy-regularization

mechanism while refining the pretrained policy and value estimates.

After pretraining and RL, a Monte Carlo evaluation process is used to characterize agent perfor-

mance. Random initial conditions are sampled from the same orbital distributions used for the training

data and reinforcement learning, and the agent is evaluated on performance over these previously un-

seen trajectories. Statistics are gathered for the total reward accrued by the agent, as well as terminal

position and velocity residuals and delivered spacecraft mass at the target. Figure 1.1 illustrates this

analysis workflow.
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Figure 1.1: Hybrid Supervised and Reinforcement Learning Pipeline

1.5 Contributions

This thesis presents the following technical contributions:

1. Introduced a supervised pretraining stack to RL applied to low-thrust trajectory design.

2. Established two baseline low-thrust Markov Decision Processes readily incorporated into con-

tinuous RL algorithms to quantify the impact of supervised pretraining.

3. Presented empirical results from preliminary sensitivity studies on the MDP environments mea-

suring the impacts of supervised pretraining.

1.6 Thesis Organization

This thesis is organized as follows. Chapter 2 explores the state of the literature in low-thrust tra-

jectory design and modern applications of optimization methods. The literature review also examines

applications of supervised machine learning and reinforcement learning in the low-thrust trajectory

design domain.
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Chapter 3 covers the technical background necessary to discuss the hybrid machine learning

approach to low-thrust problems used in this work. It provides an overview of optimal control meth-

ods for low-thrust trajectory design, with emphasis on the indirect methods used to generate training

data for later experiments. An introduction to reinforcement learning is then provided, followed by a

discussion of deep reinforcement learning and supervised learning with neural networks. The chap-

ter concludes with a detailed description of the Soft Actor-Critic algorithm, the primary RL method

applied to trajectory design problems in this thesis.

Chapter 4 presents the methodology behind the hybrid learning approach. It describes the gener-

ation of fuel-optimal trajectories used to construct the primary datasets in this thesis. Markov decision

process (MDP) formulations are provided for the TBT and TBR problems, along with an explanation

of how the trajectory data are converted into replay-buffer experiences for supervised pretraining. The

chapter then summarizes how these components are integrated into a supervised pretraining pipeline

and concludes with the Monte Carlo evaluation approach used during and after training.

Chapters 5 and 6 present results from the two primary experiments in this work. Chapter 5

describes a proof-of-concept experiment that demonstrates the utility of pretraining. Chapter 6 reports

results for a more challenging transfer problem and examines the combined effects of pretraining data

volume and the number of pretraining iterations on agent performance.

Chapter 7 discusses the experimental results and identifies promising directions for future work.

Chapter 8 concludes the thesis by summarizing the empirical findings and providing closing remarks

on combining supervised learning and reinforcement learning for trajectory design problems.

10



Chapter 2: Literature Review

2.1 Low-Thrust Trajectory Optimization

Low-thrust trajectory design is commonly formulated as an optimal control problem (OCP) in-

volving a spacecraft with an allowable set of control inputs that must be guided from an initial state

to a target state while optimizing a performance metric. Common optimization metrics include mini-

mizing propellant consumption, minimizing time of flight, or some weighted combination of the two.

Classical approaches to solving this problem treat it as a constrained optimization over the spacecraft’s

control time history, subject to the dynamics and boundary conditions of the problem under consid-

eration. Pontryagin’s Maximum Principle (PMP) provides the foundational necessary conditions for

optimality through the use of costates and a Hamiltonian. Costates in this context are analogous to

Lagrange multipliers [8], and the Hamiltonian is constructed from the problem states, costates, and

performance metric; minimizing it yields the optimal control along a trajectory [9].

Modern references focus on the practical numerical strategies involved in applying PMP-based

methods to low-thrust trajectory design problems, including sensitivity to initial costate guesses, effi-

cient solution of the two-point boundary value problem (TPBVP) induced by these methods, handling

of discontinuous thrusting behavior, and convergence limitations [10, 11].

Two traditional approaches discussed in the literature for solving low-thrust trajectory problems

are indirect and direct methods. The PMP-based approach described above is categorized as an in-

direct method because it solves for the costates, which are then used to compute the optimal control

along a trajectory [9]. Direct methods instead transcribe the OCP into a finite-dimensional nonlin-

ear programming (NLP) problem by parameterizing the state and control and enforcing the dynamics

11



through constraints. Direct methods do not require the explicit computation of costates and often offer

increased robustness and greater flexibility with respect to inequality constraints; however, this typi-

cally comes at the cost of higher decision-variable dimensionality and reliance on comparatively heavy

NLP solvers [10, 11]. A representative early direct strategy for preliminary low-thrust mission design

is the Sims–Flanagan method, which discretizes the trajectory into segments and enforces boundary-

matching constraints, enabling efficient exploration of mission trades during early-phase design [12].

Modern approaches build on this strategy and use collocation schemes that improve accuracy and

adaptability through careful selection of nodes. For example, Holden et al. [13] use adaptive quadra-

ture collocation for interplanetary transfers to refine the transcription (the discretized representation of

the problem) where needed.

Direct methods are generally more robust to initial guesses, whereas indirect methods tend to

converge to tighter tolerances [14]. The robustness of direct methods enables solution of trajectory

design problems with more complicated boundary conditions, but this typically comes at increased

computational cost. The optimization process used in this work is an indirect strategy that solves for

costates leading to optimal control. One reason for selecting an indirect method is the relatively sim-

ple, well-known analytical expressions for the costates in the TBT and TBR problems investigated

here. Sidhoum and Oguri [3] provide compact solutions that can be readily incorporated into ordi-

nary differential equation (ODE) solvers used to generate optimal trajectories. Indirect methods also

provide a guarantee of optimality with respect to the problem constraints when the PMP necessary

conditions are satisfied [9], whereas direct methods do not provide an explicit optimality guarantee

without additional analysis [15]. Indirect methods can also converge to comparatively tighter toler-

ances than direct methods because they involve fewer decision variables. In addition, indirect methods

enforce the continuous dynamics throughout the trajectory, avoiding transcription-induced artifacts
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and yielding higher-fidelity reference trajectories for the training datasets.

Between purely indirect single shooting and fully collocated direct transcription lies a spectrum

of hybrid approaches. Multiple shooting partitions the time horizon into subarcs, integrates the dy-

namics on each arc, and enforces continuity via matching constraints. This can improve conditioning

relative to single shooting while preserving the favorable structure of integrating the dynamics di-

rectly [10,11]. Meng et al. demonstrate low-thrust minimum-fuel optimization using multiple shooting

augmented by analytical derivatives, highlighting both the practical viability of shooting-style decom-

positions and the importance of accurate sensitivity information for convergence and computational

efficiency [16]. Such methods are especially relevant for problems where dynamics integration is rela-

tively inexpensive (e.g., two-body models) and where solver performance can benefit from structured

Jacobians and derivative information.

2.2 Modern Approaches to Indirect Optimization in Low-Thrust Spacecraft Control

Indirect methods remain an active area of research for low-thrust trajectory design because many

minimum-fuel problems exhibit a bang–bang optimal throttle structure. Bang–bang control is a regime

in which the spacecraft either thrusts at its maximum capacity or is off entirely, with no smooth

transitions in between [17]. This structure can make TPBVP shooting numerically fragile; conse-

quently, modern work often focuses on improving robustness and convergence without abandoning

the Pontryagin-based structure that makes indirect methods attractive.

A common practice is to introduce smoothing or continuation adjustments to regularize discon-

tinuous control behavior and expand the convergence region of TPBVP solvers. Bertrand and Epenoy

present a set of smoothing techniques for bang–bang optimal control problems and provide numerical
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results and interpretation that motivate continuation-style approaches for reliable convergence [18].

Building on this idea in a fuel-minimization setting, Taheri et al. put forth an enhanced smooth-

ing technique tailored to indirect optimization of minimum-fuel low-thrust trajectories, demonstrating

how smoothing-method selection can affect convergence behavior and solution quality [19].

Beyond bang–bang discontinuities, another challenge for indirect optimization methods is sensi-

tivity to the initial costate guess. Parrish et al. provide an applied example of indirect low-thrust opti-

mization in a challenging dynamical environment (Earth–Moon DRO-to-L2 halo transfers), illustrating

both the practicality of indirect methods and the sensitivity that motivates improved costate initializa-

tion and continuation practices [20]. To address these initialization difficulties directly, Hecht and

Botta introduce a particle swarm optimization (PSO) approach for costate initialization in low-thrust

minimum-fuel problems, using a global-search heuristic to improve convergence of the subsequent

indirect solution [21].

Recent efforts also explore hybrid formulations that preserve PMP structure while incorpo-

rating ideas from dynamic programming or second-order trajectory improvement methods, particu-

larly to better handle path constraints and improve numerical stability. Sidhoum and Oguri present a

Pontryagin–Bellman differential dynamic programming framework for low-thrust trajectory optimiza-

tion with path constraints, representing a modern direction that blends indirect necessary conditions

with dynamic programming updates [22].

In this thesis, the indirect solution approach is used primarily as a reliable generator of high-

quality, mass-optimal reference trajectories for supervised pretraining and benchmarking. Because of

the simple two-body dynamics used in the equations of motion, a relatively compact analytic struc-

ture exists for the optimal control; therefore, the emphasis is placed on smoothing and continuation

for robust convergence rather than more elaborate enhancements such as global-search costate ini-
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tialization or hybrid DDP methods. These modern techniques provide a clear path for extending the

data-generation pipeline to more complex dynamics and constraints in future work [18–22].

2.3 Supervised Learning Applied to Spacecraft Guidance and Control

Supervised learning provides a practical way to approximate expensive mappings that arise in

trajectory design and guidance by training neural networks on labeled data generated from physics-

based simulation or numerical optimization. Modern deep networks serve as complex function approx-

imators that can be trained with gradient-based methods, enabling rapid inference after training [23].

This section will focus on supervised learning specifically as it has been applied to spacecraft control

and low-thrust trajectory problems, and how supervised learning can be used to as an enhancement or

a substitute for indirect and direct trajectory optimization methods.

From a controls perspective, neural networks can be used to approximate nonlinear mappings

needed for optimal low-thrust control provided representative training data are available and care is

taken with generalization and closed-loop behavior [24]. For this work, this perspective motivates the

use of supervised learning to approximate the optimal low-thrust control structure learned from ref-

erence solutions generated with indirect methods, and will provide informed initialization for down-

stream reinforcement learning. General deep-learning concepts follow standard treatments when ap-

plied to trajectory design problems as explained by Goodfellow, Bengio, and Courville [23].

A useful view is to treat deep learning based trajectory optimization methods as a number of

subcategories as described in Li, Jia, and Zhang: (i) surrogate modeling of costs/metrics to accelerate

search and screening, (ii) direct approximation of guidance/control laws for real-time use, and (iii)

learned components that assist classical optimization, such as warm-starting, continuation, and correc-
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tion [25]. This taxonomy provides a structure for the remainder of this subsection and clarifies where

the contributions of the present work sit relative to prior studies.

Category I: surrogate models for rapid cost/feasibility evaluation. A common supervised-learning

use case is to replace repeated numerical optimization calls with fast predictors of mission-relevant

quantities like transfer cost, time, or feasibility proxies. For example, deep networks have been trained

to approximate optimal low-thrust cost quantities in multi-target settings, enabling rapid evaluation

that supports higher-level mission design trade studies [26]. This line of work emphasizes increased

scalability and output. Once a network is trained to estimate these mission-relevant quantities, a sur-

rogate network can be queried orders-of-magnitude faster than solving an optimal control problem for

each candidate solution.

Related efforts extend supervised learning beyond single transfers toward mission-design con-

texts involving multiple rendezvous targets and continuous-thrust constraints. Viavattene and Ceri-

otti, for instance, apply neural networks to multiple-NEA rendezvous mission design with continuous

thrust, demonstrating how learned models can support complex design spaces that would otherwise

require extensive optimization runs [27]. Considered alongside the mission feasibility proxy estima-

tion work, these studies motivate supervised learning as a way to compress expensive trajectory design

computations into reusable models.

