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Abstract

Reinforcement learning (RL) methods often struggle where
tasks have scarce rewards which depend on temporally ex-
tended sequences of sub-goals. This is especially true where
environments constitute a Partially Observable Markov Deci-
sion Process (POMDP) where observations do not uniquely
identify the underlying state. Reward Machines (RMs), Hi-
erarchical RMs (HRMs) and automata generated from Lin-
ear Temporal Logic (LTL) can render these rewards Marko-
vian, but current techniques cannot adequately represent envi-
ronments that require tracking a large and initially unknown
number of concurrently active task instances, each with its
own progress state. This work presents Priority-Based Re-
ward Machine Switching (PBRMS), a modular approach in
which the agent contains a Contextual Controller and concise
RM definitions constrained to describe task sequence struc-
ture. Using this controller, the agent selects, suspends, and
resumes tasks based on internal state built from observed en-
vironmental context, enabling contingent task switching in
uncertain environments containing a large and unknown num-
ber of parallel task sequences. Guiding task completion, the
agent includes a per-step contextual value distribution over
geodesic distance in the RL decision-maker’s state space. Re-
sults show that PBRMS supports efficient learning in a proce-
durally generated, non-stationary POMDP with variable par-
allel tasks, offering a flexible alternative to current methods
for integrating learning and structured knowledge.

Introduction
Search and Rescue (SAR) tasks, such as finding survivors
of natural disasters or locating people in a burning building
and leading them to safety, inherently contain significant un-
certainties. In many cases, it is not clear how many people
are impacted, where they are located, and how serious any
injuries may be. This is true of SAR operations in build-
ings during a fire and in larger urban or mountain rescue
scenarios. In these cases, agents must be able to cope with
temporally-extended tasks and keep track of a large and ini-
tially unknown number of parallel tasks. For instance, when
searching a mountain, an agent may spot person A 1 km
away and move towards them. On the path to A they may
spot person B nearby, switch attention to triage B and, find-
ing them mobile, direct them to safety before communicat-
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ing their status to coordinating personnel and moving on. At
person C, who is immobilised, the agent may administer aid
and leave supplies, communicating with coordinators before
pausing actions with C to reach person A, later returning to
C to check status and perhaps administer further aid.

While Reinforcement Learning (RL) can effectively learn
complex sequences of actions in Markov Decision Process
(MDP) settings, it struggles to learn efficiently when goals
require the completion of temporally-extended sequences
whose rewards depend on history, breaking Markov as-
sumptions (Sutton and Barto 2018). Reward shaping (Ng,
Harada, and Russell 1999) is a common method of providing
task-specific guidance to learning agents, but writing a sin-
gle reward function which adequately describes these non-
Markovian tasks is problematic. Reward Machines (RMs)
formalise reward function transitions during operation, dy-
namically reflecting subtask context (Toro Icarte et al. 2022).
Similarly, Linear Temporal Logic (LTL) statements are used
to describe task sequences and compose subtask-specific RL
agents to achieve larger goals guided by generated automata
(Bergeron, Serlin, and Leahy 2024).

In Partially Observable MDPs (POMDPs) where task
structure is revealed only through local observations, newly
discovered subtasks can change the optimal ordering of ac-
tions in ways that cannot be predicted in advance. In such
cases, where subtask relevance depends on discoveries made
through exploration, encoding all possible contingent order-
ings, interruptions, and resumptions of subtasks leads to an
exponential blow-up in the size of the automaton. Hierarchi-
cal Reward Machine (HRM) approaches mitigate exponen-
tial blow-up through a hierarchical set of RMs which call
each other as required (Furelos-Blanco et al. 2023). Where
partial observability creates uncertainty about propositions,
Temporal Dependency Modelling approaches can provide
belief consistency across RM states (Li et al. 2024).

However, many real-world partially-observable domains,
such as the example SAR operation described above, must
track an initially unknown number of task sequences operat-
ing in parallel, whereby the next sequence starts at some un-
predictable point in the progression of sequences already in
progress. Current methods are unable to manage such cases
efficiently since in operation they rely on a combination of
fixed propositional vocabulary and associated set of RMs.
However, a POMDP containing a large and unknown num-



ber of people, only discoverable through exploration, where
for efficiency (and safety) it is not appropriate to complete
all tasks for each person sequentially while ignoring others,
cannot be adequately expressed by pure RM approaches.

This work introduces Priority-Based Reward Machine
Switching (PBRMS), shown in Figure 1, a mechanism de-
signed to overcome limitations of existing RM and LTL-
based methods in POMDPs where a large and unknown
number of parallel subtasks must be tracked while avoiding
exponential growth of the reward machine representation.
The key contributions of this work are:
1. PBRMS, which avoids exponential growth by maintain-

ing a set of concise RMs that describe the sequential
structure and priority order of each subtask. The Con-
textual Controller then switches between RM states de-
pending on priority and environmental context, using an
internal belief representation to track parallel subtasks.

