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Abstract
Future space missions will require various technological advancements to meet more stringent and challenging

requirements. Next generation guidance, navigation, and control systems must safely operate autonomously in
hazardous and uncertain environments. While the focus of these developments is often on flight software, spacecraft
hardware also creates computational limitations for the algorithms which run onboard. Here we look at the feasibility
of implementing intelligent control onboard a spacecraft. Intelligent control methods combine theories from automatic
control, artificial intelligence, and operations research to derive control systems capable of handling substantial
uncertainties. This has clear benefits for operating in unknown space environments. However, most modern intelligent
systems require substantial computational power which is not available onboard spacecraft. Recent advancements in
single board computers have created much physically lighter and less power-intensive processors which are suitable
for spaceflight and purpose built for machine learning. In this study we implement a reinforcement learning based
controller on NVIDIA Jetson Nano hardware. We apply this controller to a powered descent guidance problem using
a simulated Mars landing environment. The initial offline approach used to derive the controller has two steps. First,
optimal trajectories and guidance laws are calculated using nominal environment conditions. These are then used to
initialise a reinforcement learning agent which learns a control policy that copes with environmental uncertainties. In
this case the control policy is parameterised as a neural network which can also update its weights online from real
time observations. Online updates use a novel method of weight updates called Extreme Q-Learning Machine to tune
the output weights of the neural network in operation. We show that this control system can be deployed on hardware
which is sufficiently light, in terms of power and mass, to be used onboard spacecraft. This demonstrates the potential
for intelligent controllers to be used on flight suitable hardware.
Keywords: Intelligent Control, Reinforcement Learning, Edge Artificial Intelligence

while many AI architectures are computationally inten-
sive.

New advances in edge hardware for AI have increased
the possibility for spacecraft onboard intelligence. Sev-
eral manufacturers now produce high performance Graph-
ics Processing Units (GPUs) optimised for running AI
algorithms which are computationally and physically
lightweight. For example, companies such as NVIDIA [2]
and Intel [3] are investing substantial resources in devel-
oping edge AI capabilities. Due to the availability of this
hardware, applications of onboard intelligence are now
growing, with most being related to image processing.
One recent example uses flight tested hardware to create
segmentation maps of floods with the goal of spacecraft
being able to downlink these maps in real time to enable
quicker disaster response[4]. Applications of onboard in-

1 Introduction

Designing effective spacecraft Guidance Navigation and 
Control (GNC) systems poses several challenges. These 
control systems must deal with substantial uncertainties 
inherent to space missions which is difficult for many con-
ventional methods to handle. One class of methods which 
can be used for controlling uncertain environments is In-
telligent Control (IC). These methods use theories and 
architectures from the field of Artificial Intelligence (AI), 
combined with automatic control and operations research, 
to devise autonomous control systems which handle un-
certainties in a system’s environment, goals, or even in the 
control system itself[1]. This has clear benefits for space-
craft GNC, however, one factor which limits the use of IC 
onboard spacecraft is its computational cost. Computing 
systems onboard spacecraft face stringent power budgets,
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edge AI applications. The NVIDIA Jetson system has ex-
isting flight heritage onboard a recent Lockheed mission
that demonstrated various onboard AI applications[15].
With this work, we aim to show that intelligent control is
feasible onboard near-term flight hardware for spacecraft
GNC.

2 Methods

The approach we use here can be divided into three main
parts. The first two parts occur offline for initialising the
agent and the final part occurs online. First an agent is
trained using conventional gradient descent methods to
determine initial weights for the Q-network. We use the
conventional gradient-based updates for this part instead
of EQLM since the Q-networks have multiple layers, but
ELM updates only single layers. The Q-network weights
learned from this part are then used to initialise offline the
matrix used for EQLM updates. Finally, the agent updates
its output weights online. Here we describe this method-
ology with a brief introduction to the underlying theories
of Q-learning.