Category II: end-to-end guidance and real-time low-thrust control approximation. A second major

theme is using supervised learning to approximate the optimal control law itself: mapping a state

(and implicitly, target and time-to-go) to the control vector suitable for low-thrust transfer. Real-time

guidance is a particularly strong motivation, since onboard or interactive applications demand fast
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inference once training is complete. Izzo and Öztürk demonstrate real-time guidance for low-thrust

transfers using deep neural networks, illustrating how learned policies can approximate solutions that

would otherwise require repeated numerical optimization [28], as is required in direct and indirect

optimization methods of the previous subsection. This category is closest conceptually to treating the

neural network as an explicit controller instead of a tool that facilitates offline design.

Category III: correction and off-nominal recovery using supervised learning. Supervised learning

has also been used to correct trajectories or recover performance when the spacecraft experiences

deviations from a nominal plan. Rubinsztejn et al. study neural-network optimal control in an astro-

dynamics setting with application to the missed-thrust problem, demonstrating how networks can be

trained to produce corrective actions (or corrected control) when thrust execution differs from a base-

line reference [6]. This is particularly relevant to practical operations, where low-thrust missions may

face execution errors, modeling mismatch, or uncertainty that motivates rapid correction and looking

past the idealized scenarios of early-phase mission design.

As mentioned in Subsection 2.1, a persistent practical challenge in low-thrust trajectory opti-

mization is generating sufficiently good initial guesses for indirect or shooting-based methods. Parrish

and Scheeres highlight this difficulty and propose approaches for low-thrust optimization with no ini-

tial guess, motivating the role of learned components as a way to reduce dependence on user-provided

initialization [29]. In follow-on work, neural networks are used explicitly for optimal low-thrust trajec-

tory correction, reinforcing the idea that supervised models can be integrated with traditional solvers

to improve robustness and reduce iteration counts [5].

Across the three major categories of supervised learning identified, a consistent pattern emerges:

supervised learning is most effective when (i) high-quality labeled data are available (often from opti-
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mal control solvers), and (ii) the learned model is embedded in a workflow that exploits its strengths

while managing its limitations [23,25]. In the context of this thesis, these studies motivate using mass-

optimal low-thrust reference solutions as training data for initial supervised learning that will take

place prior to reinforcement learning for low-thrust trajectory design. To distinguish this supervised

training process as the first segment of a two-part deep learning process (to be followed by reinforce-

ment learning), it will be referred to as pretraining in this specific application.

2.4 Reinforcement Learning in Spacecraft Guidance and Control

Kochenderfer provides a deep and clear foundation for general reinforcement learning in a va-

riety of applications [1], and covers many aspects of decision making agents and planning used in

this work. The foundational aspects of reinforcement learning used in this work are drawn from this

reference. These principles are leveraged by many works in low-thrust trajectory design in a variety of

settings.

A comprehensive survey of the use of deep RL in spacecraft control applications as of 2022 is

provided by Tipaldi, Iervolino, and Massenio [30]. A wide variety of approaches covered in litera-

ture are summarized in this work in many aspects of spacecraft control. From this, a few particular

works were analyzed in detail in support of this analysis. LaFarge et al. [7] demonstrate that modern

policy-optimization methods can produce closed-loop low-thrust guidance policies in multi-body en-

vironments that are difficult to address with classical two-body analytic structure alone. Their results

highlight one of the core motivations for RL in spacecraft guidance: rather than solving a new opti-

mization problem from scratch for each initial condition, a trained policy can provide fast feedback

control that generalizes across a distribution of initial states and perturbations. Holt et al. [31] inves-
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tigate actor–critic-style learning for low-thrust trajectory design and emphasize the practical value of

learning feedback-driven control laws with state-dependent parameters. Together, these works illus-

trate a recurring theme in RL for spacecraft control: RL is often most useful when the goal is not

to replace optimal control solvers all together, but to provide deployable closed-loop guidance that

can be evaluated quickly and repeatedly under uncertainty, model mismatch, and there is a large-scale

demand of trajectories.

Within the broader RL landscape summarized by Tipaldi et al. [30], actor–critic methods are

especially prevalent for spacecraft problems because they scale well to continuous states and actions

and can exploit function approximation without requiring explicit value tables. In this thesis, the

Soft Actor–Critic (SAC) algorithm is selected as the primary RL approach because it is an off-policy

actor–critic method designed for continuous control with an explicit maximum-entropy objective [32].

Haarnoja et al. [32] is a central work used in understanding the features of SAC RL and how they can

be leveraged for supervised pretraining.

A key bottleneck in continuous-control RL is that naı̈ve exploration can be prohibitively expen-

sive when dynamics are long-horizon and constraints are tight. Nair et al. [33] show that incorporating

demonstration data can materially reduce the exploration burden in actor–critic training by biasing

early learning toward competent behavior while still allowing improvement through reinforcement

learning. They demonstrate this for robotic block stacking problems, the central ideas explored are

analogous to what is investigated here in a spacecraft guidance application.

From a broader perspective, Levine et al. [34] formalize the setting in which policies and value

functions are trained from a fixed dataset (offline RL), highlighting both the promise of leveraging

pre-generated trajectories and the central risks associated with distribution shift and extrapolation error

when the learned policy visits states that are weakly represented in the dataset. In response to these
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challenges, methods that explicitly blend imitation and off-policy RL objectives have emerged; for

example, Fujimoto and Gu [35] propose a simple approach that augments value-based actor–critic

updates with a behavior-cloning term to keep the learned policy near the data distribution while still

enabling improvement through reinforcement learning.

Taken together, these results motivate the hybrid pipeline used in this work: fuel-optimal ref-

erence trajectories can be interpreted as expert demonstrations that initialize the policy and value

estimates, after which off-policy RL can refine performance through continued interaction and ex-

ploration. In particular, SAC’s replay-buffer training structure makes it straightforward to incorporate

pre-generated optimal-control trajectories as initial experience, and its entropy-regularized objective

provides a principled mechanism to preserve exploration while the agent transitions from imitation-

dominated learning to online reinforcement learning [32]. This framing positions supervised pretrain-

ing not as a replacement for RL, but as an initialization strategy that improves sample efficiency and

stabilizes early learning, consistent with the motivation emphasized in demonstration-augmented and

offline RL studies [33–35].

20



Chapter 3: Technical Background

3.1 Optimal Control

3.1.1 Low-Thrust Problem Formation

There are two classes of problems considered in this analysis. The first is the “Two-Body Trans-

fer” problem, which refers to maneuvering a spacecraft from one circular orbit to another circular orbit

with a different semi-major axis. This problem is confined to two spatial dimensions, x and y. The

second is the “Two-Body Rendezvous” problem, which involves maneuvering a spacecraft from an

initial circular orbit to match the state of a specified target after a fixed time of flight. For both prob-

lems, the central body is assumed to be the Sun. The gravitational effects of other planets and celestial

bodies in the solar system are neglected; the Sun is the only gravitating body acting on the spacecraft.

While these two problems are distinct in their respective terminal conditions, the dynamics gov-

erning the spacecraft motion are the same in both the Two-Body Transfer (TBT) and Two-Body Ren-

dezvous (TBR) cases. The Cartesian equations of motion are given in Eq. (3.1).

˙⃗x = f⃗(x⃗, u, α⃗) =


˙⃗r

˙⃗v

ṁ

 =


v⃗

− µ
r3
r⃗ +

Tmaxu

m
α⃗

−Tmaxu

Ispg0

 (3.1)

This system includes two control inputs: the thrust throttle and the thrust direction. The thrust

throttle, denoted by u, ranges from 0 to 1 and dictates what fraction of the maximum available thrust

the spacecraft applies while maneuvering. The thrust direction, α⃗, is the unit vector along which thrust

21



is applied. Because the motion is confined to two dimensions in this simulation, the state vector has

five components and the control vector has three components: u, αx, and αy.

3.1.2 Canonical Coordinate Encoding

Both the optimization processes used to generate the training data and the reinforcement learning

algorithms discussed later make use of a canonical coordinate encoding. This amounts to transforming

the state vector into nondimensional units and is intended to prevent computational issues that can arise

when integrating equations of motion with state components of vastly different magnitudes. These

nondimensional encodings are also useful when querying neural networks that accept state vectors as

inputs. In practice, neural network training is often improved when input features are of comparable

scale and ideally lie between −1 and 1.

The transformation to canonical units follows the standard set of expressions in [36]. First,

the characteristic length of the coordinate system is defined as the semi-major axis of Earth’s orbit:

l∗ = aEarth = 1 AU. The characteristic mass of the system is defined as the mass of the central

body, m∗ = mSun. The final piece of the transformation is the characteristic time. Consider a circular

reference orbit with semi-major axis equal to l∗. The orbital velocity and subsequent characteristic

time are:

v∗ =

√
µ∗

l∗
=
l∗
t∗

t∗ = l∗

√
l∗
µ∗

=

√
l3∗
µ∗

(3.2)

This leads to the following quantities used in this work for nondimensionalization during nu-
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merical integration and neural network inference:

l∗ = aEarth ≈ 1.496× 1011 m,

m∗ = mSun ≈ 1.988× 1030 kg,

t∗ =

√
l3∗

Gm∗
≈ 5,023,281 s,

G = 6.674× 10−11 m3

kg s2
.

(3.3)

These quantities are then used to non-dimensionalize the state vector components:

x′ =
x

l∗
,

y′ =
y

l∗
,

v′x =
vxt∗
l∗

,

v′y =
vyt∗
l∗
.

(3.4)

The mass of the Sun is used to define a sensible characteristic time; however, it is not a suitable

quantity for nondimensionalizing spacecraft mass due to the extreme difference in magnitudes. There-

fore, spacecraft mass is normalized by the initial spacecraft mass (prior to propellant expenditure):

m′ =
m

m0

(3.5)
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A quick sanity check of these quantities is warranted. Using these non-dimensional units is

akin to setting the gravitational constant G equal to one [36] and operating in a transformed dynamics

problem. Substituting each of the non-dimensional quantities into the units of the gravitational constant

should lead to its known empirical value of 6.674 × 10−11 m3

kg×s2 . A quick assessment of these units

confirms this:

G∗ =
l3∗

m∗t2∗
=

(1.496× 1011m)3

(1.988× 1030kg)× (5, 023, 281s)2
= 6.674× 10−11 m3

kg × s2
(3.6)

3.1.3 Optimal Control Problem Definition

This analysis is concerned with navigating from an initial state to a target while minimizing fuel

mass. A cost function, also referred to as a performance metric, will be defined for the control prob-

lems that will give a quantitative measure of how optimal a given trajectory is. Consider a trajectory

propagated using the equations of motion given in Equation (3.1) from an initial time t0 to a final time

tf , subject to control by u(t) and α(t) during this interval. A performance metric that will yield a

mass-optimal trajectory (meaning that the final mass of the spacecraft at tf should be maximized) is

desired and can be shown to be:

J0 =
Tmax

Ispg0

∫ tf

t0

u(t) dt (3.7)

This integral comes from the fact that the mass rate should be minimized throughout the trajec-

tory as much as possible during the flight time. Since the mass derivative from Equation (3.1) is just a

function of the maximum spacecraft thrust, thruster specific impulse, gravitational acceleration at the

Earth’s surface, and the throttle input; the constants can be pulled out of the integral and the perfor-
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mance index becomes just an integral of u over the time span of interest. The goal of the optimization

process will be to minimize J0 to yield an optimal trajectory.

The control variables consist of the throttle control u and the burn direction vector α. The

control throttle is a scalar constrained between 0 and 1 and dictates the instantaneous fraction of the

maximum available thrust the spacecraft can maneuver with. The burn direction is the unit vector for

which the thrust is applied. These constraints are provided below in condensed form:

0 ≤ u ≤ 1

∥α∥ = 1

(3.8)

While the performance index J0 is ultimately what should be minimized in the optimal control

problems discussed here, another performance index; J1, will be defined because it is a useful step-

ping stone in computing trajectories due to numerical issues involved with handling the mass-optimal

performance index J0. Equation (3.9) is the “energy-optimal” cost function, where the integrand is the

square of the throttle input u.

J1 =
Tmax

Ispg0

∫ tf

t0

u2(t) dt (3.9)

It should be noted here that for the control problems being considered in this analysis, the time of

flight (TOF = tf − t0) will be fixed during the propagation and will be considered an input parameter.