2. The addition of a context-specific reward distribution
over geodesic distance. Calculated each timestep, the dis-
tribution is used in reward calculations during training,
and forms part of the RL observation, guiding action de-
cisions by providing task context. This helps the agent
generalise to previously unseen configurations.

These contributions allow the agent to track progress of a
large number of parallel subtasks, meaning PBRMS can
express emergent, history-dependent and varying task se-
quence structures that can’t be encoded using other RM and
LTL methods. The rest of the paper discusses related work,
the PBRMS approach and its evaluation, and experimental
results, conclusions, and future work.

Background and Related Work
Reinforcement Learning algorithms can be defined as those
which learn a mapping from situations to actions through
experience. This mapping can be achieved in various ways,
but they all seek to learn actions that will lead to achieving a
defined goal through reward maximisation (Sutton and Barto
2018). This is often defined as a Markov Decision Process
(MDP) with the tupleM = (S,A, P,R, γ), where S is the
set of states, A the set of available actions, P the transition
function P (s′|s, a), R the reward function R(s, a, s′) and γ
a discount factor (Russell et al. 2022). This indicates that
while in state s ∈ S, undertaking action a ∈ A has the
probability p ∈ [0, 1] of transitioning to state s′ ∈ S and
receiving reward r ∈ R with discount factor γ ∈ [0, 1].

Many approaches to RL have been tried, and one of the
best understood is the Deep Q-Network (DQN) (Mnih et al.
2015). Used throughout this work, DQNs use a replay buffer
to store experience tuples e = (s, a, r, s′) each timestep
and Deep Neural Networks (DNNs) to approximate action-
values. Updates are completed according to the loss:

Li(θi) = Ee∼U(D)

[(
r+γmax

a′
Q(s′, a′; θ−i )−Q(s, a; θi)

)2]
,

where s is the current state, s′ the next state, r the received
reward, a the action taken, and a′ an action available in s′.

When learning temporally-extended tasks, requiring sev-
eral steps to achieve each sub-goal, the well known credit

Figure 1: The PBRMS agent architecture. See Figure 3 for
an example environment configuration.

assignment problem slows learning since it becomes difficult
to determine which actions contribute to delayed rewards
(Sutton and Barto 2018). Reward shaping (Ng, Harada, and
Russell 1999) addresses this by providing potential-based
intermediate rewards of the form F (s, a, s′) = γΦ(s′) −
Φ(s) that guide the agent toward task completion.

Reward Machines (RMs) (Toro Icarte et al. 2022), are de-
fined by the tuple R = (U, u1, F, P, δu, δr), where U is
a finite set of states, u1 ∈ U the initial state, F a finite
set of terminal states, P a finite set of propositions, δu the
state-transition function, and δr the state-reward function (Li
et al. 2024). These structures extend reward functions using
discrete states to decompose problems into structured sub-
tasks able to provide context-specific rewards. This decom-
position enables more efficient learning, particularly when
combined with algorithms that learn separate policies for
each subtask (Toro Icarte et al. 2022). Similarly, approaches
based on LTL are used to specify task sequences and gener-
ate automata that guide the composition of subtask-specific
RL agents (Bergeron, Serlin, and Leahy 2024).

POMDPs extend MDPs to settings in which the agent can-
not directly observe the full state. Formally, a POMDP is a
tuple P = (S,A, P,R,O, O, γ), where S,A, P,R, and γ
retain MDP definitions, O is the set of observations o, and
O(o | s′, a) is the probability of observing o after taking
action a and transitioning to state s′. In this case, st is not
observed directly; instead the agent receives the partial ob-
servation ot, which in general does not uniquely identify the
underlying state. Decision-making therefore relies on a be-
lief state bt ∈ ∆(S), a probability distribution over latent
states inferred from the action-observation history obtained
through P andO (Cassandra, Kaelbling, and Littman 1994).

In partially observable environments, RM and LTL au-
tomata can provide not only subtask decomposition but also
form a memory of reward transition history which cannot
be inferred from current observations (Toro Icarte et al.
2022). LTL-based composition approaches similarly use au-
tomaton states to guide task execution (Bergeron, Serlin,
and Leahy 2024). This memory renders otherwise non-
Markovian problems Markovian over the joint observation-
automaton state space, enabling RL to learn effectively.

