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Abstract

Although reinforcement learning is a powerful paradigm for agent sequen-
tial decision-making, it cannot be used in its traditional form in most
safety-critical environments. Human feedback can enable an agent to
learn a good policy while avoiding unsafe states, but at the cost of human
time. We present JPAL-HA, a model for safe learning in safety-critical
environments that is grounded on two novel ideas: (i) human preferences
over a choice of actions are augmented with justifications such as one
action is preferred because the other is unsafe; and (ii) we use these
justifications to guide the generation of future queries over hypothetical

actions to enable the agent to more effectively map out unsafe regions.
We evaluate JPAL-HA using modified configurations of the Island Navi-
gation environment from the AI Safety Gridworlds. We empirically show
that it significantly improves safety compared to existing approaches for
safe learning from human preferences and outperforms other safe human-
in-the-loop algorithms in terms of sample efficiency. We also include
an analysis of safety/human burden trade-off. Additionally, we evalu-
ate our method with people training a mobile robot, demonstrating that
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a diverse group of people can complete training in only a few min-
utes and that hypothetical actions not only further improve safety, but
also slightly decrease the training time and keep it to admissible levels.∗

Keywords: Safe Learning from Human Preferences, Safe Reinforcement
Learning, Human-Agent Interaction, Human-Robot Interaction

1 Introduction

Inexperienced interaction with the real world has its dangers. Fortunately,
in virtual environments an agent can simply ‘restart’ and no harm will be
caused. This is the reason why traditional Reinforcement Learning (RL) has
mastered some of the most difficult board [1] and video games [2, 3], where we
do not care about continuous blundering of Queens in chess or deaths of virtual
creatures. In real-world applications, such as autonomous vehicles and robotics,
however, we do mind if a self-driving car (agent) crashes even once into an
obstacle or even worse a pedestrian (environment). Such examples motivate the
development of safe RL, where in addition to the pursuit of the optimal policy,
safety constraints have to be respected [4]. The main problem safe RL tries
to address is that the agent cannot naively take explorative actions in order
to gain new information. This safe exploration problem, combined with the
problem of catastrophic forgetting, where the agent gradually forgets things
it previously learnt, makes safe RL a very difficult task with, at present, no
general solution.

Numerous techniques have been proposed to address this problem, such as
those augmenting the objective function with constraints in the single-agent
domain [4–9] or those that incorporate norms in the multi-agent domain [10].
Our solution lies in the context of techniques that involve a human in the
learning process who teaches the agent from human preferences. Our pro-
posed algorithm, called Justified Human Preferences for Active Learning with
Hypothetical Actions (JPAL-HA), builds on the Parenting approach [11]
which also uses the technique of human preferences (the human providing
feedback to the agent by giving a preference for one state-action pair) and
learns directly in a supervised way from the preferences. We augment human
preferences with two novel ideas:

1. Justifications: a binary warning signal expressed by a human alongside a
preference between two actions, such as one action is preferred because the
other is unsafe. Justifications are simple ‘Yes’ or ‘No’ answers and may
require marginally more time for a human than asking for a preference.
However, their impact on safety is significant.

∗The code is available at https://github.com/ilkaza/JPAL-HA.

https://github.com/ilkaza/JPAL-HA


2. Hypothetical Actions (HAs): we use justifications to guide the generation of
future queries regarding hypothetical actions that could have been taken,
in order to enable the agent to more effectively map out unsafe regions.

As discussed in previous research [12], in JPAL-HA, in contrast to tra-
ditional RL, the ‘reinforcement’ is not the traditional environmental reward.
First, in many real-world tasks, such as robotics, the goals are complicated
and such rewards are hard or even impossible to design. Moreover, even if
they exist, they may be sparsely populated or delayed. Additionally, tradi-
tional RL is, in general, very sample-inefficient (sometimes needing millions
of steps), which makes training impossible in the real world where every step
may not take just milliseconds as in simulations. Further, even if there is a
well-defined reward function to be optimised, the final agent behaviour will not
always align with what the human really wants the agent to do (constituting
an agent alignment or reward specification problem [13]). Finally, and most
importantly, due to safe exploration, environmental rewards may also not be
helpful in real-world safety-critical domains such as robotics; i.e. informing an
agent-robot that ‘you got -100 points for destroying your gripper, the assembly
and harming a person’, is obviously not desirable.

In JPAL-HA, the reinforcement comes from human feedback before an
action is taken, and is not in the form of a numerical reward value; instead
it takes the form of preference and justification answers. Moreover, we do
not use these preferences to build a reward model but to learn directly from
an increasing dataset of human preferences with supervised learning. These
choices are discussed in detail in Section 6.1 with comparison to related work.

Although obtaining human guidance improves the performance and safety
of the algorithm, it introduces the issue of human burden. Overall, we assess
the general efficiency of an agent learning approach by three factors: (i) per-
formance, i.e. does the algorithm find the optimal or a near-optimal policy;
(ii) sample (or data) efficiency, i.e. how much time training takes; and (iii)
safety, i.e. how many unsafe events occur during training before the agent has
learnt the optimal policy. Performance is evaluated by the return, and safety
by the number of catastrophic actions. Sample efficiency would normally be
measured by the number of overall interactions (i.e. steps) until the optimal
policy is found. However, when a human is employed, what takes additional
time is the response time of the human. Hence, for sample efficiency we also
consider the human burden; i.e. how many questions are asked to the human
(and how hard they are) until optimality is achieved.

The contributions of this work are:

• We present in detail two new ideas that can be generalised and incorporated
in models that use human preferences. First, learning with justifications,
which does not depend on the general framework of JPAL-HA or a spe-
cific environment. Its benefit is reflected by significantly improving safety.



Second, HAs follows justifications, and further improves safety. It also sig-
nificantly compensates for human burden, assuming that justifications and
HAs place a marginal additional cost.

• We introduce a novel algorithm called JPAL-HA, a learning from human
preferences approach, which incorporates both of the aforementioned fea-
tures of justifications and HAs. We empirically show that JPAL-HA
significantly improves safety during training relative to existing approaches
for safe learning from human preferences, and achieves better sample effi-
ciency than other safe human-in-the-loop algorithms. Also, the user can tune
the level of safety they require based on a hyperparameter that trades safety
with human burden.

• We evaluate our algorithm not only in simulation environments but also in
a real-world mobile-robot task, achieving successful learning in only a few
minutes by a diverse group of people. We also demonstrate comparisons
made between different methods in this real-world task.

The justifications idea is introduced on the JPAL algorithm (Section 4.1),
which builds on the Parenting algorithm [11] (Section 3); the technique of
hypothetical actions is introduced on JPAL-HA (Section 4.2), which builds
on JPAL. Before presenting these models, we provide an overview of the safe
exploration problem and how we model it in this paper.

2 The Safe Exploration Problem

Safe exploration [4] is the key challenge for safe RL. One of the funda-
mental concepts of RL is balancing exploitation with exploration during
learning. Unrestricted exploration can, however, lead to unsafe states, or even
catastrophic failures in the environment due to the agent’s action.

Leike et al. [14] represent this problem with a gridworld environment,
which, despite its small state-space, captures the semantics of safety well. The
environment, called Island Navigation, was adapted in [11] to the more chal-
lenging version illustrated in Figure 1. We further created an arena based on
this simulated environment for training a mobile robot using real human input,
presented in Figure 9. The agent A has four moves: UP, DOWN, LEFT and
RIGHT, is initialised in the red cell and tries to reach the goal cell (gold).
For every step it takes, it receives a -1 reward from the environment and if it
reaches the goal state it receives a reward of +50. There are cells of free road
(grey). If the agent ‘hits’ a wall cell (green) it does not move, but receives -1
reward. The agent cannot swim and ‘dies’ when entering a water cell (blue),
and the episode ends with an added reward of -50. In this work, we do not
formulate safety as a Constrained Markov Decision Process (CMDP) con-
straint [15]. Instead, we define an unsafe event as the execution of an action
that transitions the agent into an unsafe state (water cell) and causes harm
(a death). Thus, in our paradigm, safe exploration is understood as minimis-
ing the number of unsafe events until the agent has learnt an optimal policy
for the task. Our goal is to minimise such training violations until the agent



Fig. 1 The Island Navigation Environment. A: Agent, Red: Initialisation cell, Gold: Goal,
Blue: Water, Green: Wall, Grey: Free road

is ready for deployment, rather than to prove that they are impossible in all
domains; highly safety-critical domains may require near-zero tolerance, while
less critical ones may allow a controlled amount of training risk.

We study the above problem in the following setting. First, the unsafe states
(water) are unknown to the agent and we have access to neither the state tran-
sition dynamics (i.e. there is no available simulator to sample trajectories1), nor
to the handcrafted reward function described above2. This represents a chal-
lenging real-world setting. The only source of information is the human trainer
(user), who must have a reasonable understanding of the environment (can
correctly answer all preference and justification queries — simple for the Island
Navigation environment, as we will see later) and recognise unsafe states. With
the latter assumption, a number of important safety-critical applications can
be tackled. However, in very complex applications, such as helicopter flight,
effective teaching would rely on the knowledge of a limited number of expert
human trainers, who would be able to provide reliable input. Additionally, we
assume that the agent can pause its task to query the user before taking action.
While this is feasible in controlled environments, it may limit applicability in
domains like autonomous driving, where uninterrupted operation is critical.
In such cases, complementary resources like fallback safety mechanisms may
be required alongside our method to ensure safe behaviour in real-time, con-
tinuous environments. Moreover, although the method proposed in this paper
was designed for problems with discrete action spaces, extending its core ideas
beyond that is discussed in Section 6.3. Finally, querying the user is expen-
sive, for which we present a detailed safety-human burden trade-off analysis
in Section 5.4.

Specifically, for the Island Navigation environment we also assume that the
agent can sense (observe) its exact location (coordinates x, y) and the whole
state of the board. In other settings, we could assume that the agent (i.e. a
robot) uses an attached camera to obtain the observations [16]. Finally, here

1Even though we simulate experiments to draw conclusions, we assume they should run in the
real world, with a real human and robot in order to avoid the reality gap as done in Section 5.8.

2Our method only uses this reward function for evaluation.



Table 1 Symbols used in Parenting, JPAL and JPAL-HA algorithms. In Parenting, all
symbols from st to pATFQ (reading down the first column) are used. JPAL adds JP (from
the second column), and JPAL-HA introduces the remaining symbols.

Symbol Description Domain/Range Symbol Description Domain/Range

st Current agent’s state - pREC Probability of recording in R [0, 1]
f(st) Number of queries from st N ATFQ After-The-Fact Query -

a
(0)
t , a

(1)
t Initially sampled actions - pATFQ Probability of asking an ATFQ [0, 1]

π(a |s) Agent’s policy model [0, 1] JP Justification over preference P {w, n}
BTFQ Before-The-Fact Query - S Set of safe actions -
X Embraced memory - C Set of catastrophic actions -
pBTFQ Hyperparameter for BTFQ [0, 1) A Action space size N

P Human preference αsafe Min. safe action space fraction (0, 1]
for Parenting {1st, 2nd, either, neither} k Safe-to-catastrophic actions ratio [1, A-1]
for JPAL/JPAL-HA {1st, 2nd, equal} αstop Explored actions upper fraction (0, 1]

µ Preference label abest Best action in S -
for Parenting {0, 0.5, 1} anew New (hypothetical) action -
for JPAL/JPAL-HA {0, 0.25, 0.5, 0.75, 1} Janew Single justification over anew {w, n}

a∗ Final chosen action - Padd Additional pref. on ⟨anew, abest⟩ {1st, 2nd, equal}
R Temporary memory - DP Deadly pattern -

we do not consider any debatable (normative) occasions, i.e. different opinions
regarding the correct human input. This could occur in some cases and needs
extra modelling [17]; however, it goes beyond the scope of this paper.

3 The Parenting approach

Our newly-proposed methods, JPAL and JPAL-HA, build upon the parent-
child (human-agent) intuition of the Parenting model [11]. The child
(untrained agent) is unfamiliar with the dangers of most states and asks the
parent (the human) a lot of questions. The more familiar the child becomes
with a state, the fewer queries it needs to ask about it. As the child develops
experience, it may take actions independently without asking the parent when
it is confident about the safety of its action. The child asks for the parent’s
preference between two actions that they think are the best amongst all pos-
sible actions. Table 1 lists the symbols of the Parenting, JPAL and JPAL-HA
algorithms to be presented.

Algorithm 1 presents Parenting more formally3. The goal is to train a policy
model π(a | s) ∈ [0, 1], i.e. the probability of choosing action a from state s,
from which the agent then picks the greedy action and acts on the environment
during deployment. The model is the average of: (i) a Convolutional Neural
Network (CNN) with input being the state of the board; and (ii) a FeedForward
Neural Network (FNN) with input being the type of the four neighbouring
cells (in Up, Down, Left and Right directions). It is trained by supervised
learning from human preferences stored in an Embraced Memory X . For our
learning paradigm, the output has four neurons as the number of possible
actions. The agent does not use any further help or input from the human
during deployment.

In each step of the algorithm and until the optimal policy has been found
(Lines 6–16) the agent from state st, asks a Before-The-Fact-Query (BTFQ),

3We change the terminology and make some technical improvements to Parenting [11], described
in Sections 3, 4.3 and 5.1; these optimisations are, however, irrelevant to the core contributions
of justifications and HAs. When referring to Parenting, we mean the optimised version.



i.e. a query issued to the human before taking an action, with probability
(pBTFQ)

f(st), where f(st) (familiarity) is the number of queries that have
been issued from st and pBTFQ ∈ [0, 1) is a hyperparameter normally set
close to 1, to ensure the agent is cautious in new states (Lines 7–8). Note

that (pBTFQ)
f(st) gradually decreases as the agent asks more queries from st,

reducing human burden. Although defining pBTFQ in [0, 1) and decreasing it
by the number of queries issued from a specific state is a practical method
for the evaluation in the Island Navigation gridworld, Appendix A presents a
more general formula that can be applied to larger and continuous spaces.

BTFQs are constructed by the agent sampling two distinct actions a
(0)
t (1st

sampled action) and a
(1)
t (2nd sampled action) from π(a |s) and querying the

human. The human answers with a preference P ∈ {1st, 2nd, either, neither},
where 1st and 2nd means preference for the first or the second sampled action,
respectively; either means that both actions are equivalently preferable and
safe (not necessarily the best ones though); and neither means that both
actions are catastrophic (Line 2). The agent from P can simply find the recom-
mended action a∗ which will be executed (Lines 3, 5). If P = either, a random
action between the two is executed; if P = neither, then resampling (without

replacement in any order of the combination of actions a
(0)
t and a

(1)
t ) takes

place from π(a |s) until a non-catastrophic action is identified. Moreover, the
human’s input P drives the agent’s learning. In order to do that, the preference
ground-truth label µ is derived, with µ denoting how much the first action is
preferred to the second, and 1−µ denoting the opposite. Here, µ ∈ {0, 0.5, 1},
where 0 and 1 represent the preference for the 1st or 2nd action, respectively,

and 0.5 means no preference (Line 3). Then, the entry (st, a
(0)
t , a

(1)
t , µ, a∗) is

stored in X , from which the agent will learn at the end of the step (Line 4)4.
If a BTFQ is not asked (meaning the agent ‘knows the state well’, and so can

take a safe action with high probability) (Lines 9–14), then Parenting continues
in the same manner as JPAL and JPAL-HA at this point. It potentially records
and asks an After-The-Fact-Query (ATFQ) (Lines 10–13)5 and it executes the
greedy action from π(a |s) (Line 14). A step finishes by learning via supervised
learning from the human preferences stored in X (Line 15). Before giving the
details of Recording/Asking ATFQs and Learning (Section 4.3), we introduce
the novel features of JPAL and JPAL-HA.