2.1 Q-Networks

RL processes consist of an agent which takes actions, a on
an environment and observes states, s and rewards, r. The
agent’s goal is to maximise its cumulative reward. Vari-
ous approaches exist to solving this problem [5] and our
method is based on a popular algorithm called Q-learning
[16]. This aims to learn an optimal policy by learning
action-values, denoted Q - that is the expected cumula-
tive reward following an action in a given state. Building
on this, more recently the Deep Q-Networks (DQN) al-
gorithm became popular for its performance in the Atari
benchmark environments [17]. This algorithm param-
terises the action-value estimates using a NN which al-
lows it to scale to large problems.

The DQN algorithm has several key features. First, it
uses experience replay [18], where it stores its observa-
tions in a replay memory and samples from this when per-
forming network updates. While training, DQN uses an
ε-greedy policy to explore states by occasionally taking
random actions. The parameter ε defines the probability
of taking a random action and this value is decreased as
the agent learns more with less need to explore. Finally it
makes use of a target network, which is a second NN that
has the same structure as the main Q-network. This net-
work’s parameters remain fixed for a period of time before

telligence to GNC are more limited and so here we aim to 
use onboard intelligence to directly train a controller.

Reinforcement Learning (RL) is a class of AI methods 
which has gained interest for many different applications. 
These methods learn how to control a system through in-
teraction and optimise their behaviour with respect to a re-
ward function specified by the designer[5]. Recent break-
throughs in AI applied to games have used RL methods, 
which demonstrates their capabilities on a variety of dif-
ficult p roblems. Most n otably, work by DeepMind pro-
duced AlphaGo and AlphaZero which overcame the task 
- previously thought impossible - of beating the world’s 
best humans at the game of Go[6]. In most cases, a RL 
agent learns how to control a system through repeated, 
simulated interactions and then does not update its control 
policy in operation. While this approach is still effective, 
it cannot be considered ‘intelligent’ control in the sense 
that it does not update online based on new information. 
Our work aims to demonstrate the possibility for includ-
ing online updates with an RL agent.

We apply RL to a three degree-of-freedom Martian 
spacecraft powered descent problem with environmen-
tal uncertainties. Spacecraft landing on extra-terrestrial 
bodies is an important area of research as further mis-
sions to the Moon and Mars are planned [7]. These will 
have stricter performance requirements than previous mis-
sions which motivates the use of novel technologies such 
as IC. Previous work applying RL to this problem in-
cludes Gaudet et al [8] which uses the RL method Proxi-
mal Policy Optimisation (PPO)[9] to learn over long train-
ing periods. This work builds on previous work that im-
proved the training time for this problem using discrete 
action spaces [10] and by incorporating optimal control 
demonstrations[11].

The primary contribution of this work is the demonstra-
tion of online updates of a pretrained RL agent performed 
on near-term flight h ardware. Online updates use a novel 
update mechanism called Extreme Q-Learning Machine 
(EQLM)[12]. This uses theories from Extreme Learn-
ing Machines (ELMs)[13] to update Neural Network 
(NN) parameters without using conventional gradient-
based methods. EQLM is capable of training a neural net-
work without the need of iterative tuning making it suit-
able for an online learning environment. To demonstrate 
the feasibility of using this approach onboard spacecraft, 
we run our agent on the NVIDIA Jetson Nano 2GB de-
veloper kit [14]. This small, single board computer in-
corporates a NVIDIA Maxwell GPU that is designed for
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taking the values of the main network’s parameters. The
target network is used for calculating targets for updating
with the aim of decoupling the action-value updates and
estimation.