Complex tasks may consist of several subtasks where or-



Figure 2: A simple environment with an initially unknown
number of rooms and non-stationary people.

dering depends on discovered environmental context and
may therefore change dynamically. A “flat” RM must ex-
plicitly encode every possible contingent transition, resump-
tion point, and nested subtask sequence, producing an ex-
ponential number of states (Furelos-Blanco et al. 2023).
HRMs, formally defined as H = (M,Mr, P ), where M
is a finite set of RMs, Mr the root RM, P a finite set of
propositions across all M ∈ M, avoid this blow-up by fac-
toring behaviour into reusable sub-RMs and maintaining a
call stack that preserves return transitions. This enables more
concise representations, more efficient learning, and reuse of
learned subtask policies (Furelos-Blanco et al. 2023).

A key function of RM and LTL automata is to decom-
pose tasks into subtasks so as to define temporal struc-
ture and aid credit assignment. To achieve this, structures
must provide informative rewards either from the MDP it-
self or through reward-shaping. A sophisticated approach to
reward-shaping is demonstrated by Ewers, Anderson, and
Thomson (2025), whereby a pre-calculated probability den-
sity function with peaks at key locations is used both to cal-
culate rewards (based on probability mass accumulated) and
to augment the agent’s observation space, providing spatial
beliefs about objective locations.

Having the rewards available is not enough, however,
since complex environments often contain action sequences
which are only occasionally experienced, meaning the agent
fails to learn optimal policies for these situations (Fuchs
et al. 2021). Curriculum Learning (Bengio et al. 2009) can
help mitigate this by ensuring important action sequences
are experienced sufficiently often for learning to occur. Even
with a curriculum, DNN-based agents that are required to
learn several sequential tasks can suffer from Catastrophic
Interference (McCloskey and Cohen 1989) as updates for
new tasks cause weights to diverge from those learned for
previous tasks. An elegant solution is to decompose the sys-
tem into several DNNs, each responsible for a single aspect
of the system or single task, the review by Khetarpal et al.
(2022) identifying several examples. Bergeron, Serlin, and
Leahy (2024) use this approach for zero-shot task composi-
tion of agents which fulfil LTL specifications.

Multi-Skill Learning in POMDPs
To examine the broader concepts required to learn a multi-
task POMDP across different domains we consider the sim-
plified environment shown in Figure 2, where a number of
people are stuck in locked rooms. Here, an agent must nav-
igate between an unknown number of rooms numbered 1 to
n, collect the colour-coded keys required to unlock match-

Figure 3: Example environment configuration section. The
agent is a white circle, cabinet key a yellow dot, unlocked
cupboard containing a keycard a yellow square with black
item, person a blue dot, locked cupboard containing a key-
card a brown square, locked door a red square, unlocked
door a green square, exit a purple square.

ing doors and lead any people encountered to the exit and
safety. The agent receives a limited line-of-sight observation
window, so propositions related to keys, doors, or people be-
come true from the agent’s perspective only when observed
in the local field of view. Over time, people move unpre-
dictably in space, causing some observed proposition, such
as person Adam found, to become true and then false
again as they enter and leave the known area, independently
of agent actions. Keys may also be encountered at any point,
not only in the room containing the matching locked door,
so efficient operation requires opportunistic collection.

This combination of partial observability and non-
stationarity produces subtask relationships that are: in-
herently contingent, since subtasks become available
only when their preconditions are observed, and non-
stationarities mean these may become true or false inde-
pendently of the agent; interruptible, such as when a per-
son is observed as the agent approaches a door; emergent,
since the available subtask structure at a given point depends
on changing environmental context. Additionally, environ-
ments are unbounded, since there may be any number of
rooms and keys, or people to be rescued, which must be
tracked independently and in parallel.

However, both flat RMs and HRMs assume a fixed, finite
set of propositions P and a fixed, finite automaton struc-
ture during operation where (in the flat case) the sole RM,
or (in the HRM case) M, must be defined prior to opera-
tion (Furelos-Blanco et al. 2023). While these approaches
can track multiple predefined task instances, in an uncertain
environment the agent may discover person k > n when
onlyM = [M1,M2, . . . ,Mn] RMs were specified, and no
mechanism to dynamically add instances at runtime is pro-
vided. Therefore, tasks which require dynamic instantiation
to track an unbounded and unknown number of parallel sub-
task sequences cannot be expressed with the RM or HRM
formalisms without violating finiteness assumptions.

These limitations motivate the need for a method that sup-



Figure 4: Architecture of the 6 identical DQNs. Training
runs for 750k steps with γ = 0.99, replay size = 100k,
α = 1e−4, ϵ decays from 1.0− 0.01 and the target network
is updated every 5 steps.

ports dynamic, priority-based switching between subtasks,
allowing behaviours to be interrupted, resumed, or skipped
based on propositions revealed through partial and time-
varying observations without constructing an exponentially
large automaton. Most importantly, a suitable method must
enable the tracking of a large and unknown number of paral-
lel task progressions. The PBRMS method is introduced to
address these challenges by using a set of concise RMs to de-
scribe task structure, and Contextual Controller to pause and
dynamically switch between tasks according to priority and
context before resuming the paused task. The next sections
describe an environment for evaluating an agent’s ability to
learn this class of domain, followed by a detailed description
of PBRMS and a discussion of evaluation results.