4 Learning with Justifications and Hypothetical
Actions

The ideas that we add to the parent-child analogy of Section 3 are: (i) jus-
tifications; and (ii) Hypothetical Actions. Regarding (i), the parent not only

4a∗ is stored simply to avoid bothering the human with the same queries and also avoid multiple
copies in X . For an identical previously-asked query, the agent will be able to retrieve the answer
from X . This mechanism was not mentioned to be implemented in [11].

5This mechanism, although inspired by [11], has been significantly modified and is described in
detail in Section 4.3.



Algorithm 1 Parenting (optimised)

Input: pBTFQ ∈ [0, 1): hyperparameter close to 1, pREC : probability of
recording, pATFQ: probability of asking an ATFQ

Output: π(a |s): agent’s policy model

1: function ask_BTFQ(st)

2: sample a
(0)
t and a

(1)
t and receive P from human

3: find a∗ and µ from P (if both actions catastrophic, resample)

4: add entry (st, a
(0)
t , a

(1)
t , µ, a∗) to X

5: execute a∗

6: repeat

7: if (pBTFQ)
f(st) > r

iid∼ U [0, 1] then

8: ask_BTFQ(st)
9: else

10: if pREC > r
iid∼ U [0, 1] then

11: record a ⟨greedy, random⟩ action pair from st in R
12: if pATFQ > r

iid∼ U [0, 1] then

13: ask an ATFQ from R and add entry to X
14: execute the greedy action from π(a |s)
15: optimise π(a |s) with gradient descent minimising Equation 2
16: until optimal policy is found

gives advice about which action is better but also warnings (a kind of justi-
fication for the expressed preference6) regarding safety. That is, if one of the
actions proposed is catastrophic, it is valuable for the child to know. Providing
this guidance is usually a small additional effort for the parent, but helps to
promote safer behaviour. Regarding (ii), if a justification is ‘warning’, which
means that the child asked a preference query that included at least one catas-
trophic action, that predisposes the child to think that more actions could lead
to a catastrophe from that state (‘where there’s smoke, there’s fire’). So the
child may want to ask further questions regarding hypothetical actions that
could have been taken from that state, and as such map out potentially unsafe
regions of the environment faster. This is beneficial not only for the child’s
safety, but also for the parent’s effort that may be more focused on danger-
ous regions. Moreover, the child, when faced with a state of multiple unsafe
behaviours, creates and stores ‘deadly patterns’ and is always suspicious about
them, in order both to avoid them in another state and not to bother the par-
ent again. A deadly pattern could be, for example, the combination of moves

6The idea behind using the term justifications is that the user provides a rationale for the
expressed preference. In this context we only consider warnings regarding one safety aspect
(water); however, there may be more (e.g. avoid a nearby pedestrian), and not of the same severity
(e.g. limited battery). Appendix B describes how the idea of justifications (presented in Section
4.1 only for warnings regarding one safety factor) can be generalised to an arbitrary number of
justifications.



(Left, Right) when crossing a bridge. Both actions would lead to the cliff and
the child should be aware of it as soon as possible, both for its safety and for
not continuously bothering the parent.

4.1 JPAL

More formally, in JPAL (Algorithm 2), P ∈ {1st, 2nd, equal}, where 1st and
2nd means preference for the first or the second sampled action, respectively;
and equal means no preference (either because they are equivalently prefer-
able and safe, or because they are both catastrophic). However, in addition to
a plain preference P (as in Parenting), the agent requests and gets a justifica-
tion over this preference JP ∈ {w, n}, where w means ‘warning’, i.e. at least
one proposed action is catastrophic (i.e. leads into water), and n means ‘no
warning’, i.e. both actions are safe (Line 2).

The agent from P can firstly again find a∗ (Line 3). However, in JPAL (and
JPAL-HA), in contrast to Parenting, we can make a more efficient mapping
P × JP → µ, where µ ∈ {0, 0.25, 0.5, 0.75, 1} (Line 3), that directly improves
the safety of the agent.7 We use µ = 1 to denote total preference for the 1st

action implying a catastrophe for the 2nd one (i.e. P = 1st, JP = w), µ = 0.75
to denote simple preference for the 1st action (i.e. P = 1st, J = n), µ = 0.5 to
denote equal preference (i.e. P = equal, JP : arbitrary) and µ = 0 and 0.25
similarly to indicate preference for the 2nd action. In the case that the actions
are equivalent and safe (i.e. P = equal, JP = n), a random action between the
two is executed, while if they are both catastrophic (i.e. P = equal, JP = w),
we resample until a non-catastrophic action is identified.8 Having mapped P

and JP to µ, we store in X the entry: (st, a
(0)
t , a

(1)
t , µ, a∗) (Line 4). Finally, a∗ is

executed. At this point, JPAL continues the same as Parenting and JPAL-HA
(Section 4.3).

4.2 JPAL-HA

As previously stated, JPAL-HA (Algorithm 3) introduces the idea of hypo-
thetical actions and builds on JPAL. Figure 2 shows a characteristic example
involving the idea of hypothetical actions and Figure 3 illustrates the flowchart
of the complete JPAL-HA algorithm. The description in Section 4.1 holds for
JPAL-HA, except for the case of JP = w. Specifically, if JP = n, then JPAL-
HA works exactly like JPAL (Lines 18–21). However, if JP = w (at least one

of a
(0)
t or a

(1)
t is catastrophic) the agent will find µ from P and JP as in JPAL,

but it will not do the same for a∗. Instead, it will add only (st, a
(0)
t , a

(1)
t , µ) to

7There is a difference in Lines 2 and 3 with Algorithm 1, where JP is not provided as human
input and used to shape the preference label µ.

8Appendix B demonstrates how µ ∈ {0, 0.25, 0.5, 0.75, 1} can be understood as a specific real-
isation of a more general framework that uses multiple justifications with a different weight for

each justification. For the case of one safety justification and a default one, as presented here, we
have µ ∈ {1 − ws, 1 − wdef , 0.5, wdef , ws}, where ws is the safety justification weight for water
and wdef is the default justification weight for moving faster to the goal cell. Thus, we effectively
select the sensible choice of ws = 1 and wdef = 0.75, giving more importance to safety.



Algorithm 2 JPAL

Input: pBTFQ ∈ [0, 1): hyperparameter close to 1, pREC : probability of
recording, pATFQ: probability of asking an ATFQ

Output: π(a |s): agent’s policy model

1: function ask_BTFQ(st)

2: sample a
(0)
t and a

(1)
t and receive P and JP from human

3: find a∗ and µ from P and JP (if both actions catastrophic, resample)

4: add entry (st, a
(0)
t , a

(1)
t , µ, a∗) to X

5: execute a∗

6: repeat

7: if (pBTFQ)
f(st) > r

iid∼ U [0, 1] then

8: ask_BTFQ(st)
9: else

10: if pREC > r
iid∼ U [0, 1] then

11: record a ⟨greedy, random⟩ action pair from st in R
12: if pATFQ > r

iid∼ U [0, 1] then

13: ask an ATFQ from R and add entry to X
14: execute the greedy action from π(a |s)
15: optimise π(a |s) with gradient descent minimising Equation 2
16: until optimal policy is found

X (leaving a∗ blank temporarily — we will see why), and then generate hypo-
thetical actions (Lines 22-24). Specifically, it creates a set of safe actions S and

a set of catastrophic actions C, where initially a
(0)
t and a

(1)
t are added based

on whether they are safe or not; this can be determined automatically combin-
ing P and JP (Lines 2–3). Then the following loop (Lines 4–13) is executed: a
new action anew (hypothetical action) is sampled and only a single justification
over the new action Janew

∈ {w, n} is asked from the human, where w means
‘warning’ (anew is a catastrophe) and n means ‘no warning’ (anew is safe) (Line
5). If Janew

= w, then X is extended to include all the combinations of anew
and the actions already in S and C — leaving a∗ blank temporarily9 (Line
7). Crucially, since we know that one action is already catastrophic, no extra
human input is needed for these added entries to X , i.e. µ and JP of the new
entries can be inferred automatically. Additionally, anew is added in C (Line
8). If Janew

= n, then X can again be automatically extended to include the
combinations of anew and the actions already in C — leaving a∗ blank tem-
porarily (Line 10). However, regarding anew and the actions already in S, an
additional preference query Padd is asked between anew and the best (mostly
preferred) action in S until that loop iteration abest, leading to another entry
in X — again leaving a∗ blank temporarily (Line 11). Potentially abest can

9We will return to the reason it is left blank when the loop is finished.



now be substituted with anew in case anew is preferred (Line 12). Finally, anew
is added to S since it is safe (Line 13).

We create a general formula to stop the loop (Lines 4–13) which considers
initially that a minimum portion αsafe∈(0, 1] of the number of safe actions |S|
stored in S relative to the number of all possible actions A should be discovered.
Once it is discovered, then the loop stops when the safe-to-catastrophic actions
ratio k ∈ [1, A − 1] is met. However, if this ratio is not reached after some
iterations and we do not want to investigate every possible action, then the
loop could stop when a portion αstop ∈ (0, 1] of the number of all explored
actions (|S| + |C|) relative to A has been covered. Thus, this can be expressed
as the stopping formula for the loop:

| S |
A
≥ αsafe and

( | S |
| C | ≥ k or

| S | + | C |
A

≥ αstop

)

, (1)

or the equivalent for continuation shown in Line 4. αsafe ensures a mini-
mum safety, k represents the confidence that the agent can stop since it has
found enough safe actions relative to catastrophic, and αstop ensures that in
larger action spaces, the agent does not exhaustively search every action, but
stops after exploring a representative upper limit. These hyperparameters can
be tuned based on empirical results and knowledge across different environ-
ments.10 When the loop finishes, the correct action a∗ added to X is equal to
abest for all the combinations of actions that were involved during the loop
(Line 14) and abest is also executed (Line 25). Overall, the aim of HAs is to
(i) more quickly investigate a dangerous area with minimal user input and
without interrupting them repeatedly for the same state; and (ii) potentially
improve the executed action, and thus find the goal state quicker.

Additionally, the procedure of HAs is optionally augmented with the
mechanism of dynamically detecting deadly patterns. Specifically, when a com-
bination of at least two catastrophic actions from the same state is detected
(whether from the beginning of two catastrophic sampled actions or during
the run of the loop), then a deadly pattern dp is created and stored in the
Danger Memory D. Memory D is usually small and contains patterns that will
be checked both during training to avoid unnecessary queries to the human
and during deployment as safety constraints. Essentially, D is a set of dynam-
ically created constraints that have to be respected throughout training and
deployment, such as ‘do not go left or right when crossing a bridge’.

4.3 Recording/Asking ATFQs and Learning

Occasionally, one may expect a child to ask slightly ‘unconventional’ random
questions to a parent in order to explore new possibilities that may not have
been investigated yet. This mechanism of Recording and Asking ATFQs was
inspired by [11], but it was significantly modified and improved. It is also

10For continuous spaces, the approach could involve discretising the space into manageable
regions or applying density estimation techniques, such as Kernel Density Estimation [18], to
assess the distribution of safe and catastrophic actions, ensuring sufficient exploration coverage
before stopping.



(a) The actions a
(0)
t = L (First action is Left) and

a
(1)
t = U (Second action is Up) are sampled from

π(a | s) and the human answers P = 2nd, JP = w

because L is catastrophic (Line 17); entry (st, L,
U , 0) is added to X (Line 23).

(b) S and C are created, and U and L are added to
them, respectively. U becomes abest (mostly pre-
ferred action in S) – shown in green.

(c) Action anew = D (Down) is sampled, and the
human answers Janew = w, because D is catas-
trophic (Line 5). The entries (st, D, U , 0) and (st,
D, L, 0.5) are automatically inferred and added to
X with no extra human burden (Lines 6–7); D is
also added to C (Line 8).

(d) Action anew = R (Right) is sampled, and the
human answers Janew = n, because R is safe (Line
5). The entries (st, R, L, 1) and (st, R, D, 1)
are automatically inferred and added to X with no
extra human burden (Lines 9–10).

(e) An additional preference query is asked between
anew = R (first) and abest = U (second) and
the human answers Padd = 1st with an additional
entry (st, R, U , 0.75) added to X (Line 11); abest
is updated to R and also added to S (Lines 12–13).

(f) a∗ = abest = R is added to entries of step t in
X (Line 11); and abest = R is executed (Line 25).

Fig. 2 Example of JPAL-HA (Algorithm 3) for a specific state st. The mapping P×JP → µ,
and the interactions amongst the agent, the human and the environment are depicted, along
with the evolution (from Figure 2a to Figure 2f) of the embraced memory X , the set of safe
actions S and the set of catastrophic actions C.



applied the same way for all Parenting, JPAL and JPAL-HA. Specifically,
continuing the algorithms (Lines 9–15 in Parenting and JPAL, and 29–34 in
JPAL-HA), if the agent does not ask a BTFQ, it will select the greedy action
from π(a | s). Before executing it (Line 14 in Parenting and JPAL, and 34
in JPAL-HA), updating its policy (Line 15 in Parenting and JPAL, and 35
in JPAL-HA) and finishing the step, it performs two more tasks. First, it
records a pair of the greedy action and a randomly chosen one and adds it to
a Temporary Memory R with probability pREC (Lines 10–11 in Parenting and
JPAL, and 30–31 in JPAL-HA). Second, regardless of recording in that step, it
could also, with probability pATFQ, take from R a recorded pair (potentially
added in R a couple of steps before) and ask an ATFQ, i.e. a query not related
to the current state, but to a previously visited one (Lines 12–13 in Parenting
and JPAL, and 32–33 in JPAL-HA). Asking an ATFQ works exactly as asking
a BTFQ in terms of adding an entry to X , with the difference that no action
is decided now for execution for the current step. Essentially, recording and
asking ATFQs is a simple mechanism of safe exploration (something like a safe
ϵ-greedy), because the agent may succeed in bringing in X potentially good
actions that otherwise would never be sampled from π(a |s) and presented to
the human due to their low probability. This is different from the approach
taken in [11] where they executed the explorative action, which could mean a
‘straight suicide’ if the agent was for example in a cell surrounded by three
cells of water.

The learning at the end of each step (Line 15 in Parenting and JPAL, and 35
in JPAL-HA) is done by following the Bradley-Terry model [19] for estimating
score functions from pairwise preferences. That is, we minimise, using gradient
descent, the cross-entropy loss between the predicted preference probabilities

p[P = 1st]=
π
(

a
(0)
t |st

)

π
(

a
(0)
t |st

)

+ π
(

a
(1)
t |st

) , p[P = 2nd]=
π
(

a
(1)
t |st

)

π
(

a
(0)
t |st

)

+ π
(

a
(1)
t |st

)

and the preference ground-truth labels µ, 1− µ:

Lπ = −
∑

(s,a(0),a(1),µ)∈X

µ log p[P = 1st] + (1−µ) log p[P = 2nd] (2)

We minimise this loss using all samples from the dataset X in each step. For
larger environments than the learning paradigm of this paper, standard tech-
niques, such as mini-batch stochastic gradient descent or potentially assigning
more weight to recently-added samples in X , could be used. Such extensions,
however, would require a mechanism to preserve the influence of samples
related to safety, since under-sampling such samples in the mini-batch selection
could increase the risk of unsafe actions.