The main network’s parameters are denoted with θ and
the target network parameters θT . Updates use experi-
ences sample from the replay memory, which consist of
a state, action, observed state, and observed reward, de-
noted (sj , aj , rj+1, sj+1). The target action value tj is
then calculated as shown:

tj =

{
rj , if sj+1 is terminal

rj + γmaxaQθT (sj+1, a), otherwise
(1)

where γ is the discount factor that controls the extent to
which long term rewards are considered (0 ≤ γ < 1). The
temporal-difference error, ej can then simply be calcu-
lated as the difference between the estimated action value
and target action value:

ej = Qθ(sj , aj)− tj (2)

The temporal difference error can then be used to up-
date the parameters of the main network via gradient de-
scent. This is the approach used in the initial part of
our method. The remainder of this section describes our
method’s three main parts.

2.2 Offline Pretraining

In this part of the method we train an agent using DQN
with optimal control demonstrations. For a more detailed
description of the approach used for initialisation, readers
are referred to the authors previous work [11].

The agent is initially trained as shown schematically
in Figure 1 using demonstrations derived by optimisation
procedures. These optimal control demonstrations from
various initial conditions are stored in a separate demon-
stration replay memory. Experiences from both this re-
play memory and the agent’s own replay memory are used
to update the agent. The output of this part is a pretrained
Q-network with optimised parameters.

Replay
Memory

Demo
Replay
Memory

Agent

(s,a,r,s') Environment

Action

from optimal
control demos

Figure 1: Schematic illustration of agent pretraining using
optimal control demonstrations.

EQLM updates to be performed on just the output layer
and instead of random initial weights, the other network
parameters are tuned to give a useful representation to the
final layer. Following pretraining, all the Q-Network pa-
rameters are fixed except for the output weights which
will be updated online.

2.3 Offline EQLM Initialisation

Action

Weights
Pretrained

Agent

Demo
Data

Random
Data

Calculate
Initial A

(s,a,r,s')

State

Environment

Figure 2: Schematic illustration of initialising matrix for
EQLM updates.

Prior to applying EQLM online, it is first necessary to
initialise variables for performing updates. Here we de-
scribe the process for calculating initial values for the ma-
trix A† which is used for performing online updates with
EQLM. This process is illustrated in Figure 2. The input
to the network is the environment state, denoted s. The
output of the ith hidden layer, denoted yi, is:

yi = (fi ◦ fi−1 ◦ · · · ◦ f1) (s) (3)

where fi() is a nonlinear function of the previous
layer’s output resulting in each output being a compos-
ite function of all previous layers. For an initial minibatch
of k0 inputs (s1, . . . , sk0), we define the matrix H as the

For the problem scale we consider here, a multilayer Q-
Network is required. EQLM is used to update single layer 
networks with random initial weights and biases. Train-
ing a Q-Network initially using gradient descent allows
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output of the final hidden layer (denoted y for simplicity)
for each of the inputs as shown:

H =

 y|Ts=s1
...

y|Ts=sk0


k0×Ñ

(4)

where Ñ denotes the number of nodes in the final hid-
den layer. Each row of H contains the final hidden layer
output y for each of the inputs (s1, . . . , sk0). The output
weights of the network are denoted with β. Matrix T is
then defined as the corresponding target action-values for
the inputs (s1, . . . , sk0) as shown in equation 5. These are
calculated using equation 1.

T =

 t|Ts=s1
...

t|Ts=sk0


k0×m

(5)

where m denotes the number of discrete actions. For
a set of output weights which perfectly represents the tar-
gets T for a given H, the Q-network model can be written
as shown in equation 6:

Hβ = T (6)

As stated previously, following pretraining only the
output weights β are updated. In the case where EQLM
is used without pretraining, network parameters are ran-
domly assigned and the output weights are initialised as
shown:

A†t=0 =

[
I

γ̄
+ HTH

]†
(7)

βt=0 = A†t=0H
TT (8)

However, following pretraining we can instead use the
optimised set of output weights to initialise A†t=0 by rear-
ranging equation 8 as shown:

A†t=0 = βt=0

[
HTT

]†
(9)

2.4 Online updating

Action

At,Wt

Online
Agent

Memory

At+1,Wt+1

EQLM-based
Update

State
Environment

Onboard Spacecraft

A, Weights from
initialisation

from demo and
rand data

Figure 3: Schematic illustration of an onboard agent with
online updates.