Non-Stationary POMDP Environment
To evaluate the proposed PBRMS method, Rescue Grid-
world1 (Edmondson and Petrick 2026) is used. This environ-
ment is designed such that the agent must complete sequen-
tial tasks while adapting to partial observations which re-
veal higher priority tasks. Procedurally generated, the entire
layout including room placement, numbers of task-relevant
items and their locations is randomised to present a different
number and sequence of subtasks each episode. The agent
must explore to find the exit, rescuing the moving people.
To progress, the agent must find keys (yellow dots), open
cupboards containing keycards (brown squares with black
markings), and unlock doors (red squares). Each key unlocks
one specific cupboard, each keycard one specific door. Ide-
ally, the agent will explore sufficiently to find all the people
in the maze, despite not knowing ahead of time how many
there will be. Figure 3 shows an example configuration.

The base environment’s observation is a configurable
n× n, 360◦ line-of-sight window of the map centred on the
agent (see Figure 5), where default n is 7. Perfect object de-
tection of observed items is assumed, meaning the agent can
(for instance) identify the door number for each observed
keycard and see the number of each observed door, this in-
formation provided along with the n× n window. The win-

1https://pypi.org/project/rescue-gridworld

Figure 5: Example partial observation. The agent is at the
centre, code 100 shows occlusions by code 30 (cupboards).

dow itself is a 2 dimensional array of integer values signify-
ing the content of the square. The tile codes are as follows:
0 = empty, 5 = wall, 10 = locked door, 20 = unlocked
door, 30 = locked cupboard, 40 = unlocked cupboard, 50 =
unlocked cupboard with keycard present, 60 = key present,
70 = person present, 80 = exit, 100 = occluded and 255 =
unknown. Values are spread through the 0-255 range to pro-
vide contrast to CNN feature extractors. The agent interacts
through a set of 9 action codes: 0 = up, 1 = down, 2 = left,
3 = right, 4 = collect key, 5 = unlock cupboard, 6 = collect
keycard, 7 = unlock door and 8 = talk to person.

Learning Agent Architecture
The agent architecture, shown in Figure 1, consists of five
main components: Observations perceived by the agent are
first passed to a History block implemented as a wrapper,
subclassing the Gymnasium ObservationWrapper.
This block takes each n × n line-of-sight observation and
item information, and updates a local map and state rep-
resentation, assuming perfect localisation and object detec-
tion. Additionally, and in line with Mnih et al. (2015), a
stack of j n × n observations is retained to give the agent
a sense of its recent trajectory. Through experimentation, a
history of 2 was found to be most effective. At this point,
the observation consists of a map built from partial n × n
line-of-sight base observations, a stack of the j most recent
n × n observations and an item state representation. This
updated observation is passed to the Contextual Controller
block which interrogates the constructed map and state rep-
resentation to identify the current task context. The Priority-
Based Contextual Controller, described in Algorithm 1, then
dynamically switches between RMs depending on identified
context. Since context is evaluated each step, the Contextual
Controller is a wrapper around the History block.

Discrete RMs are defined as graphs using the Python Net-
workX library (Hagberg, Schult, and Swart 2008) and en-
code the structure of subtasks in the environment. There
may be any number of RMs of arbitrary size; an example
graph definition is shown in Figure 6, structures with their
propositions are shown in Figure 7. This approach, defin-
ing task structure in the RM and moving instance tracking
into the Contextual Controller, allows significant simplifi-
cation in definitions. For instance, in this environment the
base task is to explore and find the exit. While exploring,
an unknown number of people could be encountered at any
stage. With the RM only guiding structure of the active task,
and progress of each RM instance tracked by the Contextual



graph = { 'nodes': [
{'id': 0, 'name': 'UNKNOWN',

'peak': 5.0, 'sigma': 10},
{'id': 1, 'name': 'EXIT',

'peak': 5.0, 'sigma': 10},
{'id': 2, 'name': 'GOAL'}],
'edges': [{'source': 0, 'target': 1},

{'source': 1, 'target': 2}]}

Figure 6: Reward-machine definition of the Explore task.

Controller, interruptions by any number of people can be
managed in parallel. Since the RM doesn’t track specific his-
tories, information about (in this case) which key or keycard
has been collected and the observed id of each door and cup-
board is stored separately within the Contextual Controller.
The controller only moves the agent to higher-priority task
states, returning to lower-priority subtasks once those are
completed or are no longer entailed by the belief state.