Algorithm 3 JPAL-HA

Input: pBTFQ ∈ [0, 1): hyperparameter close to 1, pREC : probability of
recording, pATFQ: probability of asking an ATFQ

Output: π(a |s): agent’s policy model

1: function gen_hypoth_actions(st, a
(0)
t , a

(1)
t , P , JP )

2: create S and C
3: add to them a

(0)
t and a

(1)
t accordingly based on P and JP

4: while
|S|
A
< αsafe or

(

|S|
|C| < k and |S|+|C|

A
< αstop

)

do

5: sample anew and ask for Janew

6: if Janew
= w then

7: extend X with all ⟨anew, action in S and C⟩ pairs
8: add anew in C
9: else if Janew

= n then

10: extend X with all ⟨anew, action in C⟩ pairs
11: ask Padd between anew and abest and extend X
12: update abest if anew is preferred to abest
13: add anew in S
14: add a∗ = abest to all action pairs in X of the loop (4–13)
15: return abest

16: function ask_BTFQ(st)

17: sample a
(0)
t and a

(1)
t and receive P and JP from human

18: if JP = n then

19: find a∗ and µ from P and JP
20: add entry (st, a

(0)
t , a

(1)
t , µ, a∗) to X

21: execute a∗

22: else if JP = w then

23: find µ from P and JP and add entry (st, a
(0)
t , a

(1)
t , µ) to X

24: abest ← gen_hypoth_actions(st, a
(0)
t , a

(1)
t , P , JP )

25: execute abest

26: repeat

27: if (pBTFQ)
f(st) > r

iid∼ U [0, 1] then

28: ask_BTFQ(st)
29: else

30: if pREC > r
iid∼ U [0, 1] then

31: record a ⟨greedy, random⟩ action pair from st in R
32: if pATFQ > r

iid∼ U [0, 1] then

33: ask an ATFQ from R and add entry to X
34: execute the greedy action from π(a |s)
35: optimise π(a |s) with gradient descent minimising Equation 2
36: until optimal policy is found



Fig. 3 JPAL-HA flowchart

At the end of Appendix B, we provide a more complete theoretical expla-
nation of why including safety justifications to preferences can promote safer
behaviour than using plain preferences alone. An intuitive explanation is that
when the model is uncertain, i.e. when p[P = 1st] is close to 0.5, the gradient
signal of the binary cross-entropy term p[P = 1st] − µ has larger magnitude
for labels corresponding to safety (e.g. those with µ = 0 or 1) than for labels
corresponding to a default reason (e.g. those with µ = 0.25 or 0.75). Thus,
safety justifications increase the learning pressure on the policy model to fit the
safety-relevant preferences, and as a result they can promote safer behaviour.

5 Evaluation

5.1 Experimental Setup

To evaluate the impact of justifications and HAs we first tuned and modified
Parenting to a great extent so that the comparisons amongst Parenting, JPAL
and JPAL-HA were fair. That is, the model architecture, learning rate, learn-
ing epochs per step, and the techniques of recording and asking ATFQs were
optimised for Parenting and also used for JPAL and JPAL-HA11.

For Parenting, JPAL and JPAL-HA, the policy model π(a |s) is the average
of two components: a CNN for global state representation and a FNN for
local information. The CNN processes the board state in an one-hot encoding
form, while the FNN uses the type of objects in the four neighbouring cells.
More details about the model architecture and training process are provided
in Appendix C.1.

Regarding the three hyperparameters of the Parenting, JPAL and JPAL-
HA algorithms, we experimented with a conservative setting : pBTFQ = 0.95,

11We immediately witnessed a significant improvement to the results of Parenting after opti-
mising it, which was probably because Parenting from [11] explored carelessly (as described in
Section 4.3) and additionally trained the agent only for 1 epoch per step. The results we report
are from the optimised Parenting.



pREC = 0.8 and pATFQ = 0.8, and a relaxed setting : pBTFQ = 0.8, pREC = 0.5
and pATFQ = 0.5. The most important parameter is pBTFQ defined in Section
3, which essentially trades safety with human burden. A higher pBTFQ value
increases the number of BTFQs asked to the human, leading to increased
user burden, but enhancing safety by reducing the likelihood of the agent
taking unsafe actions. Conversely, a lower pBTFQ value results in fewer BTFQs,
reducing user burden, but increasing the chance of encountering unsafe states.
Section 5.4 provides a detailed analysis of the choice of pBTFQ.

In Sections 5.2–5.7 we run many simulation trials to draw conclusions about
the safety and sample efficiency by employing a simulated teacher with the
exact behaviour of a rational real human. For the latter, we compute the opti-
mal Q-values at all states of the board and prefer actions with higher Q-values.
In Section 5.8, we train a mobile robot with real human users and a robot,
focusing on the usability and training time of the process. In Section 5.9, we use
the results from the real-world experiments to aid us in making a more direct
comparison of methods that use different types of human input. Apart from
comparing in Section 5.2 with basic traditional RL to demonstrate its inher-
ent limitation in safety during training, our evaluation focuses on comparisons
between human-in-the-loop methods because they share the central assump-
tion that the only learning resource is the human. Constrained RL approaches,
such as CPO [5], have access to an explicitly specified environmental reward,
so comparisons with them would be less direct and interpretable.12

5.2 Comparison with traditional RL

Initially, we verified our assumption that traditional RL algorithms utterly
fail in terms of safety. For Q-learning [20] with discount factor = 0.5,
learning rate = 1 and ϵ (a small number determining exploration) starting
from 0.01 and decaying exponentially13, we extracted the blue line of Figure
4, which illustrates the return for 100 episodes averaged over 50 trials.14 The
red dashed line depicts the maximum possible return, which is +42 because
+50 is the reward for reaching the goal and the agent needs 8 steps to reach
it. We found that in 22.9 episodes on average when the optimal policy had
been found (i.e. if we deployed the agent, it would give the fastest route), the
agent with Q-learning had already suffered 16.54±1.34 deaths15, which is con-
sidered a very high number, comparing to safety-oriented methods. We also
experimented with SARSA [22] which is considered ‘safer’ than Q-learning,

12For example, in such safe RL methods sample efficiency is usually measured by environ-
ment interactions, whereas in the human-in-the-loop methods we also need to consider the aspect
of human burden, measured through the number and type of queries. Thus, even if we could
observe lower overall interactions with the human-based methods, we would not be able to claim
superiority under the same assumptions.

13The discount factor was chosen after experimentation, the learning rate was 1 as this is the
optimal value for deterministic environments and the starting ϵ was set to a small value, in order
to keep deaths as low as possible.

14Parenting and JPAL have more subtle differences to JPAL-HA at a smaller scale than the
one illustrated in Figure 4 (their curves would overlap). These differences are presented in detail
in Section 5.3. The magenta curve of HIRL [21] will also be explained in Section 5.7.

15We report the mean and 1 standard deviation values µ±σ for this and the next experiments.
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Fig. 4 Comparing JPAL-HA with Q-learning and HIRL - Averaged episode return over 50
trials and 1 standard deviation.

but still could not drop the number of deaths below 15 which is again by no
means satisfactory for safety. In contrast, JPAL-HA with the conservative set-
ting (green line) finds the optimal policy much earlier on average (3 episodes)
and suffers only 0.02± 0.15 deaths. We realise that with safety-oriented meth-
ods, even a single death is typically undesirable. Such rare deaths come when
the agent chooses the greedy action from its trained policy model until that
step and executes an unsafe action (instead of asking a BTFQ), while it has
not mastered the specific state yet (Lines 27, 28 and 34 in Algorithm 3).

Moreover, a subtle point is what would happen if the agent was left training
after it could deploy the optimal policy. This is important because in many
real-world scenarios, optimality cannot be observed automatically such as in
simulations, where we can quickly check after each episode by testing if the
return of the updated policy is equal to the maximum possible return or by
checking if the actions are optimal while training.16 A safe way to observe that
the optimal policy has been found in a real scenario would be to deploy and
supervise the agent at the end of every single episode. However, that would
be very time-consuming. Having an understanding that optimality has almost
been reached, we could leave the agent to train more and only then deploy
it while supervising it, when we would be more or less certain that we would
not have to go over the same time-consuming procedure more than once. As
a result, it is important to check that further training would not lead to any
potential future deaths. We observe that for JPAL-HA right after the 3rd

episode when the agent finds the optimal policy, if we continued training there
would be no more deaths.17 In contrast, Q-learning would still suffer deaths
due to unsafe exploration (we can see that from the spikes after 22.9 in the axis
of episodes). However, we note that the complete absence of further deaths for

16Since we worked with a small environment, this is what we did for convenience to assess that
the optimal policy was found and a trial was over; we deployed the agent with the greedy policy
and checked if it followed the shortest path to the goal.

17Apparently, there is a rare case (encountered for very few seeds) of a catastrophe after opti-
mality, which may occur when the two sampled actions do not include the greedy one that leads
to the goal (unlikely since the policy has already been shaped), so the agent starts going through
completely new routes. A candidate workaround to this would be one of the two sampled actions
to always be the greedy one after some advanced point in time.



Table 2 Average number of training deaths, BTFQs, Recordings, ATFQs and overall
steps in simulation experiments until the optimal policy is found (1000 trials for each with
mean and standard deviation reported).

Conservative setting Relaxed setting

Parenting JPAL JPAL-HA Parenting JPAL JPAL-HA

Training Deaths 0.07± 0.27 0.04± 0.23 0.02± 0.15 0.31± 0.61 0.22± 0.54 0.13± 0.35
BTFQs 26.25± 5.8 31.12± 8.21 25.92± 6.53 24.67± 5.54 29.63± 7.54 24.02± 5.98
Recordings 1.59± 1.45 1.97± 1.72 1.76± 1.64 3.85± 2.48 4.79± 3.09 4.13± 2.86
ATFQs 1.32± 1.32 1.63± 1.54 1.47± 1.45 2.61± 1.94 3.3± 2.36 2.74± 2.13
Overall steps 37.72± 14.25 41.94± 15.58 37.76± 14.5 39.86± 15.45 46.38± 17.48 40.51± 15.59

Table 3 Dunn’s test (p-values of pairwise comparisons in each setting).

Conservative setting Relaxed setting

Training deaths BTFQs Overall steps Training deaths BTFQs Overall steps

Parenting/JPAL < 10−2 0 < 10−8 < 10−3 0 < 10−17

JPAL/JPAL-HA 0.1 0 < 10−9 < 10−4 0 < 10−15

Parenting/JPAL-HA < 10−5 0.28 0.73 < 10−15 0.02 0.5

JPAL-HA was empirically observed for this environment and trials, and is not
guaranteed in general, as supervised learning with cross-entropy loss does not
always ensure perfect consistency with all previous feedback.

5.3 Comparing Parenting, JPAL and JPAL-HA

Next, we start testing the effect of our novel features, justifications and hypo-
thetical actions. For this section, we make two assumptions: (i) justifications
is a marginal additional cost to preferences, which we do not consider; and
(ii) extra queries during a loop of hypothetical actions (Lines 4–13 in Algo-
rithm 3) do not impose significant additional bother cost to the human users
as they are concerned with the same state, and do not get bothered repeat-
edly at regular intervals at those same states. Hence, we wrap everything into
a BTFQ. However, from Section 5.6 and afterwards we do consider and model
the additional human time potentially needed.

Table 2 shows the results of simulation experiments acquired over 1000
trials until the optimal policy is found. The Training Deaths row reports their
mean number per trial. As an empirical estimate of the probability that the
agent visits an unsafe state at least once in a training run, we also report the
percentage of trials with at least one death. This is in the conservative setting
6.1% for Parenting, 3.4% for JPAL, and 2% for JPAL-HA; and in the relaxed
setting 23.5%, 17.2%, and 9.8%, respectively. When expressed as fractions,
these are slightly lower than the corresponding mean deaths because multiple
deaths can occur within the same trial; however, they follow the same trend
as the mean deaths. We also note that the trend across methods is similar
between the two settings (conservative and relaxed) for the different metrics.

Initially, we compare Parenting with JPAL (i.e. using only justifications).
For both the conservative and the relaxed setting, we observe an important



decrease in the number of training deaths18 (safety improved due to justifi-
cations), but an increase in BTFQs19, which represents extra human burden.
We interpret the fewer BTFQs of Parenting in the following way: in Parenting
the agent goes through the same ‘unsafe’ routes leading to more deaths while
not asking the human many questions. As the familiarity f(s) increases, the
agent acts more and more independently. Thus, we conclude that although the
BTFQs increase in JPAL, there is a good reason: safety.

Comparing JPAL with JPAL-HA (adding hypothetical action queries), we
observe a further improvement in safety (more significant in the relaxed set-
ting) and a significant decrease in bothering (BTFQs). This is happening
because the agent asks many queries in one go when it is in a ‘dangerous’
area and the human does not need to be bothered repeatedly with such cases.
We believe that in most cases it is reasonable to assume that asking a lot of
queries about the same state at once is not as time-consuming for the human
as multiple bothering BTFQs; nobody enjoys being interrupted every couple
of minutes, whilst one does not mind quickly answering a few questions on
the same subject20. As noted in Section 4.2, most of these hypothetical action
queries (asked until a second safe action is found) do not require a preference
answer P , but simply a single justification over a new (hypothetical) action
Janew

(i.e. ‘if I had taken that other action, would it have been safe?’).
We conducted significance tests for the variables of training deaths, BTFQs

and Overall steps to observe if there is a statistical difference amongst Parent-
ing, JPAL and JPAL-HA. We used the significance level α = 0.05. Initially,
we assured that the assumptions of homoscedasticity (equal variances) and
normality (data generated from the normal distribution) do not hold for our
data. This was done, for both conservative and relaxed settings, by inspecting
(i) the boxplots which confirmed different spreads amongst the three methods
(which is consistent with the different standard deviations in Table 2), and (ii)
the histograms which indicated right-skewed distributions for most variables.
Thus, we conducted the non-parametric Kruskal–Wallis one-way analysis of
variance test [23] (which does not make these assumptions) to determine if
there is a statistical difference for the means amongst the three different meth-
ods. As expected, p-values for all variables and for both the conservative and
relaxed setting were much smaller than α, so we conclude that there is a clear
significant difference amongst the three methods. The interesting question was
to check the pairwise differences between methods, for which we conducted the
post-hoc, non-parametric pairwise Dunn’s test [24]. We also needed to tackle
the Multiple comparisons problem (due to three pairwise hypotheses tests) by
controlling in our case the familywise error rate (FWER) (i.e. we wish to min-
imise the False Positives) instead of the False discovery rate (which gives better
power, i.e. caring about a better True Positive rate). The correct adjustment

18Unlike other variables that the standard deviation is lower than the mean, regarding the
number of training deaths the standard deviation is higher because deaths are rare having been
averaged over 1000 trials.

19Until Section 5.6 we do not consider ATFQs which as it will be described in Section 5.5 are
not urgent to be issued and also the differences in their number amongst methods are marginal.

20We will return to this argument in Section 5.6.



in this case is the Holm-Bonferroni [25], which dominates the plain Bonfer-
roni correction and is used under arbitrary assumptions. Table 3 shows the
adjusted p-values which we compare with α = 0.05. With reference to Table
2, in terms of training deaths, we observe a significant difference with the
introduction of JPAL for both the conservative and relaxed setting and a sig-
nificant difference with the introduction of hypothetical actions in the relaxed
setting (a reduction of training deaths). In terms of BTFQs and overall steps
the unfavourable for JPAL significant difference with Parenting (BTFQs and
overall steps increased), is fixed with the introduction of JPAL-HA (favourable
for JPAL-HA significant difference with JPAL — BTFQs and overall steps
dropped), where in the relaxed setting we even observe a significant difference
in favour of JPAL-HA to the initial Parenting (p = 0.02). In short, we achieved
to improve safety without deteriorating BTFQs or overall steps both in the
conservative and relaxed setting.

5.4 Analysing the choice of pBTFQ

Regarding safety, an empirical observation is that increasing pBTFQ to a high
value such as 0.99, which also avoids continuously bothering the human, almost
always yields zero deaths. This means that our method can be useful also
for environments with a low tolerance for unsafe events, where it would be
appropriate to choose a higher pBTFQ (possibly higher than 0.99). In contrast,
in less dangerous cases, such as washing the dishes, we would not mind relaxing
pBTFQ for the sake of less human time and potentially sacrifice a few plates.