Optimizing the time of flight, among other design variables, are of interest in this process but are not

covered in this work. Refer to Kim [11] for further reading on additional forms of optimal control

problems, including time-optimal trajectory generation methods.
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3.1.4 Direct and Indirect Solution Methods

There are two main approaches to solving optimization problems in this form: Direct and In-

direct optimization methods. Direct methods involve solving for the optimal control directly, while

indirect methods solve for the optimal control by establishing a Two-Point Boundary Value Problem

using Pontryagin’s Maximum Principle and using the resultant co-states to find then find the optimal

control variables [11].

3.1.5 Pontryagin’s Maximum Principle

Now that the OCP (Optimal Control Problem) has been properly defined, a solution frame-

work will be derived. Pontryagin [9] derived the necessary criterion for solving the OCP outlined in

Section 3.1.3 and formulated Pontryagin’s Maximum Principle (PMP). PMP allows for finding the

equations for the optimal control variable derivatives with respect to time directly. Once the deriva-

tive equations are determined, a two-point boundary value problem can be solved numerically for the

optimal trajectory. These PMP-based trajectory solutions will serve as the benchmark performance

standard along with the reference training data for neural network based controllers.

PMP states that the optimal control takes the form [9] in Equation 3.10:

(u∗, α⃗∗) = argmin
(u,α⃗)

H (3.10)

“H” in this equation is the Hamiltonian for the optimal control problem and is constructed using

costates, which are analogous to Lagrange multipliers. Pontryagin showed that the optimal control for

an OCP is the control input that optimizes the Hamiltonian [37]. Therefore, for the system in Eq. 3.1,
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the optimal control inputs are the throttle and thrust direction (denoted by u∗ and α∗) that minimize

H . The performance metrics defined in Eqs. 3.7 and 3.9 are cost functions to be minimized over the

trajectory; thus, optimizing the Hamiltonian corresponds to a minimization process in this setting.

The Hamiltonian is a scalar equation defined by:

H = L+ λ⃗T f⃗(x⃗, u, α⃗) (3.11)

In this equation, L is the incremental cost, also referred to as the Langrangian. It is simply the

integrand from the performance metric that is to be optimized in the trajectory. For the minimum fuel

use problem defined in Equation 3.7, the incremental cost would just be u(t) since the max thrust and

specific impulse are constants in this analysis and can be pulled out of the integral in the objective

function. For the minimum energy performance metric in Equation 3.9, L is u2(t).

The co-state vector is multiplied component-wise to each of the state derivatives and is defined

by λ⃗. There is a corresponding co-state for each state variable in the OCP. The co-state vector can

be though of as the incremental cost in optimality as a result to changes in the state. The dynamics

governing the motion of the spacecraft in Equation 3.1 describe the constraints in the OCP, whereas

the costate vectors contain information on the sensitivity of the objective function on changes in the

state.

Pontryagin also defines the final necessary condition for computing the co-states, and therefore

the optimal control, with the relationship in Equation 3.12 [9]. The combination of Equations 3.10,

3.11, and 3.12 allow for an analytical solution for the complete set of derivatives for the states and

co-states of the OCP.
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λ̇i = −
∂H

∂xi
(3.12)

3.1.5.1 PMP Applied to the Spacecraft Low-Thrust Problem

Applying the equations of motion to the Hamiltonian definition in Equation 3.11 leads to the

following Hamiltonian:

H = u+ λ⃗r · v⃗ + λ⃗v · (−
µ

r3
r⃗ +

Tmaxu

m
α⃗)− λm

Tmaxu

Ispg0
(3.13)

The first u in the Hamiltonian comes from substituting the first performance metric from Equa-

tion 3.7 in for L. The remaining terms are just the state vector components being multiplied by each of

their respective co-states. The position and velocity terms are combined in vector notation for brevity.

Equation 3.12 is now applied to this and the co-state derivatives can be computed now to produce the

following system of equations [3]:

˙⃗
λr = −

δH

δr⃗
=

µ

r3
λv −

3µr⃗ · λ⃗v
r5

r⃗

˙⃗
λv = −

δH

δv⃗
= −λr

˙⃗
λm = −δH

δm
=
−Tmaxu
m2

∥λ⃗v∥

(3.14)

With these derivatives in place, there are now ten equations for each of the five states and co-

states. The control variables are still unknown and need to be determined using Equation 3.10. Lawden

[38] covers the concept of the primer vector and Prussing [39] shows that the PMP can be used to show

this primer vector is the optimal thrusting direction and is defined in Equation 3.15.
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α⃗∗ = − λv
∥λv∥

(3.15)

With the primer vector established in Equation 3.15, finding the optimal control simplifies to

solving for u that minimizes H . Algebraic manipulation [3] can be used to update the Hamiltonian

equation to Equation 3.16 in order to isolate the term proportional to u:

H = −Tmaxu
Ispg0

(λm + Ispg0

∥∥∥ λ⃗v∥∥∥
m
− 1) + λ⃗r · v⃗ −

µλ⃗v · r⃗
r3

(3.16)

Normally, finding the minimum can be done by setting the derivative with respect to u equal

to zero and solving for u, but inspection of Equation 3.16 reveals that the Hamiltonian is linear with

respect to u. Since this linear relationship exists and u is also constrained between 0 and 1, the optimal

control for u becomes the following:

u∗ =



1 if ρ(t) > 0

0 if ρ(t) < 0

∈ [0, 1] if ρ(t) = 0

(3.17)

where ρ(t) is called the “switching function” and is defined as:

ρ = λm +
Ispg0∥ λv∥

m
− 1 (3.18)

The switching function is the portion of the Hamiltonian that is multiplied by u and changes

over time (Tmax , Isp, and g0 are all constant). So, if ρ is positive, u should be as large as possible to

minimize H, and if ρ is negative, then the opposite is desired. Bertrand and Epenoy [40] show that the
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switching function only takes on the value of zero at “isolated points” in a given propagation, so u will

take the value of either 0 or 1 throughout the trajectory. This is referred to as “bang-bang” control and

is a reference to the fact that in this control scheme, the optimal thrust is ramped up to its maximum

value the instant ρ is positive and alternatively the thrust should instantly be minimized the moment

ρ becomes negative. With these equations for u and α⃗, the necessary conditions for determining the

optimal control are achieved since u and α⃗ are functions of the states and co-states, and analytical

solutions for the time derivatives of the OCP states and co-states are also known.

3.1.6 The Two-Point Boundary Value Problem

With the system of equations defined that describe the time-evolution of the OCP, and objective

functions established in subsection 3.1.3, the boundary conditions for each of the control problems of

interest can now be considered. In both problems, the spacecraft begins in an initial state defined by ri,

θi, ṙi, and ˙vθ,i. A transformation to polar coordinates is required here to enforce boundary conditions

at the start and end of the trajectory. The key difference between the two OCPs under analysis here are

the terminal boundary conditions for the trajectory.

For the Two-Body Transfer Problem, the desired terminal condition is that the spacecraft enters

a circular orbit defined by rf . Because of this, ṙf = 0 and ˙vθ,f is simply the circular velocity prescribed

by orbital mechanics:

˙vθ,f =

√
µ

rf
(3.19)

In the TBT problem, the terminal true anomaly is left unconstrained. To solve this problem, 10

boundary conditions are required for the 10 equations. So far, the initial and final values for r, ṙ, v̇θ are
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known. The initial values for θ and m are known, but their final values are unknown. Since the final

mass is unconstrained, the final co-state for the mass must be zero [3], which provides an additional

boundary condition. The Transversality Condition also states that if a final state is free and the time

of flight is fixed, then the terminal co-state for that variable is zero [41]. This gives the final condition

necessary to solve this problem, with λθ,f = 0.

Because the problem needs to utilize boundary conditions at the initial and final state of the

trajectory, this is a Two-Point Boundary Value Problem (TPBVP). This differs from a standard initial

value propagation where a complete set of initial conditions are known along with the state derivatives,

and can simply be numerically integrated. In this instance, the initial values of the co-states are all

unknown and need to be determined but there is sufficient information at the initial and terminal states

to solve the system of equations. For a TPBVP, an iterative numerical process is required to solve the

system of equations while satisfying the boundary conditions.

A TPBVP is also necessary to solve the Two-Body Rendezvous problem, but the boundary

conditions used to solve it are different. In the TBR problem, the final position and velocity conditions:

rf , θf , ṙf , and vθ,f , are all fixed. Again, for mass optimality, the final co-state for mass is zero, which

provides all the necessary conditions for solving the TBR problem.

3.1.7 Homotopic Smoothing

In section 3.1.5.1, the notion of “bang-bang” control was discussed, and it is evident that this

control regime is what leads to fuel-optimal control. The thrust is applied either at maximum capac-

ity, or not at all. This discontinuous control regime is problematic, particularly for the root finding

algorithms necessary to solve the TPBVP as they prefer to operate with smooth functions to reach

31



convergence.

To counteract this, Homotopic Smoothing to first solve for the “energy-optimal” cost func-

tion (which does not have the “bang-bang” control characteristic) and then gradually move from this

energy-optimal trajectory to a mass-optimal one via this smoothing process. Bertrand and Epenoy [40]

cover a variety of potential smoothing methods that can be used to address this issue, but the energy-

fuel continuation process used in this analysis is given by adjusting the spacecraft throttle as fol-

lows [42]:

u⋆(ρ, ϵ) =



0, ρ > ϵ,

1, ρ < −ϵ,

1

2

(
1− ρ

ϵ

)
, |ρ| ≤ ϵ,

ϵ > 0. (3.20)

In this control scheme, the same switching function ρ from Equation 3.18 is used, but now there

is a smoothing parameter ϵ that dictates the amount of smoothing to take place. This can be thought of

as a weighting between using the energy cost index and the fuel cost index, with ϵ = 1 translating to a

pure energy-optimal trajectory, and ϵ = 0 a completely fuel-optimal trajectory. Notice that when ϵ is

at or near zero, the likelihood that the switching function is in the smoothed regime in the third column

is low, and the control effectively becomes “bang-bang”, as expected for fuel-optimal trajectories. In

this analysis, epsilon begins at a value of one, and is reduced in each iteration by a reduction factor γh:

ϵk+1 = ϵkγh (3.21)

When ϵ = 1, the radius of convergence for the problem is much higher, and the numerical issues
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related to the sharp discontinuities are less of a factor in the targeting process. Once an initial co-

state vector that satisfies the TPBVP is found, ϵ can be gradually reduced for a fuel-optimal trajectory.

Figure 4.3 shows how the thrust profile evolves with the reduction in the smoothing parameter ϵ for

the same boundary conditions in the TPBVP. When ϵ = 1, the thrust is very smooth and gradually

responsive to the switching function and root-finding algorithms converge with much higher rates of

success. As ϵ is reduced, the thrust profile evolves much more rapidly in time. From empirical testing,

an ϵ = 10−4 is typically sufficient to accurately replicate “bang-bang” control.
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Figure 3.1: Progression of Spacecraft Thrust Throttle Control with Homotopic Smoothing
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Figure 3.2: Smoothing progression of spacecraft mass use and switching function.

3.2 Reinforcement Learning

At this point, the methods for generating the a set of mass-optimal trajectories has been covered.

The use of these trajectories for supervised “pre-training” will be covered later in this work. Rein-

forcement learning will be used as the baseline approach for applying machine learning to the TBT

and TBR problems.

Reinforcement learning (RL) is a subfield of machine learning that is focused on optimizing the

actions of an agent in a simulated environment. The agent in the environment is the decision maker

in this approach, and refines estimates for what actions achieve desired outcomes in the environment.

The environment is the framework that the agent operates in, and contains the information about the

dynamics of the problem being solved. The agent receives information by performing actions in the

environment and learning from the resulting evolution in its state. The diagram in Figure 3.3 is typical

in RL literature and depicts the information feedback loop in this relationship:
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Figure 3.3: Reinforcement Learning Feedback Loop

Reinforcement learning has been applied to problems in various disciplines spanning engineer-

ing, finance, game theory, mathematics and more. RL blends exploiting knowledge gained by an agent

navigating its environment to maximize performance and the systematic exploration of new actions

to prevent settling into suboptimal behaviors. RL differs from the optimization processes discussed

earlier because there is no explicit knowledge of the dynamics governing the system. It also stands

apart form supervised learning techniques because it does not rely on labeled data for training either.