Once the appropriate reward machine has been chosen,
its definition is used to calculate the rewards for training and
for final operation. The example reward machine definition
shows a peak value which is the reward given for achieving
a subtask or reaching a specific tile location. Additionally,
the reward machine contains a spread which indicates how
far to propagate the reward. Using this information, at each
timestep the agent internally updates a pointwise-max Gaus-
sian radial-basis potential over geodesic distance relative to
current target locations. This provides a dynamic and rich
reward surface across the map which changes according to
subtask context. The full calculation of the reward surface is
detailed below. In addition to providing a rich reward signal
for DQN updates, a local n × n window of the calculated
reward-surface is added to the DQN input, aligning in space
with the most recent observation window from the environ-
ment. This provides a guide to the agent as is navigates dur-
ing a task, especially during exploration, and is similar to
ideas presented by Ewers, Anderson, and Thomson (2025)
who use a generated Gaussian PDM to guide an RL agent’s
priorities for search and rescue tasks.

Actions in the environment are taken by a set of Deep
Q-Networks (DQNs), each of which is trained to perform
one of the task primitives such as collect key or unlock door.
During training and operation the appropriate DQN is cho-
sen according to the identified context of the environment
and the active reward machine’s state. As well as the ben-
efits of task-primitive composition, discussed earlier, this
approach means each DQN learns a subset of actions, re-
ducing the combinatorial complexity of training. For exam-
ple, the environment presented here has 9 actions, while
each of the 6 DQNs used have a maximum of 5. Each
DQN is created using the Stable-Baselines3 (Raffin et al.
2021) library with modified feature extractors. Specifically,
BaseFeatureExtractor is subclassed since the map,
history and reward surface are passed as images too small for
standard Stable-Baselines3 CNN configurations. Following
feature extraction, the representation is flattened and passed
to the final two hidden layers and the output layer. An archi-
tecture overview is shown in Figure 4.

Algorithm 1: Priority-Based Contextual RM Controller

1: InitialiseM = (M1,M2, . . . ,Mn), the set of RMs.
2: Enumerate T , the set of task primitives, fromM.
3: Initialise the belief B to unknown.
4: p← 1, indexing the lowest priority RM subtask.
5: c← lp, indexing Mp’s lowest priority state.
6: ϕt=0 ← 0, initialise reward surface ϕ to 0.
7: function STEP(action a from Algorithm 2:14)
8: Act with a and gather partial observation ot.
9: Augment B with ot.

10: Calculate ϕt and rt−1 as per Equation 5.
11: Step Mp,c and observe the result.
12: if at Mp goal state OR B ⊭ Mp,c then
13: Reset Mp to initial state.
14: end if
15: (p, c)← argmax

(j,k):Bt⊨Mj,k

π(Mj,k).

16: SetState(Mp,c).
17: Create Ot with [ot, ot−1, . . . , ot−j ], B, and ϕt.
18: return reward rt and full observation Ot.
19: end function

To keep everything separate, each DQN is held in a
TaskAgent class along with its replay buffer and train-
ing update methods, allowing each DQN to have different
hyperparameters. Additionally, utility methods translate be-
tween DQN action indices and environment action codes,
and perform actions such as saving and loading the model.
In this work, although each DQN could be initialised dif-
ferently, they are identical except in the number of outputs
which is automatically configured from the associated RM.

Priority-Based Contextual RM Controller
Unlike classical RM or HRM formulations in which the au-
tomaton state fully encodes task progress, PBRMS separates
task structure (finite RM templates) from task instance state
(maintained by the controller). Let M = (U, V, F, P, δu, δr)
be a finite RM describing a subtask, where (U,F, P, δu, δr)
retain standard RM definitions (Toro Icarte et al. 2022). V
is used in place of u1 since the controller can dynamically
enter M at u ∈ V ⊆ U , contingent on observed context.

As shown in Figure 7, each RM state maps injectively to
a priority level based on its position in the set of RM defi-
nitions. Algorithm 1 specifies the controller’s step method,
called each timestep during operation and from the learning
algorithm described in Algorithm 2. Before training starts,
the set of RMsR is interrogated to determine the set of task
primitives T . The pointer p references the lowest priority
RM and c the lowest priority RM state lp. Next, the reward
surface ϕ is set to 0 and belief B initialised to unknown.

Each step (line 7), the function receives the DQN’s action
decision which is passed to the base environment. Having
acted, the n × n line-of-sight window observation ot is re-
turned (line 8) and added to X , filtering for occlusions so
as not to lose information (line 9). The reward-surface ϕt is
then calculated followed by rt−1 (line 10).