With the weights and matrix for updating weights ini-
tialised, the agent is now able to update its weights on-
line. In practise, this part would occur onboard the space-
craft. This is highlighted in Figure 3. As with the ini-
tialisation part, the online updates use data from agent
demonstrations and random actions. In addition to these
replay memories, the experiences observed online by the
agent also make up the data used to update. These ex-
periences are all fed to the agent in minibatches, whose
size is again denoted k. If the agent has already updated
from N experiences and samples a new batch of k experi-
ences (sN , . . . , sN+k) for updating, the new incremental
matrices HIC and TIC can be defined as follows:

HIC =

 f(y|s=sN )
...

f(y|s=sN+k
)


k×Ñ

(10)

TIC =

 t|Ts=sN
...

t|Ts=sN+k


k×m

(11)

Using these matrices, the online EQLM updates are
performed with the following equations:

Kt = I −A†tHT
IC

(
HICA

†
tH

T
IC + Ik×k

)†
HIC (12)

βt+1 = Ktβt +KtA
†
tH

T
ICTIC (13)

A†t+1 = KtA
†
t (14)

where βt=0 is the optimised output weights. H and T 
are both calculated for a large batch of experiences to 
perform this step. This initialisation is the final part of the 
process which occurs offline.
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where Kt is another matrix used to calculate weight
updates. These updates occur after a certain number of
timesteps, nstep in the environment. At each update, the
agent’s previous nstep experiences are all used to update,
along with k− nstep points sampled from the demonstra-
tion and random action replay memories.

3 Application to Powered Descent

This section details how the method described previously
is applied to the spacecraft lander powered descent prob-
lem. Here we introduce the mathematical models and pa-
rameters describing the environment and detail the exper-
iments carried out to test this application.

3.1 Environment

The environment we consider is a three degree-of-
freedom powered descent for Mars. For this case with
no rotations, the spacecraft is considered to have thrusters
aligned with its body-frame axes. The equations of mo-
tion of the spacecraft are shown in equations 15 to 17:

d

dt
(x) = ẋ (15)

d

dt
(ẋ) =

Fthrust + Fenv
m

+ g (16)

d

dt
(m) = −Σabs (Fthrust)

Isp · g0
(17)

where x = {xi, xj , xk}m is the spacecraft’s position w.r.t
the desired landing location, Fthrust = {Fi, Fj , Fk}N is
the force exerted by the thrusters on the spacecraft, Fenv
is the disturbance forces from the environment, m is the
spacecraft total mass, g = {0, 0,−3.72}N/kg is the ac-
celeration due to gravity for Mars, Isp = 210s is the spe-
cific thrust of each thruster, and g0 = 9.81N/kg is the
reference acceleration due to gravity.

Possible thrusts are discretised within the ranges
−Fmaxi ≤ Fi ≤ Fmaxi , −Fmaxj ≤ Fj ≤ Fmaxj , and
0 ≤ Fk ≤ Fmaxk . Maximum thrust magnitudes are
Fmaxi = Fmaxj = 10kN and Fmaxk = 13kN . The num-

Appropriate definition of the reward function is crucial
to ensure the agent learns a desirable policy. This problem
benefits from a shaped reward function which effectively
guides the agent towards more optimal actions since it is
otherwise difficult for the agent to learn to find the land-
ing site. The reward function we use here is the same as
from previous work [11] which is adapated from the re-
ward function used by Gaudet et al [8]. This function is
shown in equation 18:

r =α ‖ẋ− ẋtarg‖+ β

∥∥∥∥FthrustFmaxthrust

∥∥∥∥+ η

+ κ (rz < 0.01 and ‖x‖ < xlim and ‖ẋ‖ < ẋlim)

(18)

ẋtarg is a target velocity that the agent is rewarded for
following. The shape of this target velocity is defined by
equations 19 to 24:

ẋtarg = −v0
(

r̂

‖r̂‖

)(
1− exp

(
− tgo
τ

))
(19)

v0 = 70 (20)

tgo =
‖r̂‖
‖v̂‖

(21)

r̂ =

{
x− [0 0 15] , if x3 > 15

[0 0 x3] , otherwise
(22)

v̂ =

{
ẋ− [0 0 − 2] , if x3 > 15

ẋ− [0 0 − 1] , otherwise
(23)

τ =

{
20, if x3 > 15

100, otherwise
(24)

This motivates the agent to follow a velocity pointing
towards 15m above the desired landing zone which de-
creases as it approaches this point. Then over the final
15m of descent the target velocity is entirely normal to
the surface in the k-direction. The constants α, β, η, and
κ in equation 18 weight different parts of the reward func-
tion. The α term is a negative reward which increases as
the difference between the spacecraft’s velocity and tar-
get velocity increases. The β term is also a negative re-
ward for the control effort normalised w.r.t the maximum
thrust. η is a positive constant which motivates the agent
to keep advancing in the environment. Finally, κ is the
reward gained for a successful landing within the limits
of xlim = 5m and ẋlim = 2m/s. The values of the con-
stant coefficients in the reward function are α = −0.01,
β = −0.05, η = 0.01, and κ = 10.

ber of discrete actions in each direction is 7 in both the i-
and j-directions and 3 in the k-direction, giving an action 
space size of 147 discrete actions. Environmental forces 
are randomly sampled every 5 timesteps from a normal 
distribution with mean 0N and standard deviation 100N 
and linearly interpolated between samples. The control 
system’s sampling time is 0.2s.
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The input to the network s consists of the lander’s po-
sition, velocity, and mass. To avoid saturating the hidden
layer outputs in the network, inputs are scaled by a con-
stant factor sscale as shown:

s = {x, ẋ, m} · sscale (25)

with the values for scaling each variable defined as fol-
lows:

sscale = {0.01, 0.01, 0.01, 0.1, 0.1, 0.1, 0.005}
(26)

3.2 Pretraining and Initialisation

Using the process detailed in [11], we first pretrain an
agent using gradient descent methods and optimal demon-
strations for 10,000 episodes. Due to the stochastic nature
of the algorithm and environment, each training run yields
variable performance and so several runs are performed
with different random seeds. We perform 32 training runs
in total to get 32 sets of pretrained agent weights. All of
these agents are then initialised 5 times, again with differ-
ent random seeds, and run for a fixed number of EQLM
updates to test their performance after updating. The pre-
trained agent used for online updating is selected based on
its performance across the 5 runs of these episodes. For
all the experiments shown here, initial conditions are se-
lected randomly at the start of each episode in the ranges
shown in Table 1.

Table 1: Range of initial conditions for training and test-
ing agents

State Variable Min. Max.

i-position 0.4km 1.1km

j-position −1.1km 1.1km

k-position 2.4km 2.6km

i-velocity −75ms−1 −5ms−1

j-velocity −35ms−1 35ms−1

k-velocity −95ms−1 −65ms−1

mass 2000kg 2000kg

sampled from the agent’s own replay memory for each
update and kdemo is the number of experiences sampled
from the optimal control demonstrations, giving a total
minibatch size of k + kdemo = 200. nT is the number of
timesteps between target network updates.

Table 2: Hyperparameters for agent pretraining (from
[11])

Parameter Value

Hidden units (300,200,300)
learning rate 1× 10−5

ε0 0.6
nε 4000
γ 0.926
k 100
kdemo 100
nT 65

Following pretraining, the next step is to initialise the
agent for online EQLM updates. As with the pretrain-
ing run, initialising A†t=0 involves a stochastic process of
sampling data from the demonstration and random replay
memories. Therefore, we also perform this initialisation
32 times with different random seeds and assess the per-
formance as before. The initial minibatch size k0 used to
initialise A†t=0 is fixed at 2000 for all experiments with
1000 experiences sampled from the agent demonstrations
and 1000 from random actions. With the network archi-
tecture defined in pretraining, the only other hyperparam-
eter for EQLM updates is the discount factor γ. This is
fixed at γ = 0.9 in all cases - both for initialisation and
online updates.

