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1 INTRODUCTION
When humans have an accurate mental model of a robot, their
subsequent interactions with this robot are safer and more seamless.
In particular, giving human end-users an accurate mental model
of a robot’s capabilities is key to establishing an appropriate level
of trust in the robot [5]. Establishing appropriate levels of trust
in robots is essential: if end-users do not trust a robot, they may
unnecessarily interfere with its operation, and will fail to take
advantage of all its capabilities [2]. On the other hand, if end-users
over-trust a robot, they will expect it to act correctly in situations
that it in fact cannot handle, which leads to unexpected behavior,
and perhaps injuries and damage.

Establishing appropriate trust is particularly challenging when
the robot has learned a complex black-box policy. To decide how
much to trust a learned policy, we need to know whether it has
figured out the correct actions to take. Unfortunately, it is impossible
to examine what the robot would do in every possible state.

Our insight is that the end-user does not need to know what
the robot would do in all states. For many tasks, in most states
the ultimate outcome of the task is similar, regardless of which
action the robot takes locally. But there are a few states—critical
states—where it really matters which action the robot takes.

For instance, imagine an autonomous car driving down a high-
way. When no vehicles are nearby, it does not matter whether the
car maintains its speed, speeds up or slows down slightly, or turns
slightly to the right or left. In contrast, if the vehicle in front slams
on its brakes, the autonomous car must immediately slow down.
The latter is clearly a critical state, whereas the former is not.

Usually when end-users are introduced to a robot, they are only
told summary statistics of this robot’s performance. For instance, a
potential passenger may be told that a particular autonomous car
has driven more than a million miles, without causing any accidents.
Without more information, this passenger has no way of knowing
what kinds of states this car still cannot handle.

As end-users observe and interact with a robot over time, they
will gradually improve their mental model of it [1], just as they do
when observing other humans [4]. However, it may take a while
for them to learn a sufficiently-accurate mental model. The hope
is that we can speed up this process by exposing humans to more
informative examples of the robot’s behavior.

To this end, we propose showing end-users how the robot acts
in critical states, to give them a better understanding of what it has
learned, and enable them to decide which situations to trust the
robot in. After seeing how a robot acts in critical states, a potential
user may decide that this robot is not trustworthy, and decline to
use it. Or, in human-in-the-loop setups—for instance, a passenger
riding in a self-driving car, or an engineer supervising several robot
arms in a factory—this ensures users are well-equipped to decide
when they need to take control over the robot’s operation.

2 COMPUTING & USING CRITICAL STATES
Notation. For a state space S and action spaceA, a robot’s policy
π is a stochastic function mapping each state to a distribution over

actions (π : S → ∆A , where ∆A is the probability simplex on A).
We assume this policy is trained through maximum entropy rein-
forcement learning, so it maximizes expected cumulative reward
while acting as randomly as possible [7]. This leads to a policy with
meaningful critical states, since it learns to act randomly in states
where the action has little impact on return, and to act purposefully
in states where the action does have a major impact on return.

2.1 Computation of Critical States
Policy-Based. Recall that critical states are those in which a policy
(or human) greatly prefers a small set of actions over all others. A
natural definition for the critical states of a policy π is thus

Cπ = {s | H(π (·|s)) < t}, (1)

where H(π (·|s)) is the entropy of the policy’s output action distri-
bution at state s , and t ∈ R is the threshold for being “critical.”
Value-Based. Certain reinforcement learning approaches for train-
ing policies, such as actor-critic methods, also learn a value or
action-value function in parallel to (or instead of) learning a pol-
icy [6]. If we define critical states more concretely as those in which
acting randomly will produce a much worse result than acting
optimally, then the set of critical states Cπ for a policy π is:

Cπ = {s | (max
a

Qπ (s,a) −
1
|A|

∑
a

Qπ (s,a)) > t}, (2)

where Qπ is the learned action-value function. If the action space
is continuous, this can be applied after discretization.

2.2 Using Critical States
We assume a human expert at the task. Let Ch be the set of states
that they consider critical. We do not know what Ch is—in fact, this
may differ across human end-users—so we cannot check whether
Cπ and Ch are the same. However, what we can do is expose the
human to Cπ . Below, we describe the interaction we envision.
Decline to Deploy. Before using a robot that has learned a policy
π , the human end-user first gets to observe its actions in the states
it considers as critical, Cπ . If the human spots false-positive or
false-negative critical states (i.e., states that are in Cπ but not in
Ch or vice versa), then they can decline to deploy the robot. False-
negative critical states are more worrisome than false-positives,
but both types indicate that the robot has failed to learn something
fundamental about the task, and thus perhaps should not be trusted.
Similarly, if the policy identifies a true-positive critical state but
is mistaken about which action is correct in that state, then the
end-user will observe that and not trust the policy as a result.
Take Control. We are also interested in the case where Cπ does
not have any obvious false-positive, false-negative, or incorrect-
action critical states, and the user decides to go ahead and deploy the
robot, but the robot operates with the user in the loop. At execution
time the user is able to take control from the policy whenever she
deems it necessary. Because she has observed how the policy acts
for states in Cπ , the user is better equipped to take control when
necessary, and refrain from doing so when not necessary.
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Figure 1: Critical states of the two trained policies in the user study, and participants’ responses for whether they would take control of the policy at critical query states.