The active reward machine instance can now be stepped,



Figure 7: RM subtask proposition sequences. Highest prior-
ity RM on top, highest priority state on the left. The con-
troller can move from any state to any higher priority state.

moving internal state if transition criteria have been met. If
Mp is at an RM goal state, or the belief no longer entails
the active RM state, the active RM is reset (lines 12-14).
Next, the agent the obtains the highest priority (π) valid RM
state (line 15). This requires Assumption 1 below to hold
true since a valid Mj,k (that is, an RM state entailed by the
current belief) must be selectable. The active state is then set
to the new Mp,c (line 16). Finally, the observation is gener-
ated as described in the architecture section (line 17) and
returned (line 18), along with the reward.

Note that PBRMS is intentionally agnostic to the specific
data structures used for tracking subtask instance progress.
In the same way that RM states capture task-relevant tempo-
ral progress while abstracting away underlying state history,
the Contextual Controller abstracts over potentially many
concurrently active instances of the same subtask template.
Any mechanism capable of maintaining instance progress
and priority (symbolic, spatial, or learned) can therefore
be used. For instance, in this implementation an agent-
generated map is updated with new observations, a separate
pair of dictionary objects tracking which keys and keycards
have been collected and the locations of associated doors
and cupboards, using this information when selecting the ac-
tive RM and generating the reward surface.

Assumption 1 (Epistemic Validity): To ensure correctness
in POMDPs, we assume the underlying belief implementa-
tion satisfies the property that criteria for at least one Mj,k

are met within the belief state at every timestep. For exam-
ple, while Use Exit is false we may expect Explore Unknown
to remain true. Where belief is uncertain; if the current be-
lief holds that tasks are complete but exit conditions unmet,
this assumption can be satisfied by resetting some locations
to unknown, triggering further exploration.

Theorem 1 (Well-Definedness): Given Assumption 1, the
candidate set of valid states V is strictly non-empty at ev-
ery timestep t. Therefore, Algorithm 1 always evaluates and
transitions to a valid RM state.

Proof. Let Vt = {(j, k) | Bt ⊨ Mj,k} be the candidate set
of valid RM state index tuples at timestep t. Since Assump-
tion 1 guarantees Vt ̸= ∅, the evaluation of argmax across

Vt is well defined. Therefore, the controller is guaranteed to
select a valid state index tuple (p, c) ∈ Vt.

Theorem 2 (Priority Soundness): Given a user-enforced
priority mapping π injective over RM states, the argmax
operation at Line 15 uniquely selects, and the controller
guarantees transition to, the highest-priority state Bt entails.

Proof. Let Vt = {(j, k) | Bt ⊨ Mj,k} ̸= ∅ be the candi-
date set of valid states at t. To determine (p, c) the controller
evaluates argmax across Vt with respect to the RM priority
mapping π. Since π is injective with respect to RM states
it follows that for any two states Mj,k, Ml,m ∈ Vt where
(j, k) ̸= (l,m) that π(Mj,k) ̸= π(Ml,m). Therefore, the set
of priorities Π = {π(Mj,k) | (j, k) ∈ Vt} has a single strict
maximum, and (p, c) = argmax(j,k)∈Vt

π(Mj,k) is unique.
The controller therefore transitions to the identified

unique maximum Mp,c, activating the highest priority RM
state entailed by Bt.

Reward Surface Calculation
Rewards for navigation are calculated using potential-based
reward shaping (Ng, Harada, and Russell 1999) with a bonus
for successfully achieving an action, and a step penalty to
encourage efficiency. To determine this reward, the Contex-
tual Controller generates a rich reward surface by calculat-
ing a pointwise-max Gaussian radial-basis potential over
geodesic distance, defined as follows:

Let Ω be the discrete map grid, let i ∈ Ω denote an indi-
vidual grid cell location, and m : Ω → Z the integer tile-
coding of the map as built by the agent following observa-
tions. Passable locations are indicated by P (i) = 1[m(i) ∈
P ], where P is the set of codes for passable tiles. At each
step, the set of target tile codes C is updated according to
the active reward-machine state. Each target code c ∈ C has
an associated reward magnitude rc and seed set Sc ⊆ Ω of
grid locations corresponding to Sc = {i ∈ Ω : m(i) = c}
representing each i which the agent believes to be of type c.
For the special code c = 255, denoting unknown tiles, S255

is restricted to those geodesically closest to the agent in the
manner of simple frontier-based exploration although other
methods such as information maximisation could be used.

First, ∀c ∈ C calculate the geodesic distance d to Sc ∀i ∈ Ω:

dc(i) =


0, i ∈ Sc,

shortest-path length to Sc, if reachable,
+∞, otherwise.