Figure 5 summarises the evaluation of Parenting, JPAL and JPAL-HA in
terms of safety (mean values extracted over 1000 trials). We keep constant the
hyperparameters pREC = 0.8 and pATFQ = 0.8 and we alter the most impor-
tant one pBTFQ. Firstly, if we compare the three methods at any pBTFQ point
(except for pBTFQ = 1 which, although yields zero deaths, would normally
be undesirable due to constant supervision), we observe that JPAL is signif-
icantly safer than Parenting, and JPAL-HA is safer than JPAL (the latter is
more distinct in more ‘relaxed settings’ (pBTFQ ≤ 0.9)). Moreover, we observe
that as we increase pBTFQ all methods improve safety until they reach zero
deaths. This indicates the safety/human burden trade-off discussed earlier. To
make it more evident, if we plot the BTFQs versus pBTFQ curve for JPAL-HA
we observe the almost linear ascending relationship of Figure 6a (similar for
Parenting and JPAL). Hence, as expected, Figure 6b, which plots the training
deaths versus BTFQs curve (real trade-off) for JPAL-HA, has almost the same
trend as Figure 5 and clarifies the trade-off between safety (training deaths)
and human burden (BTFQs).

5.5 Recording and asking ATFQs

As described in Section 4.3, recording and asking After-The-Fact-Queries is an
additional mechanism for safe exploration. We noticed in some trials that when
the agent was becoming very ‘confident’ from a limited number of actions in
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a state and would not sample other better actions to present them for a query
to the user, an ATFQ could help it escape a potential behavioural loop (i.e.
by going back and forth between two neighbouring states) learnt by chance21.

Another benefit of ATFQs is characteristic to relaxed settings (lower pBTFQ

values). A relaxed setting is used when the human does not wish to be bothered
consecutively by a lot of BTFQs, which need to be answered on the spot.
Since ATFQs are queries about states visited in the past and recorded in the
Temporary Memory, they do not need to be necessarily answered there and
then, as they will not affect safety at that step (nothing will change if they
are answered a few steps later). Indeed, as we can see in Table 2, although
the aggregate of queries (BTFQs and ATFQs) is almost the same for both the
conservative and relaxed setting, the additional ATFQs in the latter setting,
gives extra ‘relaxation’ to the user to answer at their convenience.

5.6 Unwrapping a JPAL-HA query

Even though in Section 5.3 we found no significant difference in terms of
BTFQs between Parenting and JPAL-HA, this was based on the assumption

21Although it made a small difference in the overall training steps and queries, this is also the
reason we made the temporary memory R a stack (instead of picking randomly a recording), so
that the agent could record and issue to the human an escaping ATFQ as fast as possible.



Table 4 Comparing Parenting, JPAL and JPAL-HA with all types of queries

Parenting JPAL JPAL-HA

P (BTFQ) 26.25

P (Parenting) = 27.57

31.12

P (JPAL) = 32.75

25.93

P (JPAL-HA) = 30.98
P (ATFQ) 1.32 1.63 1.47

P
(BTFQ)
add

- - 3.54

P
(ATFQ)
add

- - 0.03

P
(DP )
add

- - 0.01

J
(BTFQ)
P

-

-

31.12
J
(JPAL)
P

= 32.75

J(JPAL) = 32.75

25.93
J
(JPAL-HA)
P

= 27.4

J(JPAL-HA) = 33.21
J
(ATFQ)
P

- 1.63 1.47

J
(BTFQ)
anew - -

-

5.57

J
(JPAL-HA)
anew = 5.81J

(ATFQ)
anew - - 0.21

J
(DP )
anew - - 0.03

that justifications and queries following the hypothetical actions loop place
marginal additional human burden, which we did not consider. The idea for
that was that a user puts effort to collectively study what happens in a state
from where queries are issued, rather than they spend equal time for each
different query from the same state. Hence, in a collective preference and jus-
tification query, the additional burden to answer the justification would be
marginal, as well as the burden of additional queries during a hypothetical
actions loop. These assumptions would be more appropriate if for the human
burden we also considered the cognitive load, instead of only the number of
different queries or the input time. Thus, although the above assumptions may
be reasonable in some cases, we do not consider them as the general case, and
we also present evaluation without them. We start here by ‘unwrapping’ the
different types of queries, and then evaluate further in Sections 5.8 and 5.9.

In JPAL-HA a query can take one of the following types:

1. P (BTFQ): preference between initial ⟨a(0)t , a
(1)
t ⟩ from a BTFQ

2. P (ATFQ): preference between initial ⟨a(0)t , a
(1)
t ⟩ from an ATFQ

3. P
(BTFQ)
add : additional preference between ⟨anew , abest⟩ from a BTFQ

4. P
(ATFQ)
add : additional preference between ⟨anew , abest⟩ from an ATFQ

5. P
(DP)
add : additional preference between ⟨anew , abest⟩ from a DP

6. J
(BTFQ)
P : justification over P (BTFQ)

7. J
(ATFQ)
P : justification over P (ATFQ)

8. J
(BTFQ)
anew : justification over anew from a BTFQ

9. J
(ATFQ)
anew : justification over anew from an ATFQ

10. J
(DP)
anew : justification over anew from a DP

We assume that the human needs more cognitive effort to answer preference
queries (1–5) than justification queries (6–10). Moreover, for simplicity we
assume that justifications over two actions (6–7) require the same effort with
justifications over a new (hypothetical) action (8–10) — this will be tested
more thoroughly in Sections 5.8 and 5.9. Parenting includes only query types 1
and 2, and JPAL includes queries 1, 2, 6 and 7. Table 4 shows the break-down
of different query types, with the values acquired in the conservative setting.

Parenting takes the least time as it requires the fewest preference queries
to be answered and does not seek justifications. However, we have already
seen that JPAL significantly improves safety during learning and JPAL-HA



also offers additional improvements in safety (Figure 5). Comparing JPAL
and JPAL-HA with respect to time required to respond to queries, although
the number of justification queries issued by JPAL-HA, J (JPAL-HA), are very
slightly higher than those by JPAL, J (JPAL), JPAL-HA issues fewer preference
queries, i.e. P (JPAL-HA) < P (JPAL). This reduction in preference queries is
observed in all settings, indicating that hypothetical action queries reduce the
need for more preference queries. Given also that when using HAs the overall
learning steps decrease in comparison to using only justifications (Table 2), we
hypothesise that HAs help to decrease the overall human burden. The analysis
of the hypothesis t(Parenting) < t(JPAL-HA) < t(JPAL) is tested in Section 5.8
through experiments with people.

5.7 Queries or human intervention?

Before we present the evaluation of Parenting, JPAL and JPAL-HA with real
human trainers and a robot in terms of actual training time, we compare
our approach with a different class of human-in-the-loop safe learning meth-
ods that rely on the human teacher to intervene when an unsafe action is
about to be taken, rather than the agent querying the human before taking an
action. We compare JPAL-HA as closely as possible with Human Intervention
RL (HIRL) [21]. We did not compare with ReQueST [16, 26], another human
method focusing on safety, because the necessary approximations due to differ-
ent assumptions would make a comparison unrealistic; for example, ReQueST
uses off-policy data raising the question of how these data can be collected.

HIRL [21] learns in three stages: (i) the agent learns a policy using stan-
dard RL methods with a human overseeing it, blocking catastrophic actions
and proposing an alternative safe (normally the optimal when they understand
well the environment22) action; (ii) the agent pauses and a binary catastro-
phe classifier is built from the record of interventions from Stage (i) using
supervised learning; and (iii) the agent starts again, but now the human is
substituted by the catastrophe classifier (a kind of governor). More details and
the experimental setup for HIRL are given in Appendix C.2.

The comparison to JPAL-HA relies on the reasonable assumption that a
preference P plus a justification Jp (or Janew

for simplicity) query with JPAL-
HA requires more or less the same time as an Intervention (i.e. a block plus a
proposal of a new action) in HIRL.23 Also, given both algorithms consider the
trade-off between safety and human burden, we use safety as the top priority;
i.e. minimising training deaths for both. We consider two environment config-
urations, the original (Figure 1) and the one illustrated in Figure 7. JPAL-HA
had almost no training deaths in each configuration with the conservative set-
ting, and for HIRL this depends on the steps the human would constantly
supervise (or equivalently on the samples used to build the catastrophe clas-
sifier — Figure 8). We then compared the two methods using: (1) how much

22Although it is not specified explicitly in [21] whether the human replaces the dangerous action
with the optimal or just a safe one, for our experiments we replaced it with the optimal.

23In Section 5.9 we also compare them more directly with reference the actual time.



Fig. 7 Island Navigation Environment configuration with more dangerous states.
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(a) Original Configuration (Figure 1).
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(b) Configuration of Figure 7.

Fig. 8 Safety/human burden trade-off in HIRL.

information needs to be extracted from the human (we compare P (JPAL-HA)

and J (JPAL-HA) with Interventions(HIRL)); and (2) how long it takes to have
the human oversee the agent (we compare the overall steps until optimality in

JPAL-HA Steps(JPAL-HA) with the overall steps until we can release the human
in HIRL Steps(HIRL)).

In the original configuration (Figure 1), for JPAL-HA we reproduce the

results for P (JPAL-HA), J (JPAL-HA) and Steps(JPAL-HA) from earlier in Table 5.
For HIRL, we ran experiments to determine how many steps a human trainer
needs to monitor the agent and intervene as necessary to achieve a similar
number of training deaths on average. From Figure 8a, we find that we need
the human trainer to monitor for approximately 250 steps. While the algorithm
continues with the binary classifier and will take an average of 291.64 steps to
find the optimal policy, we assume that the time the agent operates by itself is
not included in the human burden. In Figure 4, these 291.64 steps correspond
to 7.54 episodes (magenta dashed line), where we observe again the superiority
of JPAL-HA in terms of the overall training time. Across the 250 supervision
steps, the human trainer had to intervene an average of 16.12 times. Thus,
HIRL needs to extract less information from the human trainer. However,
JPAL-HA is far better in terms of the time the human has to ‘wait in their
chair’. Moreover, with JPAL-HA the human trainer can focus on other tasks
with the agent being smart enough to ask the human when it predicts that



Table 5 Information required from, and time commitment of human trainer for JPAL-HA
and HIRL for two environment configurations.

Config. Criterion JPAL-HA HIRL

Figure 1
Information

P (JPAL-HA) = 30.98
Interventions(HIRL) = 16.12

J(JPAL-HA) = 33.21

Time Steps(JPAL-HA) = 37.76 Steps(HIRL) = 250

Figure 7 Information
P (JPAL-HA) = 34.11

Interventions(HIRL) = 33.48
J(JPAL-HA) = 42.34

Time Steps(JPAL-HA) = 60.24 Steps(HIRL) = 350

Table 6 Summary of metrics (average values reported until the optimal policy) of different
methods for the original configuration of the Island Navigation environment (Figure 1)

Method Training Deaths Steps/Episodes Human Input
Q-learning 16.54 22.9 episodes -

Parenting (conservative) 0.07 37.72 steps (≃ 3 episodes) 27.57 preferences
JPAL (conservative) 0.04 41.94 steps (≃ 3 episodes) 32.75 preferences/32.75 justifications

JPAL-HA (conservative) 0.02 37.76 steps (3 episodes) 30.98 preferences/33.21 justifications
HIRL ≃ 0.02 291.64 steps (7.54 episodes) 16.12 interventions/250 supervision steps

it needs more information. Instead, with HIRL the human has to constantly
monitor the agent and intervene (although the human still may relax if they
are certain that the RL agent will be in a safe region for some time). Moreover,
if the environment has many hazards, such as in the configuration illustrated
in Figure 7, then JPAL-HA is competitive with respect to information need
with P (JPAL-HA) and J (JPAL-HA) much closer to Interventions(HIRL) (Table 5).
JPAL-HA continues to dominate HIRL with respect to time demands on the
human trainer in this scenario. Moreover, the optimal policy (even if using the
human only for the first 350 steps) was found after 533.92 steps on average,
which illustrates its sample-inefficiency.

To summarise the results from the simulation experiments, we first observe
that all methods can find the optimal policy (Figure 4). However, the safety
and the sample efficiency can significantly differ. Table 6 summarises this for
the original configuration of the Island Navigation environment (Figure 1).

5.8 User experiments

In order to fully understand the impact of our approach, we conducted experi-
ments with people answering queries to train a Thymio mobile robot [27]. The
configuration of Figure 1 (the same as the one of the simulation experiments)
was created with wooden pieces (Figure 9). The participants used a computer
next to the arena to answer preference and justification queries using a graphi-
cal interface (Figure 10). The answers were relayed to a Raspberry Pi attached
above Thymio that controlled its movements. Thymio executed the actions at
an average speed of 20 cm/s. ATFQs were presented to the laptop screen. After
the execution of each episode, Thymio was placed at the initial state manually.

Our aim is to answer two questions: (i) Can training using human prefer-
ences and justifications be completed in a reasonable amount of time? And (ii)
does our hypothesis from Section 5.6 that t(Parenting) < t(JPAL-HA) < t(JPAL)



Fig. 9 Experiment configuration with a Thymio mobile robot.

Fig. 10 Instance of the graphical interface the participants used to interact with the robot
in JPAL and JPAL-HA. Alarm Signal is equivalent to justifications. With Push To Talk

participants could give their answer through a microphone; however, we did not use this
button during the experiments.

hold? To answer these questions, we needed for each of the three methods
(Parenting, JPAL, and JPAL-HA) to identify and run with all participants a
specific trial that returned average values for all the variables involved during
training (i.e. training deaths, overall steps/episodes, number of preference/jus-
tification queries from BTFQs/ATFQs, recordings, etc.). We first obtained
these average values from the 1000 simulation trials at the conservative set-
ting, reported in Tables 2 and 4. Then we ran multiple trials in simulation
until we identified a specific one for each method, where the different end
metrics closely matched these average values. For example, we chose trials
with zero training deaths and three episodes until optimality for all Parenting,
JPAL and JPAL-HA. We stored the seed of the identified trials and used those
with all participants for fair and standardised comparisons.24 Consequently,
the primary metric we focus in this section is the real training time it takes

24As explained in Section 2, in this work we also did not model the human error (assuming
users can understand the environment and give correct answers); thus, we used a simple autocor-
rection mechanism to prompt users to correct their answer in case of an oversight, while the clock
continued running. Modelling human error is discussed in Section 6.2.
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Fig. 11 Histogram of the average number of misses across all three methods (Parenting,
JPAL and JPAL-HA). A miss corresponds to an incorrect response to either a preference
or justification query, typically caused by inattention. The two extreme points on the right
were excluded from the results as outliers.

the participants to complete the specified trials with each method, while these
experiments do not constitute evidence of safety.

We recruited 40 participants25 overall for around one hour each, paying
for their time. They consisted mainly of university students, but also included
university staff and members of the general public. 65% of participants had
backgrounds related to computer science, but in the other 35% we had a good
diversity in terms of discipline, such as linguistics, medicine, engineering, law,
administration, etc. The gender balance was 13 female and 27 male. The exper-
iments were separated into two groups, with 18 participants in the first and 22
in the second. For each participant, we devoted around 20 minutes for them
to practise in a smaller configuration to get used to interacting with the robot
through the interface. All participants were asked whether they were comfort-
able interacting with the robot. We recorded ‘misses’ (i.e. giving a suboptimal
or bad answer to a query) for all participants, and excluded two outliers from
our analysis (Figure 11). We did this because our aim was to focus on training
time rather than training with human input that varies in trustworthiness; cf.
[28]. Although some ‘misses’ were to be expected by oversight or rush during
the experiments, enforcing an average per participant to be within a low mean
and tight distribution was, we believe, reasonable.

