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Summary

In human-Al interaction, a low-trust environment could emerge when users are uncertain
about the agent’s capabilities, intentions, or reliability. This may hinder not only effective
collaboration but also the adoption of extremely beneficial systems. In this study, we present
a general framework to model such environments and a strategy to improve user trust, namely,
through signaling behavior. Specifically, we propose two signaling techniques for an Al agent
in low-trust environments. The first strategy is called preemptive commitment, in which the
agent attempts to drive itself into a state from which it cannot violate any of the normative
contracts. The second strategy is called legible avoidance, which involves the agent conveying
that it is not trying to violate a contract in the normative contracts by moving away from the
object of interest. We evaluated the performance of these strategies across standard MDP
planning benchmarks and conducted a user study to investigate how users perceive preemptive
commitment and legible avoidance signaling techniques, particularly their trust level when the
agent demonstrates these techniques.

Our experimental results suggest that legible avoidance behavior, while computationally
more expensive to compute, is preferred over preemptive commitment and optimal behavior
across multiple dimensions.

Contribution(s)

1. We formalize the notion of low-trust environments and trust violations for MDP planning,
propose the notion of normative contracts, and use it as a way to define signaling behaviors.
Context: Human-AlI Interaction, Human-Robot Interaction.

2. We identify two classes of signaling behavior, namely, preemptive commitments and legible
avoidance. We also develop methods to generate such behavior for a given agent’s MDP
and a set of possible normative contracts.

Context: Similar notions have been used to communicate goals (cf. (Dragan et al., 2013)),
but not to specify what the agent is trying to avoid.

3. We conducted computational experiments to identify trade-offs among the behavior gener-

ation methods. We also performed a detailed user study to identify how people perceive the
different behavior types.
Context: Empirical evaluation of interpretable/legible agent behavior and human trust
in Human-Robot Interaction (Dragan et al., 2013; Hancock et al., 2011). We use well-
established psychometric tools to measure human trust. Human trust is usually represented
as a multi-dimensional measure using dimensions like predictability, reliability, faith, and
overall trust (Muir, 1994).
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Abstract

In human-Al interaction, a low-trust environment could emerge when users are uncer-
tain about the agent’s capabilities, intentions, or reliability. This may hinder not only
effective collaboration but also the adoption of extremely beneficial systems. In this
study, we present a general framework to model such environments and a strategy to
improve user trust, namely, through signaling behavior. Specifically, we propose two
signaling techniques for an Al agent in low-trust environments. The first strategy is
called preemptive commitment, in which the agent attempts to drive itself into a state
from which it cannot violate any of the normative contracts. The second strategy is
called legible avoidance, which involves the agent conveying that it is not trying to
violate a contract in the normative contracts by moving away from the object of inter-
est. We evaluated the performance of these strategies across standard MDP planning
benchmarks and conducted a user study to investigate how users perceive preemptive
commitment and legible avoidance signaling techniques, particularly their trust level
when the agent demonstrates these techniques.

1 Introduction

A low-trust environment is a setting in which individuals or entities interacting within it lack con-
fidence in others’ intentions, reliability, or competence. This characterization aligns with standard
definitions of trust as confidence in others’ intentions and reliability (Rotter, 1967; Rousseau et al.,
1998) and accounts of trustworthiness that emphasize ability or competence (Mayer et al., 1995).
Individuals in a low-trust environment tend to feel anxious or threatened by others’ actions and may
assume that others have harmful intent in their behavior (Fermin et al., 2022), which, in turn, can
lead to reduced or no collaboration. Similarly, in human-Al interaction, a low-trust environment
could emerge when users are uncertain about the agent’s capabilities, intentions, or reliability. Thus
hindering not only collaboration but also the adoption of extremely beneficial systems.

In existing human-Al collaboration, the primary tool for engendering trust in Al systems remains
explanations (Ferrario & Loi, 2022; Cheung & Ho, 2025). While explanations have been shown
to be effective in communicating agents’ competence and capabilities (Qin et al., 2025), they do
not provide adequate tools to address low trust arising from the user’s suspicion of the Al system’s
intent. After all, a robot claiming to mean no harm is unlikely to calm a person convinced that the
robot is out to get them. Thankfully, economics and game theory have identified various tools that
can be leveraged in such situations (Johnson & Mislin, 2011; Han et al., 2021). Chief among them
is that of signaling behavior (Wojtowicz & DeDeo, 2025), in which an agent performs a set of costly
actions to implicitly communicate its intentions.

In this paper, we will look at how one could account for the automatic generation of such behavior
during the planning of agent behavior. To do so, we will start by formalizing the notion of planning
in low-trust environments. A key part of the formulation is a set of implicit behavioral expectations
that the human places on the robot, that they do not want the robot to violate. Consider the cleaning
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robot visualized in Figure 1. There is an expectation that the robot will not steal the valuables
the user placed in their safe for its programmers. We will refer to such expectations as Normative
Contracts (NCs). The goal of our formulation is to generate behaviors that signal to the user that the
robot is not trying to violate such contracts.