(1)

The Gaussian radial-basis potential for each c is then:

gc(i) = rc exp

(
−dc(i)

2

2σ2
c

)
, (0 if dc(i) =∞), (2)

where σc is an RM-specified value, 5.0 in this case. Start-
ing from ϕ(0) ≡ 0, potentials combine using the pointwise
maximum followed by a global power-law shaping:

ϕ̃(k)(i) = max
(
ϕ(k−1)(i), gc(i)

)
, (3)

ϕ(k)(i) = M (k)

(
ϕ̃(k)(i)

M (k)

)γ

, (4)



Hyperparameter Value
Learning rate 3e-5
Optimiser Adam
γ 0.9
ϵ max (initial) 1.0
ϵ max (fine-tuning) 0.2
ϵ decay 100k steps
ϵ min 0.01
Buffer size 500k
Target update frequency 100 steps

Table 1: Key DQN training hyperparameters.

where M (k) = maxj∈Ω ϕ̃(k)(j) and γ > 1. The non-
linearity in this case serving to increase contrast between
values of ϕ(i) near the peak. The potential is ϕ = ϕ(K) after
all target codes are processed. The final reward expression
each step is therefore:

ϵt ={task c completed at step t},
it =Agent location i ∈ m at step t,

rt =(γϕ(it)− ϕ(it−1)) + rct1[ϵt]− 0.03, (5)

where at most 1 task can be completed at any timestep.

DQN Training Process
Training of the DQNs is completed through curriculum
learning, with simplified environments procedurally gener-
ated to train each task primitive. This avoids the well-known
issue of rare circumstances not being learned effectively
(Song et al. 2023) by ensuring the associated DQN gath-
ers many experiences. In this work, 6 task primitives were
identified and trained on 2, 3, and 4 room configurations in
a 9-stage curriculum for 750,000 steps per stage:
1. Explore an unknown 2-room environment.
2. Collect Keys in 2 rooms used to unlock cupboards.
3. Unlock Cupboards in 2 rooms containing keycards.
4. Collect Keycards in 2 rooms from unlocked cupboards.
5. Unlock Doors in 2 rooms to navigate between them.
6. Talk to People encountered while navigating 3 rooms.
7. First Group of tasks; doors of 3 rooms start unlocked.
8. Second Group of tasks; doors of 3 rooms are locked, cup-

boards unlocked making keycard immediately available.
9. Full Task with doors and cupboards in 3 rooms locked

with probability 0.8.
Note that every stage uses the Explore primitive since this
task enables exploration of the environment to observe and
identify the context of other task primitives. Key hyperpa-
rameters are shown in Table 1.

As shown in Algorithm 2, a modification of Mnih et al.
(2015) where multiple task primitives are active, learning is
completed by contextually switching during action selection
(lines 11−12) and then cycling through each active DQN to
perform updates (lines 17− 25). Note that each τ has an as-
sociated Qτ , Q̂τ and Dτ , reducing complexity. Important to
efficient learning is retaining the experience replays to avoid
low-quality updates at the start of the following stage.

Algorithm 2: Multi-DQN with Contextual Switching

1: T = {τ1, . . . , τn}, the set of n task primitives.
2: Q = {Qτ | τ ∈ T }, an associated set of Q functions.
3: for each τ ∈ T do
4: Initialise replay memory Dτ to capacity Nτ

5: Initialise Qτ with random weights θτ
6: Initialise target Q̂τ with weights θ̂τ = θτ
7: end for
8: for episode = 1 to M do
9: Reset environment and receive s1

10: for t = 1 to T do
11: Identify appropriate τ and switch to Qτ

12: With probability ε select a random action at
13: otherwise select at ← argmax

a
Qτ (st, a; θτ )

14: rt, st+1 = STEP(at) in Algorithm 1.
15: Store transition (st, at, rt, st+1) in Dτ

16: Every U steps:
17: for each τ ∈ T do
18: Minibatch of (sj , aj , rj , sj+1) ∼ Dτ

19: for each sampled experience do
20: ẑ = max

a′
Q̂τ

(
sj+1, a

′; θ̂τ
)

21: yj ← rj + (1− done) γẑ

22: θτ ← θτ − α∇θτ

(
yj −Qτ (sj , aj ; θτ )

)2
23: end for
24: Every C updates: Q̂τ ← Qτ

25: end for
26: end for
27: end for

Results and Discussion
Compute for experiments was a HP ZBook with 128 GB
RAM, Intel Core i9-13950HX CPU and Nvidia RTX 5000
Mobile Ada GPU. Code is written in Python. Run duration
for the full curriculum and tests was approximately 33 hours.
Evaluation of the environment and PBRMS scaling shows it
renders on the above hardware at 10 Hz to configurations of
500 rooms with 500 moving people, 1000 locked doors, cup-
boards, keys and keycards (Edmondson and Petrick 2026).