There are no reference trajectories to compare to (at least in the standard RL approach), the agent must

learn by trial and error.

To understand the dynamic programming techniques that can be applied to problems in RL, and

the mechanics by which an agent learns in this ML paradigm, an explanation of Markov Decision Pro-

cesses is required. These types of processes are the mathematical containers that capture the necessary

components needed for using RL solution techniques.

3.2.1 The Markov Decision Process

To use RL, the problem under consideration must be formulated as a Markov Decision Process

or MDP. A MDP framework is an encapsulation fo the dynamics of the system being analyzed. MDPs
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bundle the information of the problem into four major categories: the state space, the action space, the

rewards, and the transition functions.

The state vector contains all the relevant information about the agent/environment at a specific

point in time and lies within the state space, S. The action space A is the set of all allowable actions an

agent can take while navigating the environment. Within the MDP structure, a reward space R is the

set of rewards gained by the agent when performing an action in a state. Finally, the transition space T

is the set of transition functions that describes the distribution of possible states an agent can move into

si+1 given an action ai in the state si. In addition to these spaces, a discount factor, γ, is included in

the MDP formulation. The discount factor is a multiplier applied to the reward at the current timestep

in the MDP, and it discourages an agent from pursuing rewards over an infinite time horizon. The

goal of the agent in RL is to maximize the expectation of the discounted sum of rewards in the MDP.

The discounted sum of rewards is called the return [1], and is defined by Equation 3.22 for an infinite

horizon problem.

Gt =
∞∑
t=1

rtγ
t (3.22)

The discount factor lies between 0 and 1, the smaller the discount factor, the quicker future

rewards diminish compared to rewards at the current timestep. Because γ < 1, the value function is

bounded even as the number of time steps approaches infinity.

Figure 3.4 shows the interaction of the four major components of the MDP. The agent starts off

at a state si ∈ S at t = ti. The agent can choose any allowable action in the action space at this time

step, denoted by ai ∈ A. The transition function definitions for the environment then determine what

new state the agent transitions to after performing the action ai in the state si at time ti and the reward
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function definition provides the reward for arriving at the updated state:

si+1, ri ← T (si, ai) (3.23)

Figure 3.4: The Markov Decision Process

The Markov property is a crucial element of a MDP and is a required condition for RL methods

to be applied to this framework. A stochastic process is said to have the Markov property if future

states are dependent only on the current state and not the history of states [43]. A Markovian process

can be considered memoryless, and relies only on the information available in the current state. The

transition functions in the MDP must adhere to this principle, the next step must be a function of just

the current state and action, and not a history of states and actions. The motion of a spacecraft as

described in this analysis is a Markovian process because the equations of motion are all derivatives

that can be computed with the spacecraft’s current position and velocity, which are assumed to be

known with perfect knowledge here.
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3.2.2 State and Action Value Functions

The goal of an agent is to perform actions in states so that its discounted reward is maximized,

as described in section 3.2.1. The concept of a policy is introduced here to assist in understanding

how agents can optimize their behaviors in RL. A policy, often denoted by π(s) in RL literature, is

a mapping of an agent’s state to an action that is performed in that state. Depending on the framing

of the problem, the policy can return directly return the action given a state as input, a ← Π(s), or

the probability of performing a certain action given the current state: pa ← π(a|s). A given policy is

considered to be the optimal policy, if it satisfies the following condition [1]:

π∗(s) = argmax
π

Uπ(s) (3.24)

In this equation, U(s) is known as the state value function, and it quantifies the value of the agent

being in a particular state. There is an alternative flavor of the state value function, the action value

function Q(s, a), and this more specifically quantifies the value of an agent performing a particular

action in a particular state. These quantities are defined by the following:

Uπ(s) = Eπ [Gt | st = s] ,

Qπ(s, a) = Eπ [Gt | st = s, at = a] .

(3.25)

The expectation operator, E, is used to account for the fact that MDPs are often stochastic, and

the expectation operation is required to determine the mean return of all possible outcomes. These

value functions are central to RL solution algorithms, as they measure the long-term expected rewards

for the MDP. Going one step further, these value functions can be written in a recursive form by
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separating out the immediate reward and then considering the value of the next state. This recursive

form is called the Bellman Expectation Equation or BEE and is defined in the state-value and action-

value flavors below [44]:

Uπ(s) = Eπ[ rt + γV π(st+1) | st = s] ,

Qπ(s, a) = Eπ[ rt + γQπ(st+1, at+1) | st = s, at = a] .

(3.26)

These equations are important because they relate the value function to itself one step in the

future, and it is this recursive property that is leveraged in most of the RL algorithms for optimizing

an agent’s policy.

3.2.3 Policy Optimization Algorithms

There are several classes of algorithms for computing optimal policies in RL. Value-based meth-

ods focus on learning a value function (either Uπ(s) or Qπ(s, a)) from which a control policy is ob-

tained by acting greedily with respect to these estimates [43]. These methods typically involve storing

these estimates in tabular data structures and are used often in discrete action spaces. Policy gradient

methods optimize the set of parameters θ of a policy function πθ(a|s) such that a performance index is

optimized. In this instance, the performance index is the value function given the policy defined ear-

lier. Gradient ascent is performed to adjust the parameters of the policy function in order to maximize

the performance metric [45] shown in Equation 3.27:

J(θ) = Eπθ [G0] = Eπθ

[
∞∑
t=0

rtγ
t

]
, (3.27)

In practice, it is more effective to combine policy gradients, with a learned value function. This
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practice leads to a class of RL solutions called “actor-critic” methods [46]. In this framework, the

“actor” is a the policy approximation πθ(a|s), and the “critic” is a learned value approximation: Uϕ

or Qϕ. The ϕ subscript notation for the value function approximation refers to the critic parameters

being learned in this RL process, and a different symbol is used to differentiate it from the actor

parameters for the policy θ; however the both just represent the distinct set of parameters belonging

to the actor and critic respectively. The motivation for using actor-critic methods lies in its smoother

learning process. The critic learns to predict the value of states or state-action pairs, and the actor

uses this value prediction, rather than the raw rewards/returns themselves. These value predictions are

smoother and less noisy than the rewards themselves, and thus the actor works with a clearer learning

signal [43].

Since actor-critic methods learn from experience generated by a policy, it is important to distin-

guish how the agent in RL gathers this experience. There are two main mechanisms for experience

gathering: on-policy and off-policy methods. In on-policy RL, the agent learns from data only gen-

erated by the current policy. This is often a simpler learning process with less variance; however,

the trade-off here is that on-policy learning is less efficient at finding the global optimal. Off-policy

learning, on the other hand, learns from data generated by any policy (can be previous policy iterations

or the current policy). This is more efficient at finding the optimal policy but the drawbacks are that

added complexity is introduced in the learning process and more noise has to be sorted through as a

result of all off-policy data.

In summary, there are several categories of policy optimization algorithms: value-based meth-

ods, policy gradient algorithms, actor-critic methods, and on-policy and off-policy learning. These

methods reference the policy and/or value networks generically as “functions” or “approximations”.

The following section covers what types of functions and data structures work best for the problems
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of interest in this work.

3.3 Deep Reinforcement Learning

For discrete problems, the functions that represent the value or policy functions can be as simple

as look-up tables containing the values of the allowable actions or reachable states. Consider the

simple hex-world problem below from Chapter 7 in Kochenderfer [1] in Figure 3.5.

Figure 3.5: The Hex-World Problem [1]

In this toy problem, an agent must navigate the environment until one of the terminal states are

reached (the hexes with the reward values of -10, 5, and 10). There is a small chance that the agent

randomly moves in a unintended direction in this problem to add stochasticity to the process. The

individual values for each of the hex states can be computed directly by recursively applying BEE

(Equation 3.26) in just a couple of iterations. In this simple example, the number of states to account

for is small and so these tabular methods can be used without issue. An obvious problem arises when

attempting to apply these methods to continuous or even moderately large discrete problems: the

compute and memory required to reason over the entire state and action space becomes intractable.
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For larger/continuous problems, functional models are required to approximate the policy or

value networks in the RL approaches of Section 3.2.3. There are several classes of function approxi-

mators shown in the Figure 3.6 below:

Figure 3.6: Function Approximators

These function approximation methods range in sophistication and capability, but neural net-

works on the more sophisticated end of the spectrum, show the most promise for use in RL. The term

“Deep Reinforcement Learning” (DRL) refers to the class of reinforcement learning techniques de-

scribed in 3.2.3, but with the specific use of artificial neural networks to approximate the agent’s policy

and value functions. The term “Deep Learning” refers to a type of machine learning that uses neural

networks containing multiple layers, and so DRL uses these multi-layered networks in the learning

process for their ability to learn more complicated functions.
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3.4 Neural Networks

Neural networks act as function approximations and can be trained to reproduce this desired

mapping of inputs and outputs and are inspired by the neurons in organisms. They are particularly

useful when the underlying model of a process of interest is unknown or expensive to compute ac-

curately. A neural network is really a collection of individual neurons connected in some sort of

configuration, and each of these neurons has a set of parameters associated with it. These parameters

are analogous to coefficients in a polynomial and can be adjusted iteratively to produce a desired out-

put in the training process. The neurons in neural networks are typically chained together in layers,

with the outputs of one layer serving as the inputs for the subsequent layer. The figure below shows a

representation of an individual neuron:

Figure 3.7: Neuron Representation

There are three main mathematical processes involved in the propagation of information in a

neuron. The first operation involves weighing the input signals by weight parameters associated with

the neuron itself. The second operation is to take the sum of all these weighted inputs and apply a bias

as illustrated in Figure 3.7. Up to this point, this is still a linear model. Most interesting behavior that

neural networks can be applied to approximating is non-linear, so to introduce some non-linearity, an
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activation function is applied to the preliminary output from the prior step. This is done to increase

the complexity of behavior that neural networks can predict. The selection of the activation function

is design decision and often depends on the situation, but common examples involve the hyperbolic

tangent function, the sigmoid function, or the rectified linear unit.

This analysis will use neural networks to approximate the optimal low-thrust control vector of

a spacecraft given its current state. The neural network in 3.8 depicts this goal, with the current

spacecraft state serving as the input to the neural network on the left, with the output, in this instance

the mass optimal control, being output on the right.

The starting baseline for supervised learning in this analysis will be drawn from Rubinsztejn,

Sood, and Laipert [6] for initializing a neural network low thrust controller. The authors show that

this neural network controller can replicate near-optimal control for transfers from Mars to Earth orbit,

motivating its use as a starting point in this analysis. This controller does suffer from the limitations

discussed previously in that it is trained for a specific type of trajectory (Mars to Earth transfers) for

a specific spacecraft hardware configuration (i.e. the max thrust, propulsion system specific impulse,

spacecraft mass, etc., are implicitly assumed to be constant by the network). The network ingests the

spacecraft’s current state, consisting of a 5-element state vector and returns the resultant control vector

in a 3-element output vector. A sample schematic for the network is provided in Fig. 3.8. Note that

this network will require an update when target-generalized training takes place to include the target

state vector as an input feature of the network.
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Figure 3.8: Neural Network Controller Diagram (Not Drawn to Scale)

3.5 Supervised Learning

The process for approximating the optimal control of a spacecraft using supervised deep learning

will now be discussed. At its core, supervised deep learning is a type of machine learning that uses

a combination of neural networks and labeled data to approximate a mapping of inputs to outputs.

This approach relies on having a dataset prior to training a model (whether it be simulated or collected

empirically from the world, etc.) that contains the inputs to the model along with the corresponding

outputs. The inputs are also referred to as features, and these are the data that are expected to be known

outside of the training environment. The outputs are the desired mapping based on the training data

provided.
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3.6 Deep RL Algorithms and the Soft Actor-Critic

3.6.1 A Brief Landscape of Deep Reinforcement Learning Algorithms

Deep reinforcement learning (DRL) refers to reinforcement learning methods that use deep neu-

ral networks as function approximators for the policies and value functions as discussed in Section

3.3. Modern DRL algorithms are often categorized in several subtypes: value-based versus policy-

based learning, on-policy versus off-policy data usage, and deterministic versus stochastic policies. In

practice, continuous-control problems such as spacecraft trajectory control tend to favor actor-critic

methods that can represent continuous actions directly. A taxonomy for RL algorithms is provided in

Figure 3.9.