While the initial minibatch size could be fixed, the
minibatch size for online updating has a greater effect
on the agent’s performance. Moreover, larger minibatch
sizes would increase the time taken to update weights
which is undesirable for online updating. This motivates
the careful tuning of this minibatch size to minimize it
while achieving the best performance. As well as the
overall minibatch size, the number of steps per update
must also be chosen. This affects not only the frequency
of updates but also the number of observed experiences
included in each update. To tune these parameters, we
consider three performance criteria to minimise: norm of
final position in the i- and j-directions, norm of final ve-
locity in the i- and j-directions, and absolute final velocity
in the k-direction. For each pair of parameters (minibatch
size and steps per update), we run 200 episodes and calcu-

The hyperparameters used for pretraining are shown in 
Table 2. The network has three hidden layers with tanh 
activation functions and is updated using the RMSProp 
al-gorithm. ε0 and nε are parameters which control the rate 
of exploration of the agent - how often it takes random 
actions to explore the environment. γ is the discount fac-
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Figure 4: Learning curve for the best performing pre-
trained agent. Rewards displayed are averaged over 200
episodes.

then averaged across episodes to more clearly show the
learning curve. The mean cumulative reward increases
most rapidly over the first 1000 episodes before increas-
ing more gradually over the rest of the learning period.
Over the last 100 episodes it is able to successfully land
frequently with a mean cumulative reward of -28.5.

As stated previously, pretrained agents were evaluated
based on performance over 500 episodes with EQLM up-
date and each pretrained agent ran using 5 different ran-
dom seeds for initialising the A† matrix. Performance for
each of these seeds for the best pretrained agent are sum-
marised in Table 3. This table also shows a summary of
the performance from the best performing of the 32 A†

matrix initialisation seeds, which all used the best pre-
trained agent.

These results highlight the importance of selecting a
random seed for initialising A† since the performance of
the best pretrained agent varies considerably across seeds.
This is shown most clearly in the k-velocity, which has
median and standard deviation of -0.93 and 0.61 for seed
4, but these are -1.79 and 6.96 for seed 3. The high stan-
dard deviation in k-velocity in seed 3 shows the agent is
frequently crashing the spacecraft at high velocity, which
is obviously very undesirable. Contrast this with the per-
formance of the best A† seed, which has a median and
standard deviation of only -0.88 and 0.54. It is interesting
to note that median fuel consumption is broadly similar
across all seeds, which shows all seeds perform similarly
with regards to fuel economy but vary more substantially
in how often they successfully land.

late the performance in terms of those three criteria. From 
this, we can create a Pareto front of non-dominated solu-
tions and select the set of parameters which appears most 
often in those solutions. The range of values tested for 
the number of steps per update is 2, 4, 8, 16, 32, 64, 128 
and for minibatch size is 40, 80, 120, 160, 200, excluding 
pairs of parameters where the steps per update is greater 
than the minibatch size.

With the pretrained weights determined, initial A† ma-
trix calculated, and steps per update and minibatch size 
selected it possible to run the online EQLM updates. First 
we add an additional training step of running EQLM up-
dates offline for 500 episodes with the goal of better tun-
ing the output weights and matrix A† prior to running 
online. When running online updates, each episode be-
gins with the same set of output weights and matrix A†, 
whereas for the offline updates these are updated over all 
the episodes. We use the same values for steps per update 
and minibatch size as for the online updates in the offline 
update runs.