The DQN learning experiments were run in full for con-
figurations with 2, 3 and 4 rooms. To evaluate stability, each
configuration was trained 12 times with evaluation runs of
25 episodes every 10,000 steps. Following training, a final
test of 200 configurations was run to evaluate model per-
formance within the full environment. The agent reliably
learned to perform tasks and reach the exit for each of 2-
room (M = 0.87, SD = 0.04)), 3-room (M = 0.86, SD =
0.034) and 4-room (M = 0.876, SD = 0.021) configu-
rations. Comparing distributions, the non-parametric Mann-
Whitney-U test with respect to 2-rooms shows p = 0.4 for
3 rooms and p = 0.79 for 4 rooms, suggesting no reduc-
tion in performance. The mean and standard deviation of the
3-room curriculum’s evaluation episodes are shown in Fig-
ure 8. For comparative evaluation, sparse rewards of 1 for
success and 0 for failure are used.

As can be seen, individual tasks quickly achieve good re-
wards, with Explore, Unlock Door and Talk to Person reli-



Figure 8: M and SD of reward (y-axis) during evaluation
episodes across training steps (x-axis). Each shows a differ-
ent stage of the curriculum (graphs 1-9) and without curricu-
lum (bottom right).

ably achieving maximum reward for two 25-episode evalu-
ations in a row, triggering early stopping. First Group and
Second Group show that fine-tuning is necessary, with mean
rewards eventually climbing to trigger early stopping. This
is expected since agents will observe previously unseen tile
codes as tasks are added. The full environment does not ben-
efit from fine-tuning, reward declining after 400,000 steps.
It is possible fine-tuning could be eliminated by adding ran-
dom tile codes during single-task training, helping networks
learn to ignore subtask-irrelevant codes earlier in training.

As shown bottom-right in Figure 8, removing the curricu-
lum and training on full 2-room configurations fails. The
agent completes tasks in approximately 50% of cases af-
ter 700,000 steps, but ultimately suffered from catastrophic
forgetting. This is expected since, without a curriculum, the
agent only infrequently observes later subtasks and may not
collect sufficient experiences to cope with the variety of con-
figurations encountered over time.

Keeping the curriculum and rich rewards but removing
the reward surface leads to failure in 2-room configurations.
Individual subtask completion rates range from 0.03 to 0.56,
but subtask group stages are not completed.

Training a single DQN on the 2 room configuration with
curriculum fails to learn as well as multiple models, but does
better than the multi-DQN architecture without curriculum.

Individual tasks achieve success rates between 0.7 and 0.95,
and group task fine-tuning helps mean final-task completion
reach approximately 0.75. During the curriculum, the DQN
network must remember 6 tasks one after the other, by which
time the replay buffer contains no experiences from early
tasks. Fine-tuning then helps the agent recover, seeming to
remind it of actions related to earlier tasks.

Since recurrent networks have often been used within
POMDP environments (Bakker 2001; Meng, Gorbet, and
Kulić 2021; Li et al. 2024), an LSTM-PPO agent from SB3’s
Contrib library (Raffin et al. 2021) was used as a baseline.
Using the same perception layers as the DQN agent it was
trained for 2M steps without curriculum or reward surface,
instead receiving sparse rewards for individual subtask com-
pletion. This agent performed poorly, unable to complete 2-
room configurations, succeeding in fewer than 10% of cases.

The objective of this work, and what the results show,
is that the PBRMS approach with contextual switching,
geodesic reward shaping, curriculum learning, and action
primitive networks enables agents to complete variable
chains of tasks within partially observable environments ex-
pressed as concise, discrete RMs.

Conclusions and Future Work
This work has shown that environments which require a
large and unknown number of subtasks to be tracked in par-
allel cannot be adequately expressed by standard RM ap-
proaches. With its Contextual Controller, PBRMS tracks the
state of a large number of parallel tasks and switches con-
textually, later returning to complete lower-priority subtasks.
Using this method, an agent was able to successfully navi-
gate 2, 3 and 4 room variants of the environment, demon-
strating its applicability for temporally-extended tasks with
varying task structures and numbers of parallel subtasks.
Additionally, during scaling experiments the environment
and PBRMS agent operated with configurations to 500
rooms and 500 people, 1000 locked doors, cupboards, keys
and keycards rendering at 10 Hz. With 1000 rooms and 1500
people it renders at 3 Hz, and without rendering runs at 50
Hz (Edmondson and Petrick 2026). In future, we plan to
implement this approach in a robotics simulator, with the
long-term plan of showing that PBRMS can operate as a
high-level controller for agents completing search and res-
cue tasks in continuous environments where observations
may be uncertain or noisy.

During experiments, it was noted that injecting irrelevant
task codes into the agent-constructed map may help it ignore
such codes and remove the need for fine-tuning. The authors
will also look at this in future work.

Finally, while the utility of Large Language Models in
scenarios of this type is not fully established, we plan to
identify the extent to which a semantic controller can pro-
vide more nuanced control than predefined priorities.
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