Figure 3.9: Deep Reinforcement Learning Algorithm Taxonomy [2]

An important distinction in DRL is whether learning is on-policy or off-policy. On-policy al-

gorithms like A2C/A3C, and PPO update the policy using data generated only by the current policy,

which can lead to stable learning but often at the cost of sample efficiency. Off-policy methods (e.g.,

DDPG, TD3, SAC) can reuse data collected by previous policies via a replay buffer, improving sample
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efficiency but introducing additional algorithmic complexity.

For continuous control applications like the low-thrust problem, widely used algorithms include

deterministic actor-critic methods such as DDPG and TD3, and stochastic actor-critic methods such as

Soft Actor-Critic (SAC). SAC is particularly attractive when exploration is challenging and simulator

interactions are expensive, because it is a off-policy algorithm and explicitly encourages exploration

through entropy maximization [32].

3.6.2 Soft Actor-Critic

The Soft Actor-Critic algorithm is an off-policy, model-free actor-critic reinforcement learning

approach designed for continuous action spaces and is a desirable approach when state and action

spaces are highly dimensional. SAC augments the standard RL objective with an entropy term that

encourages stochasticity in the policy. This produces two practical benefits: improved exploration

during training and a natural trade between exploration and exploitation governed by a temperature

parameter.

Let πθ(a | s) denote a stochastic policy (actor) with parameters θ, and let Qϕ(s, a) denote a

critic with parameters ϕ. SAC optimizes something different that standard RL algorithms by utilizing

a maximum-entropy objective of the following form [32]:

J(π) = E

[
∞∑
t=0

γt (r(st, at) + αH(π(· | st)))

]
, (3.28)

whereH(π(· | s)) = Ea∼π(·|s)[− log π(a | s)] is the policy entropy and α > 0 is the temperature

parameter [32]. Larger α weights exploration more heavily by rewarding higher-entropy policies,

while smaller α promotes exploitation over exploration.
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In SAC, the critic is trained using a soft Bellman backup, meaning the target value includes both

the expected future return and an entropy term that encourages exploration [?]. Many implementations

use two critic networks to reduce overestimation bias by forming targets using the more conservative of

the two value predictions [47]. To improve stability, these targets are computed using slowly updated

target networks rather than the most recent critic parameters. For a transition (st, at, rt, st+1), the

resulting soft target can be written as

yt = rt + γ Eat+1∼πθ(·|st+1)

[
min
i∈{1,2}

Qϕ̄i(st+1, at+1)− α log πθ(at+1 | st+1)

]
. (3.29)

and each critic is trained by minimizing a mean-squared Bellman error,

JQ(ϕi) = E
[
(Qϕi(st, at)− yt)

2] , i ∈ {1, 2}. (3.30)

The actor is updated to prefer actions that are predicted to have high value under the critic

while remaining sufficiently stochastic (the return and entropy components in the SAC objective from

Equation 3.28). This trade between exploitation and exploration is controlled by the temperature

parameter α. A common form of the policy objective is

Jπ(θ) = Est
[
Eat∼πθ(·|st)

[
α log πθ(at | st)− min

i∈{1,2}
Qϕi(st, at)

]]
, (3.31)

with actions sampled from a parameterized distribution (often a squashed Gaussian) to enable

efficient gradient-based learning [32].

Finally, many SAC implementations tune α automatically to maintain a desired level of pol-

icy entropy, which reduces manual hyperparameter selection and helps keep exploration consistent
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Algorithm 1 The Soft Actor-Critic [32]

1: Initialize parameter vectors ψ, ψ̄, θ, ϕ.
2: for each iteration do
3: for each environment step do
4: at ∼ πϕ(at | st)
5: st+1 ∼ p(st+1 | st, at)
6: D ← D ∪ {(st, at, r(st, at), st+1)}
7: end for
8: for each gradient step do
9: ψ ← ψ − λV ∇̂ψJV (ψ)

10: for i ∈ {1, 2} do
11: θi ← θi − λQ ∇̂θiJQ(θi)
12: end for
13: ϕ← ϕ− λπ ∇̂ϕJπ(ϕ)
14: ψ̄ ← τψ + (1− τ)ψ̄
15: end for
16: end for

throughout training:

J(α) = Eat∼πθ(·|st) [−α (log πθ(at | st) +Htgt)] . (3.32)

With these components defined, we can examine a high-level algorithm that illustrates the SAC

approach provided by Haarnoja et al. [32] in Algorithm 1. There are two main processes here, an

exploration step and a network updating step. In the top exploration loop, the agent samples actions

from the policy network and steps through the environment. The resultant transitions and experiences

are added to the experience replay buffer. In the second main process, gradient based updates are

performed on the SAC networks (the actor, twin critics, and value networks) to improve the policy and

value estimates with the new experiences. Typically the user can specify the amount of environment

exploration steps to perform and gradient updates to perform for a given iteration, in this work, an

iteration will consist of one gradient update per environment step.

Overall, SAC combines a stochastic actor with critic-based value learning, stabilized by tar-

get networks and improved sample efficiency through off-policy updates using a replay buffer. The
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following section describes the replay buffer and its role in off-policy DRL.

3.6.3 The Replay Buffer

Off-policy algorithms such as SAC typically store experience in a replay buffer D containing

experience tuples:

et = (st, at, rt, st+1, dt), (3.33)

with st, at, rt, and st+1 being the MDP components discussed previously along with a terminal

boolean indicator dt denoting if the achieved state is a terminal state. During training, mini-batches

are sampled uniformly at random from D to compute stochastic gradient updates for the actor and

critic networks. Randomized sampling breaks the strong temporal correlations present in sequential

rollouts and enables repeated reuse of past experience, improving data efficiency relative to on-policy

methods [32, 48]. In this work, the replay buffer stores state transitions generated by the spacecraft

simulation under the current and prior policies, and SAC performs updates using these sampled mini-

batches while the environment continues to generate new experience.
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Chapter 4: Methodology

4.1 Training Data Generation

The process for generating the datasets using homotopoc smoothing will now be covered. The

majority of the algorithmic process used in this work for generating mass-optimal trajectories using

indirect methods was drawn from Sidhoum and Oguri [3], and Figure 4.1 summarizes the algorithmic

process used nicely. First, the initial conditions are specified for the targeting algorithm, with the

initial position and velocity of the spacecraft, the time of flight, and the target location known a-priori.

Recall that the boundary conditions differ depending on the problem but the same iterative process can

be applied to both the TBT and the TBR. Some new parameters are introduced in this optimization

process. Beginning with the input block, a new input parameter γ must be supplied to this version of

the targeter, and this dictates the rate of smoothing in this process.

The single shooting method is employed here to solve the TPBVP steps in this process. A simpli-

fied one-dimensional example of the single shooting method is shown in Figure 4.2. The initial costate

guesses are varied at the beginning of the shooting process. This initial co–state guess is paired with

the known state vector components and propagated forward to the final set of known boundary condi-

tions. The deltas between the achieved final conditions and the known final conditions are computed

and used to inform the next co-state guesses. This process is repeated until the differences between

the final known boundary conditions and the achieved boundary conditions are sufficiently small. A

final propagation with no smoothing is performed to generate a bang-bang fuel optimal trajectory that

satisfies the two sets of boundary conditions.

The iterative process employed here involves the shooting method described in subsection 3.1.7
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Figure 4.1: Block Diagram for Solving the Two-Point Boundary Value Problem with
Smoothing (Sidhoum and Oguri) [3]

Figure 4.2: One-Dimensional Single Shooting Method Example [4]
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to repeatedly solve the TPBVP. This smoothing process is conducted to progressively move from a

suboptimal trajectory that has an initially high convergence radius, to a truly mass-optimal trajectory

with a much smaller convergence radius. This process is illustrated in Figure 4.3, where the sample

trajectory is iteratively smoothed until mass optimality (ϵ → 0) is achieved for the same initial and

final target conditions. Each thrust profile plotted is for the same boundary conditions, and the only

changing variable is ϵ. The control output vector consists of the spacecraft thrust throttle u (the fraction

of available thrust to maneuver at) and components of the unit vector of the thrust direction, denoted

as αx and αy, however, only u is shown in Figure 4.3.

Figure 4.3: Progression of Spacecraft Thrust Throttle Control with Homotopic Smoothing

These optimal profiles can be computationally expensive to generate due to this iterative smooth-

ing process that is required to solve for fuel-optimal control. A high-performance compute (HPC)

cluster was used to generate large amounts of training data in parallel. Each trajectory is saved to

an ephemeris file with 100 state vectors evenly distributed through time for a given trajectory. These

ephemeris files are then saved for the trajectory and used for the pretraining process. There are two

main experiments conducted in this work to assess the effects with pretraining on fuel optimal trajec-
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tories, and a specific dataset is used for each of these experiments. The first experiment uses a smaller

and relatively simple dataset containing transfers between circular orbits between the SMA ranges of

the Earth and Mars. The second dataset is larger and involves more complicated transfers that involve

variations in eccentricity and the argument of periapsis in the initial and final orbits.

4.1.1 Circular Transfer Dataset

Table 4.1 contains the relevant parameters used to generate the initial circular transfer dataset

for the TBT problem. The spacecraft hardware parameters Isp, Tmax, and initial mass, m0, are held

constant in this analysis, and their values are drawn from the Earth Return Orbiter spacecraft in the

Mars Sample Return mission [49]. For variables in the table that have a range, the values are sampled

uniformly between the listed bounds for each trajectory solution.

Table 4.1: Circular Transfer Training Data Parameters

Variable Type Description Value
TOF Input Time of Flight 1–1.9 years
Isp Input Specific Impulse 3872 s
Tmax Input Max Thrust 1.33 N
µsun Input Central Body Gravitational Parameter 1.3× 1011 km3/s2

m0 Input Initial Spacecraft Mass 3366 kg
ainitial Input Initial orbit SMA 1–1.52 AU
einitial Input Initial orbit eccentricity 0.0001 (fixed)
ωinitial Input Initial orbit argument of periapsis 0 deg (fixed)
νinitial Input Initial orbit true anomaly 0–360 deg
afinal Input Final orbit SMA 1–1.52 AU
efinal Input Final orbit eccentricity 0.0001 (fixed)
ωfinal Input Final orbit argument of periapsis 0 deg (fixed)
ϵi Internal Initial homotopic smoothing parameter 1
ϵf Internal Final smoothing tolerance 10−4

γ Internal Smoothing rate 0.5
Ntraj Output Number of trajectories generated 1,000
Nvectors Output Number of vectors per file 100
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The ϵ parameter measures the degree of smoothing, with ϵ = 1 being the maximally smoothed

trajectory, and ϵ = 0 denoting the “bang-bang” thrust profile. The initial epsilon is multiped by the

smoothing rate, γ, after each iteration until ek is less than the final smoothing tolerance.

The indirect optimization process was used to generate 1,000 transfers to and from these circular

orbits between 1 and 1.9 AU (between the SMAs of Earth and Mars). Samples plots of these mass

optimal trajectories are shown in Figure 4.4. The distribution of initial and target states for the training

trajectories was chosen to match the resetting behavior of the TBT Markov Decision Process. In Figure

4.4, the initial orbits are shown in blue, the target orbits are in pink, and the mass-optimal transfers are

shown in purple. The spacecraft is permitted to enter the target orbit along any value of true anomaly.

Since both initial and target orbit SMAs in this dataset are uniformly random between 1 and 1.9 AU,

there is variation in the spacecraft moving inward or outward for the transfer arcs.
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(a) Case 1 (b) Case 2

(c) Case 3 (d) Case 4

Figure 4.4: Sample Trajectories from Circular Transfer Training Data Set
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4.1.2 Hard Transfer Dataset

A second dataset was generating using a more expansive set of initial and target orbital element

ranges. The eccentricity range was expanded to include more difficult eccentric transfers in the training

data, and the argument of periapsis range was expanded to include apse line rotations in the training

data, and the semi-major axis range was also increased to include SMAs between Mercury’s and Mars’

orbits: 0.39 AU and 1.52 AU. This dataset will be referred to the “Hard Transfer Dataset” to distinguish

it from the previous simpler training dataset. There are also more ephemerides included in this dataset,

ten thousand trajectories versus the one thousand trajectories in the circular transfer dataset. Table 4.2

contains a summary of all the parameters used in the data generation for the Hard Transfer Dataset.