3.3 Experiments on hardware

The hardware used for testing online updates is the 
NVIDIA Jetson Nano 2GB developer kit. It is equipped 
with a 64-bit Quad-core ARM A57 CPU at 1.43 GHz and 
a 128-core NVIDIA Maxwell GPU. The onboard memory 
for the developer kit is 2 GB 64-bit LPDDR4. The meth-
ods detailed previously are implemented in the Tensor-
flow Python library which makes it possible to use GPU 
acceleration. Testing episodes that are run on the hard-
ware use the same initial set of weights and matrix A† at 
the start of the episode, which are then updated through-
out the episode. Initial conditions for the episodes are the 
same as in training as shown in Table 1.

4 Results and Discussion
Results are shown for the offline pretraining and initiali-
sation and for the online updates run on the Jetson Nano 
hardware. For the cases where multiple seeded runs were 
carried out to determine best seeds, for brevity we only 
show results of the best performing run.

4.1 Pretraining and Initialisation

Figure 4 shows the learning curve of the best pretrained 
agent out of 32 runs. Cumulative reward refers to the 
sum of all rewards over a single episode. These are
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Table 3: Median and standard deviation of values for terminal states and fuel consumption from 500 online update 
episodes with the best random seeds for initialisation. Results for the best pretrained agent are shown for each of its 5 
runs.

Norm ij-position (m) Norm ij-velocity (m/s) k-velocity (m/s) Fuel (kg)
median SD median SD median SD median SD

Pretrained - seed 1 9.35 7.00 1.08 1.05 -0.92 5.05 439.1 27.4
Pretrained - seed 2 9.58 6.82 0.90 1.51 -1.05 1.03 436.1 39.5
Pretrained - seed 3 14.59 12.12 1.83 3.92 -1.79 6.96 432.8 62.4
Pretrained - seed 4 11.63 6.88 0.95 0.62 -0.93 0.61 438.1 33.6
Pretrained - seed 5 9.12 5.45 1.01 1.00 -0.74 0.65 438.3 28.9

Best A† seed 7.35 5.89 1.03 0.59 -0.88 0.54 438.9 26.2

Table 4: Comparison of two best performing hyperparam-
eter values in terms of terminal state values.

(80, 4) (160, 16)
median SD median SD

ij-position (m) 7.77 5.74 8.02 7.37
ij-velocity (m/s) 0.95 0.63 1.08 1.80
k-velocity (m/s) 0.86 0.58 0.88 0.96

4.3 Online Updates

The reaminder of the results come from experiments run
on the Jetson Nano hardware. Three different agents were
run on the hardware to test their performance:

• Pretrained agent - using the fixed weights of the best
pretrained agent without any online updating.

• Offline updated agent - using the best pretrained
agent and best A† plus 500 episodes of offline up-
dates without any online updating.

• Online updated agent - using the best pretrained
agent and best A† plus 500 episodes of offline up-
dates and with online updating.

The distributions of final states for each of these agents
are shown in Figures 5, 6, and 7. For both Figure 5 show-
ing positions and Figure 6 showing velocities, the ma-
jority of points are clustered near the origin as desired.
The distribution of points for the pretrained and online
updated agents are both very similar, while the offline up-
dated agent has a more off-centre distribution. This sug-
gests that the online updates stear the performance more
towards that of the pretrained agent following offline up-
dates. For all agents the majority of terminal k-velocities
have a magnitude less than 2m/s, however some episodes
show higher landing speeds of more than 3m/s. Simi-
larly, the terminal i- and j-velocities show several outliers
- most notably in the offline updated agent. This shows
further improvements to the robustness of these agents to
the varying initial conditions and disturbances are neces-
sary. Nevertheless, in most cases each agent is able to
successfully land close to the desired location.