Although we provided initial training with the smaller configuration, there
was a further training effect where participants tended to perform better in
later trials. For the first group of participants, we reduced this training effect
by permuting the order of the three methods and changing the configuration
by rotating it 90 or 180 degrees to avoid memorisation. The participants ran
each method once, and the boxplot of each method is shown in Figure 12.
These results indicate that training with each of the three methods can be
completed in a reasonable time (slightly more than 5 minutes with JPAL and
JPAL-HA).

25All experimental protocols were approved by University of Southampton Ethics and Research
Governance Online (ERGO), the methods were carried out in accordance with the relevant
guidelines and regulations, and informed consent was obtained from all participants.
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Fig. 12 Overall training time for the first group of participants.

Table 7 Adjusted p-values from Dunn’s test for the first group and from the
Mann-Whitney U (Wilcoxon rank-sum) test for the second group.

Comparison First group Second group

Parenting/JPAL 0.001 -
JPAL/JPAL-HA 0.910 0.449
Parenting/JPAL-HA 0.001 -

To determine whether there are statistically significant differences amongst
the three methods, we initially observed, again as in the simulation experi-
ments, the boxplots and histograms of the data. Although it seemed that the
assumptions of homoscedasticity and normality might hold, we decided not
to rely on them since our sample size was moderate, opting instead to run
again non-parametric tests which are robust in all cases. The non-parametric
Kruskal–Wallis test indicated a significant difference amongst the three meth-
ods. Using Dunn’s test, with the Holm-Bonferroni adjustment of the p-value,
there is a significant difference between Parenting and the other two methods,
but no significant difference between JPAL and JPAL-HA (Table 7). Although
there is a significant difference between JPAL-HA and Parenting, this is around
30% on average. Further investigation into these results revealed that a signif-
icant training effect remained due to the extra features of JPAL and especially
of JPAL-HA that the participants had to get used to; participants almost
always took less time using the second method, regardless of whether this was
JPAL or JPAL-HA.

In order to investigate this further, we recruited the second group of
participants, and, to reduce the training effect, we asked participants to run
JPAL and JPAL-HA twice. This modification was made to ensure that the
training effect would not skew the results and to provide a fair comparison
between JPAL and JPAL-HA. The participants also started with Parenting
to give additional practice. The participants then ran JPAL and JPAL-HA in
different orders and by rotating the configuration. The results again showed
subtle differences between them on the first try. However, on the second try,
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Fig. 13 Overall training time for the second group of participants for their second use of
JPAL and JPAL-HA.

we found tJPAL = 242 ± 33.3 and tJPAL-HA = 231 ± 34.9 (Figure 13); i.e.
participants took slightly less time on average using JPAL-HA than JPAL
(approximately 11s). Similarly to the first group, we decided to follow a non-
parametric test. Analysing the results from these trials, there is no significant
difference (Mann-Whitney U (Wilcoxon rank-sum) test [29]) between JPAL
and JPAL-HA, but we do observe a shift in the p-value from the first group
(Table 7). Looking in depth at the data for these experiments, we observed
that the average response time for Janew

queries (2.45s) (i.e. justifications over
hypothetical actions in JPAL-HA) was significantly greater than for JP queries
(1.15s) (i.e. justifications over preferences used in both JPAL and JPAL-HA).
Our explanation for this is that Janew

queries come sparsely and users do not
expect them in every step like JP queries, and that Janew

queries refer to a new
action that the users have not yet considered. This may be part of the expla-
nation that we do not see a significant difference between JPAL and JPAL-HA
with human participants.

Most importantly, the time required to train the agent using both JPAL
and JPAL-HA is now significantly reduced from the average of the first group of
participants (from around 5 minutes to around 4 minutes), which is close to the
average for Parenting in the first group. It is also very close to the average for
Parenting in the first group, even when only the participants who ran Parenting
third in the row are considered (meaning they already had significant practice
after running JPAL and JPAL-HA). The latter’s average time was 219s, which
is only 12s less than tJPAL-HA = 231. This means that, even without the
assumption that justifications and hypothetical action queries are a marginal
cost, the training time can be kept with JPAL and especially JPAL-HA to
admissible levels, not very far from the one of Parenting.

To summarise our findings, when given initial practise, the participants
took around 30% longer to train the Thymio robot using either JPAL or JPAL-
HA than for Parenting. When participants had additional training on providing
justifications and answering hypothetical action queries, however, the training
times were very similar. Our hypothesis, t(Parenting) < t(JPAL-HA) < t(JPAL) is
not supported, but it is reasonable to conclude that t(Parenting) ≃ t(JPAL-HA) ≃



t(JPAL). Thus, the time required to train the agent is similar for people from a
diverse set of backgrounds, but we have significant added benefits with respect
to safety during the learning process.

5.9 Comparisons by human input and training time

From the experiments with real users of Section 5.8 we can receive the aver-
age response time across all responses and labellers for the different types
of queries. These are for a preference tP = 3.83s, for a justification over
a preference tJP

= 1.15 and for a justification over a hypothetical action
tJanew

= 2.45s. With this information we can compare directly Parenting,
JPAL and JPAL-HA in terms of human feedback time. For example, using
the mean numbers of different types of queries from Table 4, the mean human
input time until the optimal policy is found for JPAL-HA is calculated by:

tP × P (JPAL−HA) + tJP
× J (JPAL−HA)

P + tJanew
× J (JPAL−HA)

anew . We can also
include in this comparison HIRL. Although we did not run a full study with
many participants, one of the authors provided around 1200 answers (running
two trials from the original Island Navigation configuration and the one of
Figure 7) based on the GUI shown in Figure 14. We separated the response
time of queries in three categories: (i) those asked far from a water cell where
the user always allows the proposed action (1.58s); (ii) those next to a water
cell with the proposed action of the agent leading to a safe action that the user
allows (1.84s); and (iii) those next to a water cell with the proposed action
leading to water, where the user interrupts the agent and dictates the optimal
action (3.14s). Given these, we can either include category (i) in our compar-
isons or consider its time zero (passive supervision). We include category (iii),
as well as (ii) since when the agent goes next to a dangerous state the user
must be ready to act even if the proposed action is safe. Given the above, sim-
ilarly to Parenting, JPAL, and JPAL-HA, we can multiply the mean response
times of different types of inputs by their mean number until optimality and
calculate the mean human feedback time.26

In addition to the above we also know from our experiments with the real
robot (Section 5.8) the time for a robot’s move to a neighbouring cell, which
is trobot = 2s. As a result, if we multiply this by the mean time of overall
steps until optimality and then add it to the mean human feedback time, we
can have the actual training time until optimality for each method. This is
important because different algorithms have different numbers of overall steps,
throughout which the human still needs to be present, even if they do not pro-
vide input at every step. Given all the above, we can now not only compare the
mean human input or training times until optimality, but also the behaviour
of different metrics during training and compare the algorithms on fixed bud-
gets of human input or training time. This is shown in Figures 15 and 16 for

26Since there was only one labeller, the HIRL average response times should be interpreted as
an approximate, and possibly slightly favourable for HIRL, since the labeller was well-familiar
with the GUI. However, they are still useful for placing HIRL within the broader comparison with
the other methods.



Fig. 14 GUI of HIRL. In the instance shown the agent proposes (gets ready to move)
RIGHT, so the user blocks that action and chooses LEFT which leads faster to the goal.

the original configuration of the Island Navigation (Figure 1), where for each
fixed time budget at 10s intervals, we report, across 1000 trials run until opti-
mality, the average of the training/deployment return or training/deployment
deaths of the latest completed episode whose time did not exceed the budget.
The shaded region corresponds to ±1 standard error of the mean (SEM) across
trials. The vertical lines correspond to the mean time until optimality for each
algorithm, except for the dotted lines in Figure 16 for the HIRL variants, which
indicate the mean time at which the human is released and training contin-
ues with traditional RL; the shaded bands around them show the interquartile
range (IQR). Solid lines for Parenting, JPAL and JPAL-HA depict the conser-
vative setting (Section 5.1), and dashed lines of the same colour depict their
counterparts in the relaxed setting. For HIRL, the solid lines represent the
case of releasing the human after 250 user inputs to the catastrophe classifier
(enough for nearly 0 training deaths — Figure 8a), while dashed lines of the
same colour represent the same for 200 inputs. The magenta and blue HIRL
curves are not different experiments, but simply the blue considers zero human
input time at states far away from water.27

Appendix D provides more results and discussion. Appendix D.1 focuses
on the mechanism for detecting deadly patterns, Appendix D.2 evaluates on
more Island Navigation maps and Appendix D.3 on other environments.

Initially, comparing Parenting, JPAL and JPAL-HA, we observe a faster
convergence to the optimal return for Parenting than JPAL and JPAL-HA (i.e.
the former needs less human input or overall training time). Moreover, we see
that if we stopped training at a time budget before the methods’ convergence
(e.g. around 150s for human input or 200s for training time) the deployment

27The region at the beginning of the curves where the training return sometimes starts high
and then drops until the point that it starts going up again (most prominent in HIRL) is because
a mean training return may be computed over not all trials, but only by the ones that at least one
episode had been completed by that time budget. In those trials with an early-completed episode,
the agent asks queries that lead it quicker towards the goal, so they yield higher return in less
time. As more trials, with an episode that took more time to complete, enter and contribute to
the average, the latter drops before it starts increasing again until convergence.
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Fig. 15 Training/Deployment performance and safety in relation to human input time
(Configuration of Figure 1).
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Fig. 16 Training/Deployment performance and safety in relation to training time (Config-
uration of Figure 1).



deaths would be less for Parenting. However, the opposite happens for the
training deaths. Since all methods finally end up to the optimal return and
to zero deaths during deployment what matters most is the training deaths.28

Also, we can see that the final mean values of the training deaths shown are
the same as the ones reported in Table 2. In addition, as we expected from
the analysis in Section 5.8, the curves between JPAL and JPAL-HA slightly
differ in favour of JPAL-HA, except from the one of training deaths where the
difference is notable. In regards to HIRL, we see that even when the input time
for feedback in states far away from water is considered zero, if we compare
HIRL with a preference-based method that returns approximately the same
number of training deaths, it is outweighed prominently in terms of training
time. For example, comparing JPAL-HA(cons) and HIRL(250, no-water=0),
from Figure 16 it is evident that the many more steps the latter requires the
user to stay in-the-loop until they can be released make its training much less
efficient in terms of overall training time. This was indicated in Section 5.7
and Table 5, but now we can also observe it in actual training time, e.g. by
comparing, for the above example the approximately 730s required for HIRL
human release with the around 230s required for JPAL-HA optimality.

6 Discussion

6.1 Related work

There are a variety of techniques that use a human to help an agent learn a
good policy. Most focus on sample efficiency, but some also consider safety.

A standard approach to incorporating human input is learning from human
demonstrations, such as Imitation Learning [30] or Inverse Reinforcement
Learning [31–33]. Learning from demonstrations can be highly effective, espe-
cially when high-quality demonstrations are available and in large quantities.
In recent years the increased availability of large-scale datasets has made this
more feasible in several domains, including robotics [34]. Imitation learning
can reduce the need for costly or potentially unsafe online exploration by train-
ing agents to reproduce behaviours from previously collected demonstrations.
In this way, autonomous systems can acquire useful initial behaviours before
undergoing further exploration or fine-tuning. Although imitation learning
constitutes the foundation in many domains, including large language models
(discussed below) and safety-critical ones like autonomous driving, it is often
part of a broader pipeline that incorporates at later stages traditional RL
or learning from other forms of human feedback, such as human preferences.
These later stages can help fine-tune behaviour and improve reliability and

28An analogue is the example of a driving instructor. Parenting is like a loose driving instructor
who hastily tries to teach a student how to drive within a few hours, while JPAL or JPAL-HA
is like a careful instructor who devotes more input and time in learning. If teaching stopped at
the same time before the students had become experts in driving and asked them to drive by
themselves, the student of the loose instructor may indeed know how to drive better and more
safely. However, the loose teacher would jeopardise more accidents during the learning process.
In contrast, with the careful teacher, not only the student would finally drive well and safely, but
also there would not be dangers during learning.



alignment with human objectives [35–38]. We note that in this work demon-
strations could have more easily solved the tasks considered; however, our focus
was to study how the ideas of justifications and hypothetical actions could
improve safety in preference-based learning.

Another approach is reward shaping, where the human feedback is a numer-
ical reward over an action or trajectory, which can replace or be combined with
the environmental reward [26, 39–42] in order to model a reward function. In
general, reward shaping does not deal directly with the problem of safety and
it is also not always clear if a human can define whether an action or trajec-
tory is good (or how good) or not and return an accurate reward signal. The
ReQueST (Reward Query Synthesis via Trajectory optimisation) framework,
however, uses reward shaping in [26] and also addresses safety through hypo-
thetical behaviours that are generated by a generative model of initial states
and a forward model of dynamics trained on off-policy data. These data can
be safe human trajectories or past failures. Then the human assigns rewards to
the hypothetical behaviours and a neural network is trained to predict them.
This is the work from which HAs were inspired for JPAL-HA, with the main
difference being that we sample hypothetical actions from the policy model
directly in critical situations. The ReQueST framework was scaled up in [16]
to complex 3D safety-critical environments using, instead of reward shaping,
a more sample-efficient type of feedback, reward sketching [43]. In the lat-
ter, humans are shown a video sequence of frames and are asked to draw a
‘reward curve’ based on the progress of the task. Although reward sketching
is probably the most efficient type of human feedback, it works only with raw
pixels and requires a lot of engineering and fine-tuning. Moreover, although
ReQueST has been evaluated in complex 3D simulated environments, it has
not been tested in the real world, where different challenges may occur, such
as the acquisition of adequate off-policy data.

An approach directly dealing with safety is Human Intervention RL
(HIRL), where the human continuously supervises the agent and blocks catas-
trophic actions. HIRL [21, 44] (described in more detail and compared to
JPAL-HA in Section 5.7) builds a binary catastrophe classifier via supervised
learning, which then takes over from the human trainer. Our work has a sim-
ilar motivation, but we only seek input from the human trainer when the
agent has less certainty about good action choices to make. However, HIRL
has been shown to scale poorly to higher-dimensional state-action spaces due
to the prohibitively large supervision time needed, deriving from the inherent
sample inefficiency of RL (this was evident even for a small environment in
Section 5.7). A recent work [45] related to interventions and human demonstra-
tions has tried to combine a number of mechanisms on an unmanned ground
vehicle navigation task, by learning in simulation and deploying in the real
world. Although it shows improved sample efficiency, this approach has the
limitations of the simulation-to-reality gap which makes its use limited.

A very sample efficient technique, which works in all domains, and has been
widely adopted over the last years is learning from human preferences. It is



essentially an active learning [46] method, with the goal to eliminate human
feedback time in applicable magnitudes. Instead of picking one greedy action
(or trajectory) from a policy model and expect from the human to give a scalar
reward to that, it would be more efficient to sample two actions (or trajecto-
ries) and ask the human which one they prefer. This approach naturally aligns
the agent’s learning with the human objectives and values. For the agent, this
feedback helps distinguish which action better matches human goals, while for
the human, it is easier and more intuitive to express a preference between two
options rather than trying to assign an absolute score, which can be ambigu-
ous29. This is also the natural way people communicate: a child having in
mind two supermarkets to buy things from, they would not ask their parent:
‘How good is the one I think is the best?’ (as in reward shaping), but they
would ask: ‘In which of the two supermarkets should I go?’ (reflecting human
preferences). A noticeable work that formalises the framework of human pref-
erences with Deep RL is [47], which fits a reward model to the comparisons
between segments of sampled trajectories. Specifically, a behavioural policy
(trained by traditional Deep RL) generates these trajectories and some seg-
ments (short sequences of a trajectory) are extracted from them. Then the
human compares pairs of segments, giving their preference to the one or to the
other. With these data, a deep reward model is trained by supervised learning,
where the objective function to be minimised is the cross-entropy loss between
the model’s prediction and the human’s preference. The output of that model
(scalar reward) is then given to the agent to learn via a traditional Deep RL
algorithm. The main differences between [47] and our work are:

1. Christiano et al. [47] use segments of trajectories starting from different
initial states for a preference query; instead, we use state-action pairs.