Figure 4.5 also shows some representative plots for the types of trajectories in this dataset. Various

transfers that navigate combinations of apse line rotations, transfers between circular and eccentric

orbits, and orbital energy/SMA changes are represented in this trajectory data.
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(a) Case 1 (b) Case 2

(c) Case 3 (d) Case 4

Figure 4.5: Sample Trajectories from Hard Transfer Training Data Set
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Table 4.2: Hard Transfer Training Data Parameters

Variable Type Description Value
TOF Input Time of Flight 1–1.9 years
Isp Input Specific Impulse 3872 s
Tmax Input Max Thrust 1.33 N
µsun Input Central Body Gravitational Parameter 1.3× 1011 km3/s2

m0 Input Initial Spacecraft Mass 3366 kg
ainitial Input Initial orbit SMA 0.39–1.52 AU
einitial Input Initial orbit eccentricity 0.0001–0.75
ωinitial Input Initial orbit argument of periapsis 0-360 deg
νinitial Input Initial orbit true anomaly 0–360 deg
afinal Input Final orbit SMA 0.39–1.52 AU
efinal Input Final orbit eccentricity 0.0001–0.75
ωfinal Input Final orbit argument of periapsis 0-360 deg
ϵi Internal Initial homotopic smoothing parameter 1
ϵf Internal Final smoothing tolerance 10−4

γ Internal Smoothing rate 0.5
Ntraj Output Number of trajectories generated 10,000
Nvectors Output Number of vectors per file 100

4.2 Two Body Transfer MDP

The proposed Two-Body Transfer (TBT) MDP is parameterized by a state that contains the

spacecraft position, mass, and target states. This state should contain all the information the agent

needs to achieve the target orbit successfully. Explicitly, the cartesian state vector used in the genera-
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tion of training data is first converted to polar form:

r =
√
x2 + y2,

θ = atan2(y, x),

vr =
xvx + yvy

r
,

vθ =
xvy − yvx

r
.

(4.1)

where θ is the argument of latitude of the spacecraft’s current orbit and is defined as the angle between

a spacecraft’s position vector and a reference frame. The target orbit is defined by a target semi-major

axis, eccentricity, and argument of periapsis (at, et, ωt) respectively. Rather than including these

Keplerian orbit parameters in the state space, the target orbit is instead represented in the state as the

radius, radial velocity and tangential velocity components that the spacecraft would have if it was on

the target orbit at its current argument of latitude. Figure 4.6 is a visualization of this target state vector

representation. In this example, the spacecraft is currently in a near-circular orbit and the target orbit

is a larger, more eccentric trajectory than the spacecraft’s and is rotated by the argument of periapsis.

In this re-framing of the target state, the polar state components of the spacecraft are compared with

the polar state components of a proxy state that exists at the same argument of latitude on the target

orbit. The true anomaly, νt, can be computed via Equation 4.2. Once νt is known, the target radial state

components of interest (rt, vr,t, and vθ,t) can be computed directly assuming two-body dynamics and

at, et, and ωt. Finally, the state vector includes the mass of the spacecraft, m, as well as a time-to-go

parameter, ttg, which provides the agent information on how much time remains in the transfer.

νt = θ − ωt (4.2)
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Figure 4.6: Transfer Target State Formulation

A collection of feature engineering steps are taken to minimize numerical instability for the

neural networks during training. These steps include normalization by the following characteristic

quantities:

l∗ = aEarth ≈ 1.496× 1011m

m∗ = m0 = 3, 366kg

t∗ =

√
l3∗

Gmsun

= 5, 023, 281s

G = 6.674× 10−11 m3

kg × s2

(4.3)

where the characteristic length l∗ is taken as the semi-major axis of Earth’s orbit, m∗ is the initial

spacecraft mass at the beginning of the transfer. The characteristic time can be computed with the

expression in Equation 4.3. With these characteristic quantities for length, mass, and time, the system
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is normalized by applying the following transformations:

r′ =
r

l∗
, v′ = v

t∗
l∗
, m′ =

m

m∗
, t′ =

t

t∗
(4.4)

Furthermore, the sine and cosine of the argument of latitude are used as the input features instead of

θ directly to minimize behavior discontinuity when the angle wraps between 0 → 2π. With this, we

have a total of ten components in the state vector, with the final form of si listed in Equation 4.5.

si = [r′, cos θ, sin θ, v′r, v
′
θ,m

′, r′t, v
′
r,t, v

′
θ,t, t

′
tg] (4.5)

The action space for the TBT MDP consists of the same three components from the optimal

control problem, the throttle control u, and the two thrust direction vector components αx and αy. The

thrust direction is rotated to polar components in the MDP for consistency, so the action vector ai is:

ai = [u, αr, αθ] (4.6)

The reward function consists of three components: a position term, a velocity term, and a throttle

term — each weighted by a unique, user-defined hyperparameter (wp, wv, and wu, respectively). This

particular function is not an authoritative choice for this problem, and future work should be dedicated

to tuning reward parameters and features so as to maximize the desired behavior of the agent. The

reward function computation is provided in Equation 4.7.
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rpos = exp (−wp∆r′2)− 1

rvel = exp (−wv∆v′2)− 1

rthrottle = −wuu

rtot = rpos + rvel + rthrottle

(4.7)

where the ∆r′ and ∆v′ terms are the normalized position and velocity differences between the space-

craft and the target orbit as discussed earlier:

∆r′ = ||r′t − r′||

∆v′ =
√

(v′r,t − v′r)2 + (v′θ,t − v′θ)2
(4.8)

Intuitively, Equation 4.7 corresponds to penalizing the agent for being far from the target proxy state at

each timestep. The agent is also penalized for using throttle, which is intended to reduce fuel waste to

approach mass-optimal control. If the spacecraft is at the target orbit and not maneuvering, the reward

will be at its maximum of zero.

The transition function for the MDP is governed by the equations of motion outlined in Equa-

tion 3.1. The spacecraft is propagated along its orbit subject to its thrust action until the next timestep

is reached. The MDP episode terminates when the time of flight is exceeded, where the time of flight is

chosen as the maximum of orbital periods of the initial or target orbit. Upon termination, the environ-

ment resets, which results in the spacecraft initializing into a new orbit and the target orbit changing

such that the agent can learn from a diverse set of conditions and avoid overfitting. Table 4.3 contains

the relevant parameters for the MDP resetting behavior, propagation, and reward computation.

Table 4.4 contains the list of hyperparameters assumed in this analysis for SAC training. These
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Table 4.3: TBT MDP Parameters

Variable Type Description Value/Range
step size Env Parameter Time between states/actions 2 weeks (fixed)

TOF Reset Variable Time of Flight 1-1.9 years
ainitial Reset Variable Initial Orbit SMA 1 - 1.52 AU
einitial Reset Variable Initial Orbit Eccentricity 0.0001 (fixed)
ωinitial Reset Variable Initial Orbit Argument of Periapsis 0 deg (fixed)
νinitial Reset Variable Initial Orbit True Anomaly 0-360 deg
afinal Reset Variable Final Orbit SMA 1 - 1.52 AU
efinal Reset Variable Final Orbit Eccentricity 0.0001 (fixed)
ωfinal Reset Variable Final Orbit Argument of Periapsis 0 deg (fixed)
wp Reward Parameter Scales Position Reward 0.2
wv Reward Parameter Scales Velocity Reward 0.2
wu Reward Parameter Scales Throttle Reward 0.02

parameters were kept as a close as possible to the set of parameters that Haarnoja et al. [32] list in

their introductory SAC paper as they have been demonstrated to have success in a standard set of RL

problems.

Table 4.4: RL Hyper-Parameters

Parameter Value
Optimizer Adam [50]

Learning Rate 0.0003
Discount Factor (γ) 0.99

Replay Buffer Capacity 106

Number of Hidden Layers (all networks) 2
Number of Neurons Per Layer 256

Training Batch Size 256
Activation Function ReLU

Target Network Smoothing Coefficient (τ ) 0.005
Target Network Update Interval 1

Gradient Updates Per Environment Step 1

Two key open-source python software libraries are being leveraged to streamline the for RL

based training in this analysis and constructing the MDP environment. Gymnasium [51] is a standard

RL problem interface that uses an expected format for packaging a problem as a Markov Decision

Process (MDP) [52] in a software environment. A custom Gymnasium environment is used for the

above TBT problem for integration in RL pipelines. Stable Baselines 3 is a library containing an

implementation of various RL algorithms designed to be compatible with problems packaged as a

Gymnasium environment [53] and it serves as the package responsible for implementing SAC in this

analysis.

64



4.3 Two Body Rendezvous MDP

The TBR MDP follows a very similar structure to the TBT MDP, but has key differences to the

state, action, reward and transition functions that allow for a rendezvous target. The first difference

to note is that the state space was aggressively expanded to increase the likelihood of learning. Both

cartesian and polar information is provided to the agent to reason over during the training process, with

the expanded state becoming the following:

si =
[
r′i, cos θi, sin θi, r

′
t, cos θt, sin θt, r

′
i, v

′
i, r

′
t, v

′
t, ∆r′, ∆v′, ∥∆r′∥, ∥∆v′∥, t′tg, m′

]
(4.9)

The first six components describe the absolute radial position of both the target and chaser space-

craft. Absolute cartesian position and velocity vectors are also included for the target and chaser, along

with the relative deltas in these quantities as well. The time remaining in the transfer, along with the

mass of the spacecraft are the final two components in the state vector.

The action space remains completely unaltered from the TBT MDP implementation in Equa-

tion 4.6.

The reward function also follows the same structure as the TBT implementation in Equation 4.7,

but instead of the transfer target orbit position and velocity residuals being used, the actual absolute

magnitudes of the deltas in the position and velocity between target and chaser are used in the position

and velocity components of the reward function.

The transition function uses the same equations of motion to propagate both the chaser and

the target spacecraft states forward to the next step according to Equation 3.1. A majority of the
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environment reset parameters are reused for the TBR problem. Table 4.5 shows the associated MDP

parameters.

Table 4.5: TBR MDP Parameters

Variable Type Description Value/Range
step size Env Parameter Time between states/actions 2 weeks (fixed)

TOF Reset Variable Time of Flight 1-1.9 years
ainitial Reset Variable Initial Orbit SMA 1 - 1.52 AU
einitial Reset Variable Initial Orbit Eccentricity 0.0001 (fixed)
ωinitial Reset Variable Initial Orbit Argument of Periapsis 0 deg (fixed)
νinitial Reset Variable Initial Orbit True Anomaly 0-360 deg
afinal Reset Variable Final Orbit SMA 1 - 1.52 AU
efinal Reset Variable Final Orbit Eccentricity 0.0001 (fixed)
ωfinal Reset Variable Final Orbit Argument of Periapsis 0 deg (fixed)
νinitial Reset Variable Final Orbit True Anomaly 0-360 deg
wp Reward Parameter Scales Position Reward 0.2
wv Reward Parameter Scales Velocity Reward 0.2
wu Reward Parameter Scales Throttle Reward 0.02

4.4 Converting Ephemeris Data to MDP Experience Tuples

After generating pre-optimal trajectory data and defining the necessary MDP structure that will

be used in RL, the trajectories that will be used for supervised pretraining need to be converted from

the ephemeris state vector format into a form that is compatible for RL. To achieve this, the trajectories

were converted to the experience tuple form outlined in Section 4.2:

ei = (si, ai, ri, si+1, di) (4.10)

For each state in the trajectory ephemeris, the equivalent MDP state is computed using the formulations

in Sections 4.2 and 4.3, the optical control is supplied as the MDP action, and the resultant reward is

returned. The next state in the mass-optimal ephemeris is taken as the transition state and the terminal

flag di is true if the final state vector is the last state in the ephemeris, completing the necessary

experience tuple. Figure 4.7 outlines this process for a sample trajectory. Once this conversion process
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takes place, these experience tuples can be loaded into the SAC agent replay buffer.

t = ti

si = xi, yi, ሶxi, ሶyi…

ai = [ui, αx,i, αy,i]

ri = f(si, ai)

ti

ti+1

ti+2

t = ti+1

si+1 = f(si, ai)

Figure 4.7: Generating Experience Tuples from Ephemeris Data

Once the experiences are loaded into the replay buffer, the SAC actor and critic networks sample

from this replay buffer and perform gradient updates based on this data. This process is continued

until the actor and critic losses stabilize, at which point we move to the standard SAC training process

that uses environment steps to add experiences to the replay buffer while also continuing to perform

gradient updates.