2.3 Justification of Critical States
Critical states should give users enough information to take control
when necessary at execution time. Note that at execution time, any
state s encountered by the robot must fall into one of three cases:
(1) s < Ch , (2) s ∈ Ch and s ∈ Cπ , or (3) s ∈ Ch and s < Cπ .

In case (1), the user does not consider this state to be critical, so
by definition they do not care which action the policy chooses and
will refrain from taking control. In contrast, in cases (2) and (3), the
user does consider this state to be critical, and cares about which
action the policy takes. Since the user has observed (and approved)
the policy’s actions for states in Cπ , they should trust the robot
in case (2). In case (3), s is a false-negative critical state that the
end-user forgot about when approving this policy. Since this is a
critical state that the policy does not know is critical, they should
take control from the policy immediately.

If the user had not been able to observe how the policy acts for
states in Cπ , then they would not be able to distinguish between
when they absolutely must take control (states in case (3)), and
when they should not but may be tempted to (states in case (2)).

3 UTILITY OF CRITICAL STATES
We run a user study to evaluate the utility of showing the critical
states of a policy π against other options of exposing end-users
to the policy, in terms of establishing appropriate trust. We train
two neural network policies for a driving domain, and hypothesize
that critical states are best at helping people figure out which one
is better. We train these policies using Soft Actor-Critic, and use
Gaussian mixture policies with four components [3]. We use the
value-based approach to compute their critical states (Sec. 2.1).

In practice, critical states in Cπ may be very similar to each other,
so instead of showing all states in Cπ to the human, we first cluster
them (with k-means++) and then show the policy’s behavior in
the most critical state from each cluster. We use the output of the
neural network policy’s last hidden layer as features for clustering.
We end up showing ten critical states per policy.
Experimental Design. The study consists of three phases. In the
query phase, we introduce participants to the task and ask them, for
several states, whether they consider it critical to take a particular
action in that state. This is to get a sense of what Ch is across
participants. In the exposure phase, we introduce participants to a
policy, for instance by showing them its critical states. Finally, in
the test phase, we ask participants whether they would take control
from the policy, for each of the states shown in the query phase.
Manipulated Variables. We manipulate two variables: how a
user is exposed to the policy, and its quality. For exposure type, we
compare our approach of showing critical states to two baselines:

showing a one-minute rollout of the policy, and showing how the
policy acts in random states, rather than critical ones. These two
baselines are meant to approximate the states a user would happen
to encounter as they observe and interact with the robot over time.

For policy quality, we train a policy πA for 10,000 iterations, and
a policy πB for only 3,000. Both achieve similar task performance,
but πB fails in a few simple traffic scenarios, that πA has learned to
navigate successfully. Fig. 1 shows a subset of each policy’s critical
states. We see that CπB contains false-positives, and on average is
comprised of simpler driving scenarios, which suggests that it may
not be able to handle more challenging ones, like those in CπA .
Dependent Measures. We measure trust objectively, with which
states participants choose to take control in during the test phase.
This test phase simulates execution-time: after the end-user has
already chosen to deploy the policy, and is now supervising it.
Hypothesis. Showing users a policy’s critical states establishes
appropriate trust, compared to other approaches of exposing users
to policies. Appropriate trust means participants trust πA over πB .
Subject Allocation. We used a between-subjects design for expo-
sure type, and within-subjects for policy quality to reduce variance.
We recruited a total of 60 participants across the three conditions,
via Amazon Mechanical Turk. The average age of the participants
was 32.5 (SD = 6.7). The gender ratio was 0.27 female.
Analysis. We asked participants whether they would take control,
at each query state (Fig. 1). We ran a two-way repeated-measures
ANOVA for the combined responses across the critical query states,
and find a significant effect for exposure (F(2,57) = 5.57, p = 0.006)
and a significant interaction effect for exposure and policy quality
(F(2,777) = 5.30, p = 0.005). We ran a post-hoc Tukey HSD: when
participants see critical states, they take control significantly more
for policy πB (p = 0.001), but this is not true for either baseline.

This suggests that showing humans the critical states of a pol-
icy leads them to trust the policy more, but also enables them to
appropriately calibrate their trust for good and not-as-good policies.
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