2. JPAL-HA (as well as Parenting and JPAL) directly learns a policy model
by supervised learning from an increasing dataset of human preferences,
omitting the reward model. As discussed in [11] building a reward model is
less aligned with alleviating the safe exploration problem, because the max-
imisation of the reward function with RL can lead to unsafe states if it has
not been encoded to the reward with a preliminary mechanism that unsafe
states should be avoided. However, direct policy learning using state-action
pairs, compared to learning a reward model using segments of trajectories,
may limit generalisation, and capturing long-term consequences of actions
(Section 6.3).

Although with the technique of learning from human preferences the
amount of human feedback is decreased by several orders of magnitude, during
RL with the learned reward model, the agent’s interactions with the envi-
ronment still remain a lot. Recent papers work on the direction of improving
sample efficiency both in terms of the human burden and the number of overall

29For example, in a questionnaire that people mark a service from 1 to 10, it may be confusing
what 7, 8 or 9 means; instead a much easier question allowing a concrete answer is ‘do you prefer
service A or service B?’.



interactions, using different intelligent ways, such as the use of human demon-
strations for a good initialisation of policy [48], unsupervised pre-training and
Off-policy RL with Relabelling [49], semi-supervised reward learning using a
large number of unlabelled samples with data augmentation [50], exploration
based on the learned reward’s uncertainty [51], adopting the performance of
the Q-function as the learning target at the reward learning [52], pre-training a
reward model with trajectories from a family of prior tasks and quickly adapt-
ing it online with fewer human queries to new tasks [53], using transformer
architectures to model human preferences by capturing non-Markovian reward
dependencies across trajectory segments [54], and leveraging optimal trans-
port for transferring preference labels from source tasks to target tasks without
extra human queries [55]. Although these works are not oriented towards deal-
ing with safety, in Section 6.3 we discuss future directions that justifications
can be incorporated into them.

Preference-based RL has been also remarkably used over the last years
in Natural Language Processing (NLP). In text summarisation, [56] collects
a large dataset of comparisons between summaries from human contractors,
trains a reward model from these comparisons on predicting the preferred
summary and uses this learned reward function to update by RL a summa-
rization policy. The GPT (Generative Pre-trained Transformer models trained
to predict the next token in a document, i.e. when having a dialogue with a
user) Large Language Models (LLMs), also use the same method of learning
a reward function from human preferences30. The first release, InstructGPT
[35] is built in three steps: (i) a prompt (i.e. ‘say 3 things you should do before
going to bed’) sampled from OpenAI’s prompt dataset; labellers demonstrate
the desired model behaviour (i.e. 1) brush your teeth, 2) wind down, 3) limit
screen time) and these data are used to fine-tune GPT-3 with supervised learn-
ing; (ii) a prompt and some outputs are sampled from the fine-tuned model and
labellers rank the outputs from best to worst; these rankings are essentially
the human preferences which are used to train the reward model; (iii) a policy
is optimised against the reward model using traditional RL algorithms (i.e.
PPO [58]). From the first step, known as Supervised Fine-tuning (SFT) come
primarily the model’s capabilities. However, the other two steps, known as RL
from Human Feedback (RLHF) which is essentially the idea originated from
[47], are crucial to align the model with the user’s objectives. Later releases
of GPT had similar architectures, with some differences in step (i), but more
advanced capabilities than a simple dialogue system, such as producing code
(ChatGPT [59]), understanding image inputs (GPT-4 [60]), and understand-
ing and generating image and audio content (GPT-4o [61]). The LLaMA series
has seen similar advancements, with the latest models [62, 63] building on the
foundation of earlier ones [64], by incorporating RLHF to improve alignment

30Earlier GPTs, such as GPT-3 [57] did not use human preferences, so although powerful, they
lacked alignment with human objectives. In the case of LLMs, ‘alignment’ refers to outputs from
the chatbot that are truthful, untoxic and helpful — components directly correlated to safety that
could be only achieved with the human input during training.



with human preferences, ensuring safer and more ethical outputs, particularly
in tasks like multilingual dialogue and long-form text summarisation.

All the above systems tackle safety through mechanisms such as guardrails,
content filtering, prompt moderation, and safety protocols that detect and mit-
igate harmful or biased outputs. A more safety-guided method is [65], which
introduces Rule-Based Rewards (RBR) to explicitly enforce desired behaviours
by incorporating fine-grained, composable rules during RL. This approach
reduces reliance on extensive human feedback, offering a more precise and scal-
able way to align LLMs with safety objectives while minimising over-cautious
responses. Closely, the Safe Reinforcement Learning from Human Feedback
(Safe RLHF) framework [66] decouples helpfulness and harmlessness during
fine-tuning by optimising these conflicting objectives separately. This method
employs a Lagrangian approach to dynamically balance safety constraints
(harmlessness) and model performance (helpfulness), adapting the trade-off as
needed during training. Our paper can contribute in the same direction of the
above methods. We allow preferences to be accompanied by a justification. We
assume that incorporating justifications alongside the preference rankings of
RLHF could further improve alignment and safety, with further examination
needed to determine how to best integrate them into the loss function for more
efficient learning.

However, RLHF faces challenges with sample efficiency and stability, as
gathering high-quality human preference labels, training a reward model and
using RL to optimise the policy against this reward model is a costly and com-
plex procedure. To address this, alternatives have been explored recently. In
Reinforcement Learning from AI Feedback (RLAIF) [67], feedback is provided
by an off-the-shelf LLM instead of human annotators, which generates prefer-
ence labels based on task-specific prompts. This method has shown comparable
performance to RLHF in tasks like summarisation, significantly reducing the
reliance on costly human input while still aligning models with human pref-
erences. Direct Preference Optimization (DPO) [68] offers a more stable and
sample-efficient method by bypassing the reward model and RL altogether.
DPO directly optimises human preferences through a simple classification loss,
eliminating the need for complex RL training loops and large-scale sampling
from the model. Our approach, which also directly optimises the policy from
preferences, although using a different loss and in a different context, has sim-
ilar advantages in simplicity, efficiency and alignment with avoiding unsafe
behaviour. It also has similarities with the regret-based preference model
[69, 70]. That approach challenges the assumption that human preferences are
based on the sum of rewards within trajectory segments, but instead suggests
that preferences are driven by the regret, which measures how much a sequence
of actions deviates from the optimal behaviour. The same could be considered
for the preferences in our case, where state-action pairs are segments of length
1. Moreover, the regret-based approach [69, 70], similarly to ours and DPO
[68], shifts away from optimising a proxy reward function, but instead it allows
for direct optimisation by choosing actions that minimise the regret. Finally, a



number of more recent works combine the power of LLMs and human feedback
in safety-critical tasks, such as in robotics [71–73].

Our work was most similar to Parenting [11] with the main similarities
being the query selection method (Section 3) and the direct policy learning
from human preferences over state-action pairs (Section 4.3). We optimised
Parenting in a couple of ways such as the mechanisms of recording and asking
ATFQs, avoiding bothering the human with repeated queries, and different
details in the architecture. We differentiated our approach from Parenting by
adding to our main novelties, i.e. the ideas of justifications and hypothetical
actions. However, as we discuss in Section 6.3, these ideas are not necessarily
tied to Parenting and can be explored in a more general context.

Our research regarding safety concerns has also a similar motivation with
the large body of literature in safe RL that does not rely on human feedback
[4–9, 74–79]. These works use safety constraints which have to be respected
during training and deployment, and are mainly modelled through the frame-
work of Constrained Markov Decision Processes (CMDPs) [15], where an
agent maximises the expected cumulative environmental reward while ensur-
ing that an expected cumulative cost is less than a threshold. For example,
CPO [5] optimises policies subject to long-term constraints using trust-region
updates; Wachi et al. [78] propose MASE, which uses uncertainty quantifica-
tion and an emergency-stop mechanism to avoid unsafe actions during training;
and SHAPO [79] makes on-policy safe RL updates to be pessimistic with
respect to the actor’s epistemic uncertainty (makes the policy update more
cautious about rare unsafe actions). Other examples include Lyapunov-based
constraints [6], barrier-function-based safe control [7, 75], curriculum-based
safe exploration [8], local generalised linear approximations for safe policy
optimisation [76], and safety-editor policies [77]. Although these methods are
highly relevant to safe exploration, they assume, apart from the safety con-
straints, the availability of an explicitly specified (well-defined) environmental
reward that defines the optimisation objective. This is a fundamentally dif-
ferent assumption from our setting, where no handcrafted reward is observed
during learning, but all learning comes from the human via preferences and
safety justifications before an action is taken.

6.2 Modelling Human Error

In this work, we assumed that human trainers possess a reasonable under-
standing of the environment and are capable of providing correct feedback in
response to the agent’s queries. This assumption is particularly appropriate
for controlled environments like the Island Navigation, where humans can con-
sistently recognise unsafe states and provide accurate feedback. However, as
tasks grow more complex, such as helicopter flight or intricate robotics tasks,
the potential for human error increases, and the performance of the learning
process may degrade accordingly.

In [47], the authors used a 10% probability of random mistakes in prefer-
ence answers. This approach highlights the impact of uniform error rates and



demonstrates that agents may still converge to a near-optimal policy despite
noisy feedback. A more sophisticated approach to modelling approximately-
rational human feedback uses the Boltzmann distribution, where the prob-
ability of selecting an option is linked to its exponentiated expected reward,
tempered by a rationality parameter β. In [80], human feedback is modelled
as a Boltzmann-rational policy, where the probability of selecting a partic-
ular action c∗ from a set of options C is proportional to exp(β · r(ψ(c∗))).
Here, ψ is a grounding function that maps human choices to trajectories, and
r(ψ(c∗)) represents the expected reward for a given choice. This formulation
provides a nuanced understanding of how humans act in a way that approxi-
mately maximises rewards, while accounting for bounded rationality and noise.
The Boltzmann Policy Distribution [81] extends this by addressing system-
atic suboptimality, where human feedback reflects consistent biases rather than
randomness. Trainers may favour suboptimal trajectories due to habits or lim-
ited understanding, and adjusting the rationality parameter β models this bias
more accurately by coupling actions over time rather than treating them as
isolated decisions.

With regard to preference learning, [82] employs a Boltzmann-like model
to simulate noisy preferences. Similar to the Boltzmann distribution, this
approach uses β to model the rationality of synthetic humans. Akin to the
uniform noise seen in [47] it also uses an ϵ as an error rate to capture the likeli-
hood of accidental mistakes. The study shows that methods such as PEBBLE
[49] noticeably degrade performance when wrong labels are provided, while the
extent of the degradation varies based on the specific design choices and task
setups. In our method, where preferences directly shape the policy without the
use of a reward model, noisy feedback could have a more immediate impact,
possibly increasing the number of steps required for learning when non-safety-
critical errors occur. Moreover, if a critical safety error occurs, such as falsely
neglecting to provide a warning, then the safety of the agent can be compro-
mised, as it may immediately execute a catastrophic action. However, the use
of justifications and hypothetical actions may reduce the likelihood of human
errors (at least accidental ones), as they explicitly ask the user to reflect on
whether an action is unsafe and thus act as an additional layer of cognitive
reasoning after the initial preference.

In [83] several techniques are introduced to handle noisy and inconsistent
preferences, including latent space regularisation and confidence-based reward
model ensembling. Although these ideas use a reward model, they could be
possibly adapted for our case, where we learn a policy directly from prefer-
ences. For instance, rather than using a reward model for ensembling based
on confidence, we can adapt this idea to weigh human feedback based on the
reliability of each specific feedback instance. That is, if a particular preference
and justification combined answer aligns well with the general trend or shows
consistency across similar situations, it would be assigned a higher confidence
score, whereas noisy or contradictory answers would be down-weighted. This
ensures that even if some feedback is unreliable, it won’t disproportionately



affect the policy learning process. Taking it a step further, unanswered queries
or queries with high uncertainty responses could be batched and reissued to
the human at a later time, when their understanding of the environment will
have improved. Additionally, if dealing with feedback from multiple annota-
tors, each annotator’s input could be adjusted according to their demonstrated
rationality or expertise level, giving more weight to answers from more reli-
able sources. Finally, if justifications are used along with preferences with a
learned reward model, instead of optimising directly the policy, (explained in
Section 6.3 in which cases that is feasible) then the latent space regularisation
idea from [83] could be used directly as well.

6.3 Justifications and Hypothetical Actions beyond
gridworld environments

We saw that the inclusion in preferences of justifications and HAs can signif-
icantly improve safety (and possibly performance in general if used not only
in terms of safety – Appendix B). In this section, we discuss whether and how
these ideas can work beyond discrete low-dimensional environments like the
Island Navigation and provide future directions after JPAL-HA. In JPAL-HA
we integrated the ideas of justifications and HAs with a couple of core elements
from Parenting. These were (i) the online querying method ((pBTFQ)

f(st) in
Section 3); (ii) the direct policy optimisation (Equation 2); and (iii) the issuing
of queries over state-action pairs (instead of over trajectories). As a result, in
order to understand whether justifications and HAs can work beyond gridworld
environments we need to ask first whether the additional time and human
burden is significant from the justifications and hypothetical queries in them-
selves; and second whether these techniques can be integrated in other scalable
settings regarding (i)-(iii), i.e. to work (i) offline, (ii) with a learned reward
model, and (iii) with queries over trajectories.

Regarding the first question, we have indeed seen that adding justifications
only slightly affects human burden and time as it requires a single additional bit
added to a preference query. In Section 5.8, we found that in actual time it took
the participants around 30% longer to complete training when justifications
were added. In other words, any algorithm which can scale in time with plain
preferences, will not face an issue by adding justifications; in the worst case
the time will double but still scale. As for HAs, scaling can be affected for
large actions spaces, but only if we intend to investigate a very big portion of
actions from an identified dangerous state. The formula in Equation 1 provides
a flexible way to moderate this, by customising αsafe, k and αstop to the action
space size and the safety severity of the environment. Thus, justifications and
HAs in and of themselves do not limit scalability.

Regarding the second question, although the settings (i)-(iii) we used in
JPAL-HA were convenient for the gridworld, they may restrict applicabil-
ity a lot of times. For example, as for (i), online querying and pausing to
answer can be both sample inefficient and not even possible in real-time safety-
critical domains like autonomous driving. Relating to (ii), Equation 2 risks



generalisation, as preferences may not transfer across similar states or tasks.
That is, distribution shift becomes an issue for JPAL-HA, and normally addi-
tional human feedback would be needed if the testing distribution differs from
the training one (e.g. the configuration of the Island Navigation environment
changes). Instead, using a reward model provides a latent global representation
that can often better generalise human feedback and enable the development
of a more transferable policy. Finally, regarding (iii), using a reward model
over trajectories captures the long-term consequences of actions by consider-
ing how actions in one state affect future states and rewards, providing more
strategic understanding of the task. Taking into account these factors, we now
present three directions that justifications and HAs can be used more broadly
without the aforementioned restrictions of JPAL-HA.