In this study, 1,000 mass-optimal trajectories are used, each containing 100 state-action pairs,

resulting in a total of 100,000 experiences for the experience replay buffer. Gradient updates for the

actor and critic networks were then performed on this replay buffer without an agent exploring the

environment during pretraining.
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4.5 Supervised Pretraining Stack Compatible with SAC

Each of the individual components have been defined for a generating mass optimal trajectory

data and converting that data into MDP experience tuple form. The baseline SAC RL algorithm that

will be used in the training experiments to follow has also been outlined in section 3.6. What remains

is combining these components together into a workflow that successfully allows for the fusion of

supervised learning and reinforcement learning. Summarizing this process at a high level, the first

step is the parallel mass-optimal trajectory generation component. The second step is converting that

ephemeris dataset into an experience replay buffer compatible with reinforcement learning. Step three

involves conducting supervised learning using the SAC algorithm neural network structure, updating

the actor, value, and critic network components with the loaded replay buffer data. Figure 4.8 illustrates

these three major pretraining steps.

Parallel mass-optimal 
trajectory generation

Convert to MDP experience 
tuples and load into buffer

𝑒௜ = 𝒮,𝒜,ℛ, 𝒯

𝑒௜ = 𝒮,𝒜,ℛ, 𝒯

𝑒௜ = 𝒮,𝒜,ℛ, 𝒯

𝑒௜ = 𝒮,𝒜,ℛ, 𝒯

Supervised gradient based 
updates on SAC networks

1 2 3

Figure 4.8: Supervised Training Stack Diagram

The supervised learning step is analogous to just conducting the second half of the SAC algo-
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rithm outlined in Algorithm 1, in other words, the exploration step is temporarily removed in pre-

training, and the process consists of just updating the neural networks. Once the networks have been

sufficiently trained on the fuel-optimal replay buffer, the pretraining process is complete. The pre-

trained model can then be used as a starting point for the standard SAC RL algorithm to determine the

performance and training speed benefits of this process.

4.6 Monte Carlo Agent Evaluation Method

A Monte Carlo approach to agent evaluation will be used during the supervised pretraining

process, the reinforcement learning process, and also after training has been completed to quantify

the expected performance of the agent’s learned policy. A trade-off exists between the number of

evaluation trials to perform during training as well as the frequency of that evaluation process against

the time spent actually training. Evaluation cycles are computationally expensive, the agent must

navigate the environment across potentially many episodes. This time spent evaluating the model

could be time spent actually training and improving the agent’s performance. On the other hand,

the SAC RL process is a stochastic one, and frequent agent checkpoints are beneficial for providing

visibility in the learning process.

During the pretraining and reinforcement learning process, 100 episodes are used as the baseline

model rollout extent per evaluation. An episode here denotes one trajectory, where the agent begins

in an initial reset condition defined by the parameters in the MDP formulations and steps through

the environment until a terminal condition is reached. The main statistic tracked during training is

the accumulated final reward of the agent. The mean and standard deviation of these final rewards

achieved during each episode are recorded. During training, if the agent reaches a new maximum
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reward, the model is saved and this new max achieved performance becomes the new standard. Future

agent models are only saved if this performance is improved upon in a subsequent model evaluation.

At the end of training, the best achieving model (and not necessarily the model at the completion of

training) will be passed on to the next step in the learning process.

The frequency of these evaluation runs was varied based on the training speed, and there was

not a consistent evaluation interval enforced during the training process for greater flexibility during

training. A lower bound of 25 model evaluations per training run was used as a general rule of thumb

in this analysis.

After the pretraining and baseline RL processes were completed, a much more extensive Monte

Carlo evaluation run was conducted on the resultant agent model to more fully analyze the expected

performance. For this larger Monte Carlo, four major metrics are tracked during the model evaluation

process: final accumulated reward, the final mass fraction of the spacecraft, and the terminal position

and velocity residuals with respect to the target orbit. For this comprehensive Monte Carlo analysis,

10,000 trials are used to fully capture the expected performance of the agents.
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Chapter 5: Pretraining Experiment for the Circular TBT Problem

An initial experiment using the Circular Transfer Dataset from Subsection 4.1.1 was intended

to serve as a proof of concept for the supervised pretraining stack. For this experiment, an agent that

has been pretrained on the Circular Transfer Dataset and an agent with no pretraining underwent SAC

reinforcement learning. The pretrained agent was checkpointed at several points during the pretrain-

ing process and used in baseline RL runs later on, so while multiple curves are shown in the baseline

RL plots, it is really the same agent with increasing levels of pretraining. An assessment of the final

performance of these agents during and after SAC RL was conducted to measure the effects of pre-

training using the Monte Carlo approach explained in Section 4.6. The reader may refer back to the

SAC hyper-parameters assumed in this training process in Table 4.4 for the RL configuration assumed

for this set of SAC runs.

In this first experiment, the agent performance was evaluated using a rollout of 100 episodes

every 10,000 training steps during the supervised pretraining and traditional reinforcement learning

processes. This evaluation reward, along with the standard deviation from each of these rollouts during

this pretraining process, is shown in Figure 5.1. Each red dot on this evaluation reward plot signifies

a new maximum reward achieved when performing the evaluation rollout during pretraining. At each

of these points, a model checkpoint is saved for further analysis and training.

Figure 5.1 shows the mean reward quickly increasing from a value of approximately -12 to -4

within the first 50,000 pretraining iterations. After this, there are diminishing returns in the reward

improvement, with no substantial improvement in the total reward after 500,000 pretraining iterations.

The extent of pretraining is an area of future study, but for this experiment we assume one million

pretraining steps (gradient updates) prior to reinforcement learning due to clear stabilization of the
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Figure 5.1: SAC Model Reward During pretraining

evaluation rewards and actor and critic losses (refer to Figure 5.2). This stability implies the networks

have converged to a locally optimal policy for the pre-generated trajectories, and can move on to the

RL pipeline with the updated controller.

Figure 5.2: SAC Pretraining Actor/Critic Losses

After pretraining the agent, five agents are trained in the standard SAC pipeline to compare
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the performance and training efficiency benefits of supervised pretraining. The first agent is trained

from scratch, with no pre-populated replay buffer or pretrained model to begin the training process.

The remaining four agents are initialized with the model from selected checkpoints in the pretraining

process. A total of five million training gradient updates are performed for each of these agents, with

each update corresponding to one step in the training environment. The average reward per episode

during training is shown in Figure 5.3 for the default and pretrained agents. The most pretrained agents

are able to quickly synthesize a control profile that reaches a maximum reward limit eight times faster

than with standard RL alone — i.e. the agent pretrained with 760k iterations reaches a mean average

reward per episode of negative one at approximately 100,000 iterations while traditional SAC takes

over 800,000 iterations to reach this point.

Figure 5.3: SAC Reward During Training

There are substantial differences in the actor and critic network losses from the different ap-

proaches made evident in Figure 5.4. In these plots, the pretraining gradient updates are counted

toward the total steps on the x-axes for the pretrained agent. The actor loss represents the belief in how
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good the current policy is at selecting actions that maximize value according to the critic networks.

This loss needs to be considered in tandem with the critic loss, which measures the amount of error

the critic networks experience when estimating the values of states. A steady decrease in the critic

loss is evident in both the pretrained and vanilla RL runs, with the pretrained getting a head start of

approximately two orders of magnitude lower (better) than the vanilla RL agent. Training is halted

when the actor and critic network losses stabilize.

Figure 5.4: SAC Actor Loss During Training

After SAC training, the resultant controllers are validated using 10,000 Monte Carlo rollouts.

Sample trajectories from the rollouts produced by the traditional and pretrained controllers are shown

in Figure 5.5. The agent performance is assessed using average reward per episode, the final mass

fraction of the spacecraft at the conclusion of the time of flight, and the final position and velocity

residuals with respect to the target orbit. The mass, position residual, and velocity residuals are non-

dimensionalized with the same characteristic units in Equation 4.3. Figure 5.6 displays histograms for

the performance of the two agents.

In the reward plot histogram, the pretrained agent is shown to outperform the standard RL agent,
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(a) Vanilla RL (b) Pretrained (760k iterations)

Figure 5.5: Sample Trajectories using Vanilla RL and Pretraining

as the rewards are more tightly grouped and closer to zero, the theoretical maximum reward possible.

The mean reward for the supervised agent is -0.565 whereas the mean rollout reward for the tradition-

ally trained agent is -0.621. There is less of a clear indication with the mass fraction distributions, but

analysis of the trajectories suggests that pretrained agents are willing so spend slightly more fuel to

maximize reward and achieving the target orbit earlier compared to agents with no pretraining. The

terminal position and velocity residuals are the differences between the final orbit achieved by the

agent and the target orbit. The pretrained model has a tighter distribution of position and velocity

residuals, and these are closer to zero as well. The mean reward, final mass fraction, and terminal

position and velocity values are provided in the legend of each histogram.
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Figure 5.6: Monte Carlo RL Controller Evaluation (10,000 rollouts)
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Chapter 6: Pretraining Experiment for the Hard TBT Problem

The second major experiment involves an additional aspect of complexity to the classes of orbits

considered. The previous experiment was limited to just circular orbits between the SMA ranges of

Earth and Mars, the initial and target boundary conditions for this second experiment now include

variation in eccentricity between 0 and 0.75 and in argument of periapsis in the full range of 0 to

360 degrees. This means that agents in this experiment will need to reason over apse-line rotations,

and eccentric orbital shaping to achieve the targets. The added eccentricity also presents more of a

risk of poor agent behavior leading to hyperbolic trajectories by randomly performing large prograde

maneuvers near apoapsis.

For this study, 10,000 transfer trajectories were generated for pretraining. A two-parameter

sensitivity study is conducted here, with one independent axis being the amount of reference training

data available in the replay buffer, and the other axis being the duration of pretraining. Two pretraining

runs were conducted with one thousand and ten thousand reference trajectories loaded into the replay

buffer. Each pretraining run was conducted for a total of half a million gradient updates. Every

twenty thousand steps, a MDP reward evaluation process takes place. The agent, as in the previous

pretraining experiment with the TBT Circular problem, is evaluated while traversing one hundred low-

thrust trajectories. If the model achieves a new mean maximum reward during the evaluation process,

an agent checkpoint is saved off and training continues. After pretraining takes place, the resultant

agent is passed to the standard SAC process with 1 million training iterations for each case. The

number of SAC training cycles is reduced here (the previous experiment was conducted with 5 million

training iterations) due to the increased number of cases being considered for this study. Figure 6.1

shows the evaluation rewards during the pretraining process for these three replay buffer scenarios.
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Figure 6.1: SAC Model Reward During pretraining

Each new maximum reward is highlighted by a marker in the figure, corresponding to an agent

checkpoint. Pretraining limits are also chosen here to evaluate the extent of pretraining for each of

the buffer size initialization scenarios. Three limits are chosen based on the distribution of agent

checkpoints: 0.1 million, 0.25 million, and 0.5 million pretraining iterations. Whatever the most

recent best performing agent is at each of these checkpoints is saved for further analysis.

The agent actor and critic losses for each of these buffer size scenarios is provided in Figure 6.2.

The actor loss plot shows a lower loss for the smallest buffer size pretraining run, with higher loss

curves shown for the one million buffer size run. The critic loss plot shows very interesting behavior.