Table 5 summarises each agent’s performance over the
500 episodes. In most cases each agent performs sim-

4.2 Hyperparameter Selection

For the ranges of number of steps per update and mini-
batch size stated previously, we found the non-dominated 
solutions in terms of norm ij-position, norm ij-velocity, 
and absolute k-velocity for all of the 6200 episodes across 
the 31 pairs of hyperparameters. This gave 23 Pareto-
optimal points. Of these, two pairs of hyperparameters 
produced 4 episodes each making them the most fre-
quently optimal. These were (minibatch 80, update steps 
4) and (minibatch 160, update steps 16). To select one of 
these sets of hyperparameters, we compared their perfor-
mance across all of their episodes. These are summarised 
in Table 4. Since the pair (80,4) shows lower median and 
standard deviations across all performance criteria, these 
were selected as the hyperparameters to use.

These hyperparameters are used for all further EQLM 
updates. The number of steps per update is 4, meaning the 
agent updates its weights every 4 timesteps and uses the 
previous 4 experiences. For the minibatch size of 80, this 
means that the agent also samples 38 experiences from the 
agent demonstrations and 38 experiences from the ran-
dom actions for each update.
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Figure 6: Distributions of terminal i- and j-velocities for
each of the agents over 500 episodes.
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Figure 7: Distributions of terminal k-velocities for each
of the agents over 500 episodes.

time of 0.2s as desired. However, there are 2 occasions
where updating takes longer than the sampling time with
the longest lasting 0.276s. This still allows updates to be
made during intervals of 4 timesteps as in our case. The
code used to get these timings was also not optimised for
time and so these times could certainly be improved.

5 Conclusions

This work demonstrates the potential for intelligent con-
trol methods to be implemented on flight-suitable hard-
ware for onboard spacecraft control. Using a reinforce-
ment learning based approach, we were able to train an
agent to solve a powered descent problem subject to envi-
ronmental uncertainties and perform weight updates on-

Figure 5: Distributions of terminal i- and j-positions for 
each of the agents over 500 episodes.

ilarly, however the offline u pdated a gent h as a  notably 
greater variability in the ij-velocity. This agent also shows 
the highest median fuel consumption, whereas the differ-
ence between the pretrained and online updated agents’ 
fuel consumption is only 2kg.

Figures 8 to 10 show one example trajectory ob-
tained using the online updating agent. The veloc-
ities over the trajectory in Figure 9 demonstrate the 
effect of the target velocity on the agent’s policy as 
the spacecraft initially accelerates quickly towards its 
target velocity before the velocity decreases towards 
zero. Figure 10 also clearly shows the discrete thrust 
magnitudes in each direction. The initial conditions 
for this trajectory were x0 = {0.53, −0.89, 2.45} km, 
ẋ 0 = {−15.6, −30.7, −76.2} m/s, and m0 = 
2000kg. From this state, the agent reaches a termi-
nal state of x = {−0.089, −9.011, 0.024} m and ẋ = 
{−0.71, −1.12, −0.15} m/s with a fuel consumption of 
455.5kg.

The final results we show are the time taken to update 
the agent when running on the Jetson Nano. This is impor-
tant to review since the updates cannot be so slow to pre-
vent their use online using real hardware. Figure 11 shows 
a histogram of times taken to update the agent over 500 
update steps. The time taken to update includes adding 
the most recent observation to the experience replay, sam-
pling from all experience replays, and calculating and as-
signing the new weights. Most updates last between 0.05 
and 0.10s which is less than the control system sampling
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Table 5: Median and standard deviation of values for terminal states and fuel consumption from 500 episodes run on
Jetson Nano hardware for three different configurations of agent.

Norm ij-position (m) Norm ij-velocity (m/s) k-velocity (m/s) Fuel (kg)
median SD median SD median SD median SD

Pretrained 7.39 6.01 0.92 0.58 -0.84 0.56 437.2 21.5
Offline updated 14.85 4.03 0.91 0.91 -0.90 0.47 449.7 23.1
Online updated 7.21 7.37 0.92 0.66 -0.91 0.56 435.7 22.8
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Figure 8: Spacecraft positions over a sample trajectory.
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Figure 10: Spacecraft thrusts over a sample trajectory.

tem model which estimates future states and uses these to
update the control system, which removes the need for
additional onboard memory.
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