First, although it is not the main focus of this paper, we consider the case
that the environment is not safety-critical, and justifications, as explained in
Section 4.1 and Appendix B, are not necessarily related to safety. In such
cases, where experience from the agent can be safely gathered directly in the
real world, justifications can be easily integrated with preferences when using
a method such as PEBBLE [49] or any other work which improved on it [50–
55]. Precisely, after some optional unsupervised pretraining stage, experience
is stored in a replay buffer. Then segments of trajectories are formed from
that experience and shown to the user to provide feedback offline, and build
from that a reward model with the Bradley-Terry model. As justifications only
impact the preference ground-truth label µ and not the preference predictor
(i.e. Equation 3 in [49]), it is simple to integrate them with preferences, just by
using the mapping P × JP → µ (Section 4.1) or by using the generalised for-
mula for µ for an arbitrary number of justifications (Appendix B). With this
integration, performance and alignment are expected to improve. The frame-
work of HAs, since the environment is not safety-critical and the queries are
not answered online, is not anticipated to be as useful or applicable; however,
the idea of focusing on a region where an important justification was raised
with some other mechanism could still be considered.

Second, returning to the case of safety-critical environments, the restriction
related to (i) online querying and pausing to answer could be waived, if we
assumed the resource of a fallback safety mechanism. For instance, during
autonomous driving, in high-risk situations where the agent cannot query the
human trainer immediately, it could rely on a temporary guardrail, such as
slowing down or halting, while at the same time batching the queries it was
planning to ask. The ‘parenting’ querying method of issuing a query with
a higher probability in less explored states (Section 3, and more formalised
in Appendix A) could still be applied, but the queries would be batched for
slightly later. During following less critical moments, the agent could send the
batched queries to the human along with a visual snapshot or simplified map
to recall the earlier situation (this snapshot could be shown for example on a
display in the car). The human would then be able to respond with preferences
and justifications, and also use the HAs framework (i.e. for a given warning over



a preference, a follow-up justification query would be ‘if you had turned left in
that intersection a few seconds ago, would that have been safe’). This offline
querying would allow the agent to refine its policy without interrupting the
real-time flow, gradually replacing the broad fallback rules with more tailored,
safe actions learned through human preferences and justifications. However,
potential issues with generalisation due to (ii) direct policy optimisation and
(iii) querying over state-action pairs would still remain.

Third, again for safety-critical environments, we may assume the resource
of a dynamics model of the environment or the ability to learn one from safe
human trajectories, past failures or controlled unsafe trajectories (i.e. a vehicle
safely colliding with soft obstacles or a drone landing on padded barriers) as
in [84] (world model). Then inside this world model (not in the real world), a
reward model could be safely trained from human feedback, i.e. by using tra-
jectories drawn from the dynamics model. This reward model would then be
used to either learn a policy in the world model with traditional RL (i.e. as in
PEBBLE) and transfer it to the real world; or deploy the agent directly in the
real world with Model Predictive Control [85], by using the dynamics model to
sample some trajectories and the reward model to pick the one with the high-
est predicted return, as done in [26] and [16]. The human feedback for building
the reward model could include the justifications along with the preferences,
where a ‘warning’ would be assigned when at least in one of the two trajectory
segments the agent had passed from unsafe states, and a ‘no warning’ would
be given if both trajectories had been safe. In that case, µ would be shaped
differently again (than with plain preferences), and thus, safety would be bet-
ter encoded on the learned reward function. Although, similarly to the first
case, justifications can work with (i) a human answering completely offline, (ii)
a learned reward model and (iii) queries over trajectory segments, the limita-
tion in this case is the acquisition of data to construct an accurate dynamics
model and the reality-world model gap, since the reward model is learnt not
in the real, but in the simulated world. The HAs framework (hypothetical tra-
jectories in this case) although not as straightforward as in the second case,
could possibly be used again with certain modifications, if the issued pref-
erence and justification queries referred to trajectory segments starting from
the same state. This would be easier if we had both the resources of a fall-
back mechanism and a dynamics model, so that the user could reflect on a
slightly earlier dangerous moment and respond to justifications over hypothet-
ical trajectories generated from the dynamics model and the current policy.
To conclude, although we introduced justifications and HAs in a simple grid-
world case, we believe they can be integrated into more complex scenarios, the
evaluation of which is left for future work.



7 Conclusion

In the context of research which uses human preferences to train an agent
safely, we proposed two novel ideas: the use of justifications and hypotheti-
cal actions, which, combined into JPAL-HA, based on our evaluation improve
safety significantly and consider human burden. We focused on the safe
exploration problem and demonstrated through experiments in a simulated
environment that both the use of justifications and hypothetical actions signif-
icantly improves safety during the learning process. We showed that it does not
affect the human burden under the assumption that justifications and hypo-
thetical action queries place a marginal additional cost. In cases, where we
do not make this assumption, such as in the user experiments with a mobile
robot, the use of hypothetical actions still slightly reduces the overall training
time and ensures it remains within acceptable limits.
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Appendix A Generalising the querying method
to large and continuous spaces

In Section 3, we decided to use the same idea as [11] regarding the decision to
issue a BTFQ (i.e. issue a BTFQ with probability (pBTFQ)

f(st) with pBTFQ

being a hyperparameter close to 1), which was convenient for the evaluation in
a discrete and low-dimensional space, such as the one of the Island Navigation
gridworld. In this section, we present a more generalised formula based on
confidence, that can be applied to larger and continuous spaces.

In this formulation, to manage the balance between human oversight and
agent autonomy, we introduce a query probability formula based on confidence
c ∈ [0, 1]. The confidence term c reflects how familiar the agent is with a state or
region, and directly influences the probability pBTFQ(st) that the agent should
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Fig. A1 pBTFQ (probability of asking a BTFQ) vs c (confidence) at a specific state or
region

issue a BTFQ from state st to the human31. The relationship of pBTFQ(st) and
c is modelled in a way that mirrors the shape of a Butterworth filter response up
to the cutoff point. Here, the y-axis represents pBTFQ, and the x-axis represents
c. The relationship should smoothly decrease from pBTFQ = 1 at c = 0 to
pBTFQ = 0 at c = 1. To achieve this, we modified the Butterworth filter
by scaling its response. Specifically, from the original Butterworth magnitude
function 1√

1+c2n
we subtracted 1√

2
to shift the value at c = 1 (originally 1√

2
)

to 0. We then divided it all by 1− 1√
2

to rescale the entire response so that it

still remains 1 at c = 0, maintaining a smooth and controlled decline (Figure
A1). The resulting relationship after simplifications is given by the formula:

pBTFQ(st) =

√
2√

2− 1

(

1√
1 + c2n

− 1√
2

)

(A1)

Here, n is a tuneable parameter (analogous to the order of the filter) that
governs how aggressively the query probability decays as confidence increases,
and c is a measure of the agent’s familiarity with the environment at the
specific state or region. This confidence can take various forms, depending on
the environment and the task.

The parameter n allows us to control how much time and effort we want
to devote to human queries (reflects the willingness to answer queries). Higher
values of n will slow the decay of the query probability, meaning the agent will
continue to ask queries for a longer period, even as its confidence increases.
This is particularly useful in high-risk environments, where safety is a primary
concern, and the cost of an incorrect action could be catastrophic. On the other
hand, lower values of n will result in a faster decay of the query probability,
allowing the agent to query less frequently as it becomes more confident. This
is suitable for lower-risk environments where autonomy is preferred and the
human burden should be minimised.

In the discrete case, the action space size A is introduced as a decisive
factor, especially when it is large. The familiarity of a state f(st) can be
considered the number of actions that have been explored from st. Then, we
can define the confidence as:

31Here, pBTFQ = pBTFQ(st) is defined differently than in Section 3, where it was a
hyperparameter.
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c =
f(st)

A
(A2)

This formulation reflects the agent’s increasing confidence as it explores
more actions from a state. When the number of explored actions f equals
the total action space A, the agent reaches full confidence, meaning the query
probability becomes zero (Figure A2). Although this approach provides a
straightforward way to manage the exploration of action spaces in discrete
environments, more advanced and refined ways could be explored, such as
incorporating in confidence c the certainty from the agent’s policy.

In continuous spaces, a possible way to extend the concept of state famil-
iarity is by utilising a fixed-radius Nearest Neighbours approach. Instead of
counting queries or actions explored from a specific state as in the discrete case,
we count the number of previously visited states within a region of radius r
around the current state. In other words, for each state st visited by the agent,
we define familiarity as the number of neighbours (previously visited states)
that lie within a distance r from st. Mathematically, this is expressed as:

Neighbours(st, r) =

N
∑

i=1

I (d(st, si) ≤ r) (A3)

where d(st, si) is the distance between the current state st and a previously
visited state si, N is the number of visited states, and I(·) is the indicator
function, which equals 1 if d(st, si) ≤ r and 0 otherwise. The number of neigh-
bours is then normalised by a predefined value Nrequired, which represents the
number of neighbours required for the agent to feel fully confident in the region
defined by radius r.

The confidence c is then calculated as:

c =
Neighbours(st, r)

Nrequired
, (A4)

and is capped at 1, meaning that when the number of neighbours reaches
Nrequired, the agent is fully confident in the region. When the number of neigh-
bours is low, the confidence c is low, and the query probability pBTFQ(st)
remains high, prompting the agent to query the human more frequently in



unexplored regions. As the agent encounters more neighbours within the
radius, confidence increases, and the query probability decreases, reducing the
human’s burden in familiar regions. Although this method provides a simple
and interpretable way to adapt the query probability mechanism to continuous
environments, more sophisticated methods such as Kernel Density Estima-
tion [18] could further refine the confidence estimation, particularly in highly
dynamic environments.

Appendix B Generalisation to multiple
justifications

This section presents how the idea of justifications can be generalised to an
arbitrary number of justifications of different severity. Our goal is to determine
the preference label µ, i.e. how much the first action is preferred to the second,
using more than one justification. In Section 4.1 the only justification was
related to safety, and specifically was warnings whether the agent would end
up in water. In that case, we simplified the implementation defining µ in {0,
0.25, 0.5, 0.75, 1}.

As a motivating example, another justification could be related to the level
of battery of the robot, and whether it should go to recharge or not. In other
words, in a case of low battery of the robot, and a preference query between
one action (or trajectory segment) that goes towards a charging station and
one that goes immediately towards the goal state, the choice of the first has to
be justified. We can combine different justifications in one formula, by using
the indicator function and prioritising them by importance (severity). For
example, the justification regarding safety (actions leading to water), would be
considered more severe than the justification regarding battery. When a justi-
fication is present, then the justifications of lower severity should not affect µ.
For example, if the agent queries between an action that leads to water, and
one that is safe, it is irrelevant whether the battery level is low. Similarly, if
the battery level is low, and one action points towards the charging station,
whereas the other points elsewhere, the proximity to the final goal state is
irrelevant. As a result, we need some weights to define the severity of each jus-
tification, which would generally be standard values for common tasks, though
still fine-tuneable by human operators before training to accommodate the
peculiarities of the environment.

The goal proximity (i.e. choosing an action because it takes the agent closer
to the goal) is effectively also a justification, which we are implicitly considering
and need to give a weight too. As a result, for the justifications of safety,
battery and goal proximity, we can write:



µ = I(Js = 1)·
[

ws · I(P = 1st) + 0.5 · I(P = equal) + (1− ws) · I(P = 2nd)
]

+I(Js = 0) · {

I(Jb = 1)·
[

wb · I(P = 1st) +0.5· I(P = equal)+(1− wb) · I(P = 2nd)
]

+I(Jb = 0)·
[

wg · I(P = 1st) +0.5· I(P = equal)+(1− wg) · I(P = 2nd)
]}

,

(B5)

where Js, Jb ∈ {0, 1} are the justifications regarding safety and battery, respec-
tively, P ∈ {1st,equal, 2nd} is the preference, and ws, wb, wg ∈ (0.5, 1] are the
justification weights corresponding to the severity of safety, battery, and goal
proximity, respectively, with ws ≥ wb ≥ wg. A sensible choice could be ws = 1
(meaning it is imperative to prefer actions that do not point to water), wb = 0.9
(meaning it is serious to prefer actions that will not leave the robot without
battery), and wg = 0.7 (meaning it is important to prefer actions that move
towards the goal state).

The Js, Jb and P receive values from the human input. The user could
either be asked about all justifications separately, starting from the most severe
one, and answering with a binary signal (similar to ‘Warning’ and ‘No warn-
ing’ used in Section 4.1). However, a more efficient approach is to always give
the preference, and then give the specific justification (reason) for that pref-
erence32. For example, on the question ‘Up or Left? ’ the answer would be: ‘I
prefer Left because of low battery’ ; this requires only two ‘clicks’ (one for
the preference and one for the justification) instead of a click for every justi-
fication. In this case, all the justifications of higher severity would be satisfied
(i.e. there are no safety issues; none Up and Left point to water) and all the
justifications of lower severity would be irrelevant (i.e. it does not matter if Up
or Left goes faster to the goal as long as the battery is low). Investigating this
in more detail:

– If Js = 1, the preference label µ is determined by safety considerations, with

weights: ws for P = 1st; 1− ws for P = 2nd; and 0.5 for P = equal.
– If Js = 0 and Jb = 1, the preference label µ is determined by battery con-

siderations, with weights: wb for P = 1st; 1− wb for P = 2nd; and 0.5 for
P = equal.

– If Js = 0 and Jb = 0, the preference label µ is determined by goal proximity

considerations, with weights: wg for P = 1st; 1− wg for P = 2nd; and 0.5
for P = equal.

We mention that in the Island Navigation case of Section 4.1, we considered
only the justifications of safety and the default one of goal proximity, with
ws = 1 and wdef = wg = 0.75.

The formula can be easily generalised for an arbitrary number N of
justifications. Let:

32The other way, i.e. first give the specific justification and then the preference, is also perfectly
feasible and potentially slightly faster in time depending on the way we build the user interface.
For example, the default justification could be the goal proximity (most common) and in that
case one click for the preference would be enough.



• Ji be the i-th justification, where i ranges from 1 to N .
• wi be the weight associated with the i-th justification.
• I(·) be the indicator function.
• JN be the default justification with I(JN = 1) being implicitly always 1

without need for human input.
• P be the preference.

Then, with decreasing safety severity (w1 ≥ w2 ≥ · · · ≥ wN ), the preference
label µ is given by:

µ = I(J1 = 1)·
[

w1 · I(P = 1st) + 0.5 · I(P = equal) + (1− w1) · I(P = 2nd)
]

+ I(J1 = 0) · I(J2 = 1)

·
[

w2 · I(P = 1st) + 0.5 · I(P = equal) + (1− w2) · I(P = 2nd)
]

+ I(J1 = 0) · I(J2 = 0) · I(J3 = 1)

·
[

w3 · I(P = 1st) + 0.5 · I(P = equal) + (1− w3) · I(P = 2nd)
]

+ . . .

+ I(J1 = 0) · I(J2 = 0) · · · · · I(JN−1 = 0) · I(JN = 1)

·
[

wN · I(P = 1st) + 0.5 · I(P = equal) + (1− wN ) · I(P = 2nd)
]

(B6)

The impact of justifications on safety

We also provide a theoretical explanation of why policy models learned from
preferences augmented with safety justifications can promote safer behaviour
than those learned from plain preferences alone. We show this in the case of a
single safety justification (e.g. an action leading to water without other safety
concerns), while the extension to multiple justifications follows analogously.
Let µ ∈ {1− ws, 1− wdef , 0.5, wdef , ws} ⊂ [0, 1] be the preference label with:

• ws: the weight corresponding to preferences that are justified from a safety
factor (e.g. dropping to water).

• wdef : the weight corresponding to a default justification (e.g. reaching the
goal faster).

• ws > wdef .

Let the embraced memory X with samples of the state, the two queried actions
and the preference label (s, a(0), a(1), µ) be partitioned into:

• Xsafety : samples of queries with at least one unsafe action (justified by a
safety factor).

• Xdef : samples of all other queries with both actions safe (justified by the
default factor).