The 1e5 replay buffer run experiences the smaller and continually decreasing critic loss, despite the

lower evaluation rewards as shown in Figure 6.1. This suggests the agent is learning all it can for its

value estimates due to the smaller amount of training data and is overfitting to an insufficient amount

of experiences. The gradual net increase in the 1e6 critic loss after the initial drop suggests there is

potentially more training to be done.
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Figure 6.2: SAC Pretraining Actor/Critic Losses

There are a total of six combined configurations when considering the three pretraining limits

(0.1 million, 0.25 million, and 0.5 million pretraining iterations) for both of the replay buffer scenarios

(0.1 million, and one million experience tuples in the replay buffer). The average reward per step

during SAC training is provided in Figure 6.3. The agent pretrained with the least amount of data

available to the agent, along with the least amount of time spent training, is the outlier in this analysis.

The other runs are fairly within family with respect to the episode reward during training. This suggests

that there may be some minimum amount of training data and training iterations required to really

accelerate the RL training process. For this experiment, the agent reaches a point of diminishing

returns somewhere between 100k iterations and 250k iterations for the smaller replay buffer containing

1,000 trajectories. All three agents have similar reward profiles for the larger replay buffer, indicating

that enough data in the replay buffer can balance out fewer training iterations.

A plot of the actor/critic losses during the standard SAC training (not be confused with pre-

training) for the these six cases is shown in Figure 6.4. This plot separates the two replay buffer sets

of runs, with the smaller 1e5 replay buffer actor and critic losses plotted in the top row of the figure
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Figure 6.3: SAC Reward During RL Training for the Small Buffer Pretrained (Top) and
the Large Buffer Pretrained (Bottom) TBT Hard Cases

and the larger 1e6 replay buffer actor and critic losses plotted on the bottom. In the standard training

segment shown, the actor losses for the smaller and larger buffer cases follow the same trend and are

generally closely packed, with the same exception of the scenario with the least amount of training

and the smallest buffer size (the 1e5 buffer pretrained with 100k iterations). This seems to indicate
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that pretraining is valuable for this problem, but only up to a point, with 250k iterations achieving

comparable actor/critic losses with the 500k cases across the two buffer size runs. Modest reductions

in the actor/critic losses are visible with the smaller buffer run, with the actor loss actually being higher

and the critic loss essentially overlapping between the 250k and 500k runs for the larger buffer size.

Figure 6.4: SAC Actor Loss During Training for TBT Hard Problem
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A summary table of all of the Monte Carlo rollouts is provided in Figure 6.5. The same rollout

evaluation process is used in each of the six trained agents, with the agent navigating 10,000 trajectories

and the control responses and resultant rewards/statistics computed. Each entry in the table contains

the same four evaluation metrics used in the TBT Circular problem: MDP reward, terminal mass

fraction, and terminal position and velocity residuals with respect to the target orbit. The means

for the trajectory reward, terminal mass fraction, final position residual, and final velocity residual

are denoted by squares, circles, triangles, and diamonds in the figure respectively. These evaluation

means are also color coded by performance. The complexities of training are highlighted by the mixed

performance of the agent near the upper limits of pretraining. Overall, more training and more states

in the replay buffer improves the performance across the board, but when two 500k pretrained agents

are compared across the two replay buffer sizes, the smaller buffer agent outperforms the larger buffer

agent drastically in terms of the position residual while maintaining a lower reward. This indicates the

agent is maximizes its reward through some unintended behavior by saving on fuel consumption at the

expense of final position residual with respect to the target.
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Figure 6.5: Monte Carlo Summary of TBT Hard Sensitivity Study

Individual rollouts with the six trained controllers are provided for the same initial environment

seed in Figure 6.6. The trajectory sub–figures are organized from left to right by buffer size and

top to bottom by pretraining extent. Case (a) is unsurprisingly the worst, having the least amount of

pretraining time and data available to the agent during pretraining. Case (b) is able to improve slightly,

navigating closer to the target orbit. The intermediate cases (c) and (d) improve on this by matching

the shape of the target orbit earlier on in the transfer, and actually overlapping in position prior to the

83



terminal state, but still have a substantial final position residual. Case (e) is the agent with the max

pretraining iterations using the small buffer, and this agent is able to match the target Keplerian orbit

very closely at the end of the transfer. Case (f) is the agent with the max pretraining and larger buffer

size. This trajectory exhibits some peculiar behavior, and potentially evidence of reward function

hacking. The agent accumulates reward earlier on as it closes in on the target orbit earlier. The wider

swing to the upper right from the other trajectories is reduced here, meaning the agent gets closer to

the transfer orbit earlier, minimizing the negative reward accumulated when the agent is far from the

target. Additionally, this sweep to the upper right occurs near apoapsis, meaning the spacecraft is out

in this region for a longer period of time. In the TBT MDP, reward is accumulated on a per-timestep

basis, so longer coasting times away from the target are punished more. This is coming at the expense

of the terminal position and velocity residual, but the agent is trained to maximize the expected sum of

rewards, and has found a behavior in this instance that squeezes slightly more reward performance out

of this particular trajectory. Future experimentation should account for this tendency for this problem.
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(a) 1e5 Exp in Buffer/1e5 Pretraining Iters (b) 1e6 Exp in Buffer/1e5 Pretraining Iters

(c) 1e5 Exp in Buffer/2.5e5 Pretraining Iters (d) 1e6 Exp in Buffer/2.5e5 Pretraining Iters

(e) 1e5 Exp in Buffer/5e5 Pretraining Iters (f) 1e6 Exp in Buffer/5e5 Pretraining Iters

Figure 6.6: Sample Trajectories from the Hard Two-Body Rendezvous Training Data Set
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Chapter 7: Discussion and Future Work

Seeding the replay buffer with mass-optimal trajectories leads to noticeable improvements in

controller performance and training speed over RL in isolation. With supervised pretraining, the agent

is provided a reference set of trajectories that persist in the replay buffer during pretraining because

the replay buffer capacity is set to one million experiences. If the number of experience steps exceeds

this capacity, the SAC implementation used in this work employs a first-in, first-out cycling behavior

to replace older experiences. Replay buffer size is typically constrained by hardware limitations, and

setting the buffer to excessively large sizes can retain stale data that may be suboptimal. The replay

buffer capacity of one million experiences used by Haarnoja et al. [32] is adopted here as a relatively

safe choice; however, further investigation of the effect of replay buffer size is warranted.

During supervised pretraining, the actor and critic networks are updated only using existing ex-

periences in the replay buffer; however, a key component of a complete RL approach is interaction with

(and exploration of) the environment. Each agent is given 50,000 time steps of environment interaction

at the start of SAC training before gradient updates are applied to the actor and critic networks. For

the baseline agent, this corresponds to executing random thrusting actions while populating the replay

buffer. This ensures the agent begins training with a breadth of experience before applying gradient

updates that could otherwise drive learning toward a poor local optimum.

The step size used in this analysis is set to a relatively large time span of two weeks. This choice

caps the number of steps per episode to approximately 50, which is manageable for initial RL runs.

In this setting, the training process benefits more from exposure to a diverse set of conditions across

many episodes than from fewer episodes with a more granular step size. The large step size may affect

the final terminal residuals; further studies should assess the trade-offs associated with varying step
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size in this problem. With the initial baseline experiments completed, the step size can be reduced to

allow for finer resolution in the RL state and action spaces.

Several avenues for future work follow from this analysis. First, a complete pretraining-stack

implementation for the TBR problem is still in progress. An extensive set of fuel-optimal rendezvous

trajectories has been generated for use in pretraining. Examples of these trajectories are shown in

Figures 7.1 and 7.2. Figure 7.1 contains rendezvous trajectories for circular initial and final orbits,

similar to the circular transfer dataset, but with the added constraint of matching true anomaly at the

end of the designated time of flight. Figure 7.2 shows rendezvous trajectories with additional variation

in eccentricity and argument of periapsis, increasing difficulty in a manner analogous to the hard

transfer dataset.

Figure 7.1: Circular Rendezvous Training Data Sample Trajectories
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Figure 7.2: Hard Rendezvous Training Data Sample Trajectories

Baseline SAC training runs have been conducted successfully using the TBR MDP formulation

in Section 4.3. A sample reward history from a 10-million-step SAC training run is provided in Fig-

ure 7.3. The next step is to complete the pretraining-stack implementation for TBR and quantify the

utility of pretraining on this more challenging class of trajectory problem.

Figure 7.3: Hard Rendezvous Training Data Sample Trajectories

Increasing the complexity of the TBT and TBR problem classes is also of interest for future
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work. More realistic dynamics could be incorporated to improve mission applicability, such as third-

body or fullN -body effects. Extending the formulation to three dimensions in both the state and action

spaces is also warranted.

Refinements to the pretraining process are likewise needed. The TBR problem appears to require

substantially more pretraining time and/or data to achieve performance gains comparable to those

observed for TBT. Reward shaping for the TBT and TBR MDPs may be required to better align learned

behavior with realistic mission goals. For example, a time-dependent term could be introduced in the

reward function to increase the weight of terminal accuracy as the spacecraft approaches the end of the

time of flight. This would be expected to encourage smaller terminal position and velocity residuals

for both problems. Preliminary efforts have also begun on automation improvements to accelerate

experimentation and training, which will become increasingly important as problem complexity and

computational demands grow.
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Chapter 8: Conclusion

This thesis investigated a hybrid learning pipeline for low-thrust trajectory design that combines

supervised pretraining on fuel-optimal reference trajectories with subsequent reinforcement learning

using the Soft Actor-Critic (SAC) RL algorithm. The central motivation was to retain the physics-

consistent structure and accuracy of optimal control solutions while enabling fast, closed-loop guid-

ance policies that can be evaluated efficiently and can adapt through continued interaction. To isolate

the effect of pretraining and quantify its impact, the study focused primarily on the Two-Body Transfer

(TBT) problem under simplified two-body dynamics, and planar motion with perfect state knowledge.

High-fidelity mass-optimal reference trajectories were generated using an indirect optimization

method with homotopic smoothing to robustly handle a bang–bang control profile. These trajectories

were then converted into experience tuples consistent with the proposed Markov Decision Process

(MDP) formulations and used to initialize and pretrain the SAC actor and critic networks through

replay-buffer sampling prior to online RL. In this framing, supervised pretraining serves as an informed

initialization that reduces the exploration burden of long-horizon continuous-control learning while

preserving SAC’s stochasticity and ability to improve through reinforcement learning.

Experimental results for the circular TBT problem demonstrate that supervised pretraining can

substantially reduce SAC sample complexity. The pretrained agent reached comparable reward lev-

els roughly an order of magnitude faster than training from scratch, and Monte Carlo evaluation over

10,000 rollouts showed improved mean reward and tighter distributions in terminal position and veloc-

ity residuals relative to the vanilla RL baseline. For the harder TBT problem with increased eccentricity

and argument-of-periapsis variation, a sensitivity study indicated that both the amount of training data

available in the replay buffer and the duration of pretraining materially affect downstream RL perfor-
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mance. In particular, moderate pretraining with sufficient demonstration coverage generally improved

training stability and rollout performance, while some configurations exhibited behavior consistent

with reward exploitation, emphasizing that reward design and evaluation metrics must be carefully

aligned with mission objectives.

Overall, these results support the central premise of this thesis: that seeding reinforcement learn-

ing with supervised pretraining on optimal-control demonstrations and can yield faster learning and

improved terminal accuracy in low-thrust trajectory design tasks, while still leveraging reinforcement

learning’s strengths. At the same time, the observed sensitivity to reward shaping, replay-buffer com-

position, and pretraining extent highlights that hybrid pipelines require careful design choices to avoid

overfitting to demonstrations or converging to policies that optimize surrogate rewards without im-

proving hollistic performance.

Future work should extend this framework toward higher-fidelity settings and more operationally

relevant objectives. High-priority directions include (i) improved reward structures that emphasize

terminal performance while retaining informative dense feedback, (ii) incorporation of time-varying

or variable step sizes and time-of-flight optimization and (iii) the completion of a pretraining stack for

rendezvous trajectories. Additional further objectives are expansion to three-dimensional state space,

adding multi-body dynamics, including uncertainty and navigation error. These extensions would help

determine the extent to which hybrid supervised–RL pipelines can scale beyond benchmark problems

and serve as practical complements to classical optimal control in future low-thrust mission design and

autonomous guidance applications.
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