As we will see, our formulation naturally gives rise
to different intuitive strategies to signal their inten-
tion not to violate NCs. The first one would involve 9 Goal— e
taking an action early on that will limit their ability Valuable items T
to violate NCs (in the given example, this may in-
volve closing the door to the room containing the
valuable items), and the other would involve pri-
oritizing communicating their intent not to violate
NCs at each step. In the example, this would in-
volve moving away from the room entrance as early
as possible, then proceeding to their eventual goal
through an alternate route. We will refer to the first
strategy as Preemptive Commitment and the other as
Legible Avoidance.

FLim|

Our paper will introduce planning methods for each
of these two distinct strategies. We chose to focus

on developing planning algorithms as the first step, h
as we believe this would provide a solid theoreti- @ optimal behavior @-> tegibility
cal foundation for later developing learning methods @-> preemptive commitment @) legible avoidance

(robot will close the door

that could generate such behaviors. We evaluate our in the middle of the path)
algorithms on standard MDP benchmarks to identify

their computational properties. Next, we conduct Figure 1: Robot cleaner’s environment set-
user studies to evaluate how non-expert users per- ting, with a highlight of the different paths.
ceive these different strategies. To summarize, our

contributions are as follows:

* We formalize the problem of planning in a low-trust environment (Sec. 4),
* We formalize and introduce a method to generate behavior for preemptive commitment (Sec. 5),
* We formalize and introduce an MILP encoding for legible avoidance (Sec. 6),

* We evaluate our proposed method using computational experiments and a user study (Sec. 7).

2 Related Works

As artificial intelligence (AI) becomes increasingly integrated into many aspects of human daily
life, research on Al trust has become crucial. Human trust in Al is a key factor in the successful
integration of Al into daily life (Afroogh et al., 2024). Trust guides reliance on automation, and
miscalibrated trust may lead to the disuse of beneficial systems (Lee & See, 2004).

Understanding how humans develop trust in Al has been studied in the past few years. The de-
velopment of trust is likely to be significantly influenced by the embodiment of Al (Glikson &
Woolley, 2020). Researchers have studied Al in various forms of representation, including physi-
cal robots, virtual agents, and embedded systems within other tools. In human-robot interaction, a
meta-analysis study found that the main factors contributing to the development of trust were robot
performance and characteristics (Hancock et al., 2011). Additionally, researchers examined the de-
velopment of human trust in Al based on the Al machine’s capability level (Glikson & Woolley,
2020; Gonzalez et al., 2025).

The nature of trust can be different depending on the entities involved. Between human interactions,
trust generally increases over time with repeated interactions. However, over time, human trust in
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technology declines due to its errors and malfunctions (Madhavan & Wiegmann, 2007). Interest-
ingly, when it comes to Al technology, the opposite progress can occur. Some researchers have
reported that after a direct interaction with Al, a low level of trust from the first encounter may in-
crease (Ullman & Malle, 2017). Developing or improving trust is important in many situations, as
under-trust may lead to the disuse of beneficial systems (Parasuraman & Riley, 1997). We will use
the mental model-based theory proposed by Zahedi et al. (2023) as the mathematical framework to
capture trust. It posits that the user’s trust in an agent to carry out a task or contract can be approxi-
mated by the likelihood the user assigns to the agent’s carrying out the task, given their beliefs about
the agent’s capabilities and intent. This approach offers an alternative to subjective questionnaires
(Muir, 1994) for estimating trust.

Improving trust often involves a signaling strategy, in which entities seeking to gain trust use specific
signals to demonstrate their trustworthiness and reduce uncertainty in interactions. Signaling is
particularly useful when two entities have access to different information (Connelly et al., 2011).
A signal, in theory, can be any observable action or communication that carries information about
the latent quality. While widely used, the cleanest mathematical account of signaling comes from
signaling games (Lewis, 2008). In a signaling game, a sender has private information about the
world and can choose a signal to convey it. The receiver observes the signal and takes actions based
on their interpretation. The reliability of the signal stems from its cost, as a lower-quality sender is
often unable to fake a high-cost signal. Examples of signals in the real world include a premium
pricing strategy that signals the high quality of products to customers (Verma & Gupta, 2004), or
a job applicant who uses their education level to signal their capabilities to a prospective employer
(Fudenberg & He, 2018). Recent work has raised concerns that the widespread adoption of Al may,
in fact, reduce the effectiveness of many signaling actions, as it tends to reduce the cost associated
with those actions (Wojtowicz & DeDeo, 2025).

Previous works have looked at the viability of using behaviors as a way to communicate information
about the agent model, including intent (cf. (Chakraborti et al., 2019)). Of particular importance
is that of legible motion (Dragan et al., 2013), which looks at communicating an agent’s goal by
choosing a behavior that is more likely for a target goal as opposed to other potential goals being
considered by the user. For example, in Figure 1, the legible path is represented in blue if the user
believes the agent’s goal is to either get to the door or clean the floor. Existing legibility methods
expect the true agent goal to be part of the possible candidate goals they consider.