Then, following Equation 2, the cross-entropy loss used to train the policy
model becomes:

Lπ =−
∑

(s,a(0),a(1),µs)∈Xsafety

µs log p[P = 1st]+(1−µs) log p[P = 2nd]

−
∑

(s,a(0),a(1),µdef )∈Xdef

µdef log p[P = 1st]+(1−µdef ) log p[P = 2nd],
(B7)

where µs ∈ {1 − ws, 0.5, ws} and µdef ∈ {1 − wdef , 0.5, wdef }. For non-
indifferent safety-justified preferences (i.e. when P ̸= equal and Js = 1), µs

is further from 0.5 than µdef , since ws > wdef > 0.5. For the binary cross-
entropy term, the gradient with respect to the preference logit is p[P = 1st]−µ.
Hence, when the policy model is uncertain, safety-justified samples introduce a
higher gradient magnitude, and thus the loss puts more pressure on the policy
model to fit the safety-relevant preferences (acting similarly to an importance-
weighted objective). As a result, safety justifications encourage the policy
model to prioritise safe behaviour, which can explain the fewer unsafe events
we observed in the experiments when justifications were used.

Appendix C Experimental Details

C.1 Parenting, JPAL and JPAL-HA

As described in Section 5.1, the Parenting’s components (architecture, learning
rate, learning steps per epoch, and the methods for recording and querying
ATFQs) were initially fine-tuned extensively and applied to JPAL and JPAL-
HA as well to ensure fair comparisons amongst all methods. The policy model
π(a |s) is the one used in [11]. It is the average of two components. The first is a
global component which is a CNN, mapping the board state to the actions; the
board state is converted to an One-Hot Encoding form where, for each object
(Agent, Goal, Wall, Free road, Water), a different matrix of zeros and ones is
created. The CNN consists of four convolutional layers with 16, 32, 64, and
64 kernels, respectively. The kernel size is 3× 3 with a stride of 1. Padding is
used to bring the spatial dimensions to 2×2 before the final convolution. Each
convolutional layer is followed by a rectifier nonlinearity activation. The final
hidden layer is fully-connected with 64 rectifier units, and the output layer has
4 neurons corresponding to the number of actions. The second component is
a local FNN with input being the type of object in the four neighbouring cells
of the agent, one hidden layer of 64 units, and four output neurons.

We tested the Parenting, JPAL and JPAL-HA algorithms with two different
hyperparameter settings: a conservative setting (pBTFQ = 0.95, pREC = 0.8,
pATFQ = 0.8) and a relaxed setting (pBTFQ = 0.8, pREC = 0.5, pATFQ = 0.5).
The key parameter is pBTFQ, which balances safety with human burden. A



higher pBTFQ increases the number of BTFQs, enhancing safety but requir-
ing more human input, while a lower pBTFQ reduces BTFQs, but potentially
increasing the risk.

For JPAL-HA, the hyperparameters used for the stopping condition
(Equation 1) were αsafe = 0.5, k = 2 and αstop = 1. For optimisation, we used
the Adam optimiser with a learning rate of 0.001 and the default initialisation
of parameters. As the number of samples in the embraced memory dataset X
may grow in each interaction step, we created a rule for the number of train-
ing epochs per step, instead of keeping them constant. Specifically, in steps
that X was not extended we only trained for 1 epoch, while in other cases we
followed the rule:

epochs = ⌈wepoch · (|X|current_step − |X|previous_step)⌉, (C8)

where wepoch was set to 9 after some experimentation. This helped the algo-
rithm to converge faster to the optimal policy. We also found it slightly
beneficial to use a learning rate scheduler, whereby when the embraced mem-
ory X is not updated for 20 steps, the learning rate is increased by 10 and the
number of epochs is increased to 40 for that step. In general, we observed that
small changes in the hyperparameters pREC , pATFQ, wepoch and the learning
rate scheduler negligibly affected the output.

To avoid rare trials in which the agent gets stuck in a loop of bumping into
the same wall cell or going back and forth between two cells, we implemented a
simple mechanism that sensed such occasions, i.e. staying at the same state for
more than one step or returning to the previous state. This mechanism during
a BTFQ kept the human preferred action and also replaced the un-preferred
sampled action with a new action from the agent’s policy model. We did this
in a loop until a new entry appeared in the embraced memory X , allowing
the training to smoothly continue. We believe this is a sensible and practical
assumption that could also be implemented for stochastic environments, i.e.
by observing the local area, as the agent could utilise simple memory rules or
the human could take action as a special case.

C.2 Human Intervention RL

As described in Section 5.7, Human Intervention RL (HIRL) [21] follows a
three-stage learning process: (i) the agent initially develops a policy through
standard RL methods while a human supervisor monitors its actions, blocking
any catastrophic ones and suggesting an alternative action (typically the best
one when they understand the environment); (ii) the agent pauses and a binary
catastrophe classifier is trained using supervised learning on the intervention
data collected from Stage (i); and (iii) the agent resumes learning, but now
the human supervisor is replaced by the catastrophe classifier, which acts as
a safety monitor. As the authors in [21] note, in Stage (i) the agent slows
down to leave enough time for the human to act. The human’s judgement of
actions in each state as ‘safe’ or ‘catastrophic’ creates a dataset used to learn
the governor in Stage (ii). During learning in Stage (i) the catastrophic action



is also penalised with a high negative reward (-50 in our experiments) as if the
action had been really taken so that the agent both learns a policy to avoid
catastrophic actions and builds the governor.

For the comparison with JPAL-HA, we used the same technique as the
HIRL authors of passing the input state of the classifier through several con-
volutional layers to output a vector, and then concatenating that vector with
the one-hot-encoding vector of the corresponding input action. After the con-
catenation, three more linear layers were used. We used the sigmoid function
at the output, Binary Cross Entropy loss as the objective function, 200 epochs,
the ADAM optimiser with learning rate=0.01 and Q-learning as the RL algo-
rithm with the same settings as in Section 5.2. The optimal human behaviour
for HIRL was simulated in the same way as for JPAL-HA.

Appendix D Additional Results and Discussion

This section presents additional results and discussion, focusing on the mech-
anism of detecting deadly patterns (Section D.1) and further testing in more
configurations of the Island Navigation environment (Section D.2) and other
environments (Section D.3).

D.1 Detecting deadly patterns

In Section 4.2 we described as part of hypothetical actions the mechanism
of detecting deadly patterns; i.e. dynamically storing patterns in the Dan-
ger Memory D and avoiding them, without the need of human input. Figure
D3 shows three characteristic examples, where such a technique is useful. In
Figure D3a the deadly pattern dp = (Left ,Right) is likely stored during the
first step of ‘crossing the bridge’ and then checked all along the way. Simi-
larly, in Figure D3b once the deadly pattern dp = (Left ,Down) is stored in
D, it is continuously automatically detected throughout the path to the goal
state. This means that not only are such patterns always avoided, but also
the human is not bothered answering a preference query about this combi-
nation (although they do need to provide information about the other cells,
as in HAs). For 1000 trials ran using the conservative setting, both of these
environments gave trends of training deaths and number of queries for Parent-
ing, JPAL and JPAL-HA similar to the original configuration (Figure 1). The

only difference was now that in JPAL-HA P
(DP)
add and J

(DP)
anew were compara-

ble or even exceeded P
(BTFQ)
add and J

(BTFQ)
anew , respectively. Similar observations

were made in Figure D3c where the mechanism is even more useful, as once

dp = (Left ,Right ,Down) is detected, then only one J
(DP)
anew query about the

fourth safe action is required when a pattern state is met, in order to map out
the whole dangerous area. As a result, we can exploit this technique to both
improve safety and reduce the number of queries issued.



(a) (b) (c)

Fig. D3 Characteristic examples of detecting deadly patterns

D.2 Training in more Island Navigation maps

In this section we train in three more maps of the Island Navigation environ-
ment (Figure D4) and investigate if the results agree with the conclusions from
Sections 5.3, 5.4, 5.6, 5.8 and 5.9.

For the maps of Figures D4a and D4b, the results are shown in Table D1
for the conservative setting (pBTFQ = 0.95, pREC = 0.8, pATFQ = 0.8). We
observe that trends remain mostly consistent with each other and consistent
with the analysis in the original map (Figure 1). For example, the train-
ing deaths decrease with the inclusion of justifications in JPAL and further
decrease with the inclusion of hypothetical actions in JPAL-HA. The over-
all steps, feedback time and training time until optimality increases in JPAL,
but then drops in JPAL-HA. The results from the map of Figure D4a seem
very consistent with the ones of the original map, but in Figure D4b the pos-
itive impact of hypothetical actions is even stronger. That is, we see that for
Figure D4b the overall steps and preferences of JPAL-HA are even less than
Parenting, and the decrease in feedback time and training time from JPAL is
much more notable. The above has a reasonable explanation. All maps have
the same dimension (7×9); Figure 1 has 11 cells not neighbouring with a water
cell, Figure D4a has 10 cells (almost the same), but Figure D4b has only

(a) (b) (c)

Fig. D4 More Island Navigation maps.



Table D1 Average number of training deaths, preferences (P ), justifications over
preferences (JP ), justifications over hypothetical actions (Janew ), human-feedback time,
training time and overall steps for training in the configurations of Figures D4a and D4b
until the optimal policy is found; mean and standard deviation are reported over 200 trials.
All trials used the conservative setting.

Configuration of Figure D4a Configuration of Figure D4b

Parenting JPAL JPAL-HA Parenting JPAL JPAL-HA

Training deaths 0.10± 0.34 0.04± 0.21 0.03± 0.17 0.24± 0.46 0.14± 0.41 0.07± 0.27
P 40.06± 6.38 50.15± 10.26 46.29± 8.20 52.20± 6.12 55.10± 7.85 46.27± 6.03
JP − 50.15± 10.26 40.70± 7.85 − 55.10± 7.85 36.62± 5.60
Janew − − 9.65± 2.51 − − 15.56± 2.85
Feedback time (s) 153.43± 24.45 249.75± 51.07 247.74± 44.54 199.93± 23.45 274.42± 39.10 257.43± 34.55
Training time (s) 258.41± 54.10 385.79± 90.18 366.07± 75.72 343.38± 60.24 433.32± 84.88 370.25± 62.99
Overall steps 52.49± 16.12 68.02± 20.59 59.16± 16.94 71.72± 20.07 79.45± 24.60 56.41± 16.49

Table D2 Average number of training deaths, preferences (P ), justifications over
preferences (JP ), justifications over hypothetical actions (Janew ), human-feedback time,
training time and overall steps for training in the configuration of Figure D4c until the
optimal policy is found; mean and standard deviation are reported over 200 trials.

JPAL (pBTFQ = 0.95) JPAL-HA (pBTFQ = 0.95) JPAL-HA (pBTFQ = 0.99)

Training deaths 0.07± 0.27 0.03± 0.17 0.00± 0.00
P 54.51± 16.57 47.63± 14.60 49.05± 14.87
JP 54.51± 16.57 38.87± 12.49 40.02± 12.58
Janew − 14.48± 5.38 14.83± 5.69
Feedback time (s) 271.46± 82.50 262.61± 80.53 270.24± 81.69
Training time (s) 409.22± 136.48 379.16± 129.59 390.70± 127.62
Overall steps 68.88± 28.05 58.27± 26.19 60.23± 24.59

one. Because JPAL-HA knows how to handle situations close to water more
efficiently than Parenting and JPAL, its effect will be stronger.

In the map of Figure D4c we increased the dimension to 10×10, and placed
a couple of water cells. We found that Parenting significantly struggled, yield-
ing at least one death in 1/3 of the trials, and many deaths within some trials
without being able to complete training within a predefined number of 15
episodes in some of them. So we do not compare the metrics directly with JPAL
and JPAL-HA which had the expected behaviour. As we can see in the first
two columns of Table D2, in the conservative setting (pBTFQ = 0.95) JPAL-
HA had the usual improvement compared to JPAL in all metrics. Finally, to
confirm that additional queries can decrease the training deaths even further,
we ran JPAL-HA with pBTFQ = 0.99. As we can see in the last column, train-
ing deaths reached zero, which however requires a small increase in the rest
of the metrics representing human input and time. This is consistent with our
findings regarding the trade-off between human burden and safety, i.e. that
more queries will typically lead to better safety. We note, however, that only
pBTFQ = 1 guarantees no deaths.33 Also, as we explained in the main text,
Appendix A proposes a method for future work based on confidence in a state
or region, that aims to untangle the choice of pBTFQ from the nuances of the
environment.

33That is, it is not guaranteed that with pBTFQ = 0.99 for more trials deaths would remain
zero.



(a) The Off-switch Environ-
ment. A: Agent, Red: Ini-
tialisation cell, Gold: Goal,
Green: Wall, Grey: Free road,
Orange: Interruption, Light

Blue: Button

(b) The Absent Super-
visor Environment. A:
Agent, Red: Initialisa-
tion cell, Gold: Goal,
Green: Wall, Grey:
Free road, Yellow:
Punishment

Fig. D5 More environments in which JPAL-HA was evaluated.

D.3 Testing JPAL-HA in more environments

We also wanted to test JPAL-HA in some more gridworld environments (Figure
D5) from [14]. Even though the main problem of safe RL is safe exploration
which was modelled by the Island Navigation Environment (Figure 1), there
are more problems regarding the agent alignment problem (aligning the agent’s
behaviour with the human intentions) [13] that sometimes need to be consid-
ered. Since these problems mainly derive from a misspecified environmental
reward function and JPAL-HA does not use such a reward, it was unlikely to
face issues with these problems. However, we tried two of them.

Figure D5a illustrates the unsafe interruptibility problem modelled by the
Off-switch environment, where a traditional RL agent learning to go towards
the goal is interrupted by 50% chance at the orange cell and receives a -1
reward until the end of an episode that it is interrupted. That would incentivise
it to go to the light blue cell and press the button, which would disable the
interruption. However, in the real world an interruption like that might be
useful for the reasons of repair, upgrade, recharge the battery, etc. JPAL-HA,
which is driven by a human, in a few only episodes learns to always avoid the
light blue cell and go immediately towards the goal, for the reason that there
is no reward in an episode that an interruption needs to be done.

Finally, the Absent Supervisor environment in Figure D5b is an abstraction
of the absent supervisor problem. Specifically, in the presence of a supervisor,
the RL agent would go right taking the long route to the goal in order not
to receive a punishment of -30 at the yellow cell. However, knowing that the
supervisor is absent, it would take the short one knowing that there is no
punishment. The supervisor is present with probability 50%. With JPAL-HA
the agent does not get tempted to take the risky short route as the human



teaches it to take the safe long one. As we observed upon deployment, after a
few preference queries it never took the short way of punishment even when
the supervisor was absent.

Appendix E Current and future impact

In an outreach activity at the Southampton Science and Engineering Festival
2022, 60 participants, including both children and adults, successfully trained
the Thymio robot [27] using the JPAL-HA model in a slightly smaller gridworld
than that of Figure 1. Similarly did nine high-school students aged between 16
and 19 during an educational trip at the University of Southampton. Partici-
pants could interact both via clicking on the laptop’s interface or via natural
language through a headset microphone. We observed an easy grasp of the
training procedure from people of all ages and background knowledge and
contributed to the public awareness of Human-in-the-loop AI, Human-Agent
collaboration, AI Safety and other related notions.

RL is a very strong tool, but careless use of it can have unpredictable
results. Accidents that have involved autonomous systems in the past have
decreased the public’s trust in them. All applications involving a learning agent
for decision-making should take into account safety. The ideas and frameworks
proposed in this paper, using a human in a standardised way to improve safety,
points towards that direction of increasing the public’s trust. Moreover, even
though robots will most likely replace a lot of human jobs in the future, the
human-agent interface we are proposing is directed at employing people to
train agents efficiently. Apparently, people would be able to train intelligent
agents with the only requirement to understand the environment reasonably
well and be able to answer preference and justification queries.
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