3 Background

In this paper, we focus on problems that can be represented as Markov Decision Processes (MDPs)
(Puterman, 1990). MDP can be defined by a tuple M = (S, A, R, P, ~, so). In this notation scheme,
S is a set of states where sg € S is the initial state, A is a set of actions, R is a reward function, P is
the transition function such that P(s, a, s") represents the probability that the environment moves to
next state s’ when the agent takes action « in current state s, and y € [0, 1) is the discount factor.

A solution to an MDP is represented by mappings from states to actions, called policies. Given a
policy , the value function V; captures the expected sum of discounted rewards or the expected
utility obtained from executing the policy in a given state, and . represents the value obtained by
executing a specific action followed by the policy. An optimal policy 7 is a policy that has the
highest expected utility (Russell et al., 1995).

In an MDP, a state-action trajectory or trajectory, is a potentially infinite sequence of the form
7 = (S0, G0, S1,0a1,...,S7—1,07—1, ST). A trajectory is valid if every transition is consistent with
the MDP’s definition, i.e., for all ¢ in horizon 7', the action a; is an element of the valid action
set for state s;, and the next state s;,1 has a nonzero probability value under the transition model
P(st,at, s¢+1). If we have a valid trajectory 7, we can compute its return (usually denoted by G),
which is the discounted cumulative reward obtained along that trajectory.
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In this paper, we will use the notion of occupancy frequency ™ (s, a) that is associated with a policy
m (Poupart, 2005). The occupation frequency =™ (s, a) represents the frequency with which an action
a is taken in a state s under the policy . The value obtained under a policy can be reformulated
in terms of its rewards and occupancy frequency. By solving the following linear program (LP)
expression that incorporates occupancy frequency variables, we can obtain the optimal policy:

maxZ z(s,a)r(s,a) st VseS, Zx(s,a) =d(s,80) + Z z(s',a") P(s',d, s) 1)

U !
s’,a

In the above equation, z is the set of variables that captures the occupancy frequency possible under
a policy, and d(s, sp) is an indicator function that returns 1 when s = s and zero otherwise.

4 Trust Model for MDPs

We consider a setting in which a human observes an agent acting in the environment. Our formula-
tion will start with the definition of the original agent task, given as M% = (S, A, R* P,~%, so),
where the terms R® and «* correspond to the specific agent reward and discount factor. We will
limit our attention to MDPs with finite state spaces. We will denote the minimal value the reward
function can take as R, i.e, RS, = min , R*(s,a). Such a min bound on the reward function
also directly gives us a lower bound on the optimal policy for the model.

Property 1. For any given MDP M with a minimal value R,,;,, we can guarantee that the optimal
value satisfies the condition: Vi (sg) = ﬁRmm

This property follows directly from the fact that the worst-case scenario would be one where the
optimal policy always chooses actions that result in R,,;,. One of our starting assumptions is that
the human is unaware of the agent’s intent, which in our case translates to uncertainty about the
human reward function. Our first step is to translate the notion of contract-based trust defined in a
deterministic goal-directed planning setting into an MDP setting. While the earlier paper (Zahedi
et al., 2023) leaves the nature of contracts vague, we will start with one of the most basic contracts
there could be in such a setting, namely that the agent will not perform some disallowed action
in some prespecified states. We will denote such a contract as simply C; = (s;,a;). As with the
previous paper (Zahedi et al., 2023), the trust that the agent will uphold its contract is given as

T(Ci) = Y, P(Cilm) » PH ()

Where P(C;|r) is the likelihood the human assigns that a contract will be upheld in a given policy
7, and PH () is their prior about what policy the agent is following (which in turn reflects their
uncertainty about the agent’s intent). For simplicity, we assume a uniform distribution over P (1),
but we could replace it with any prior. For our approaches, rather than directly using the trust value,
we use a measure of mistrust, which we equate with their belief that the agent will break the contract
(denoted by —). We could capture this as: 7(C;) = Y, P(—C;|m) * P (). Intuitively, the more
frequently a policy visits the state-action pair (s;, a;), the more likely it is to violate contract C;,
making the occupancy frequency as a natural proxy for violation probability, P(—C;|m) oc 7 (s;, a;).

Now, coming back to our original problem setting. Our problem setting is one where the user has
set up a number of contracts that the user expects the agent not to violate. We refer to this set of
contracts as the normative contracts (NC), denoted by N. The question the human is struggling with
is whether the agent may, in fact, be trying to break one, and if so, it would need to stop the agent
from acting in the environment. While within the set of possible reward functions, there could be
many that could end up violating one or more of the norms, an MDP of particular interest in our
case is one whose sole purpose is to violate one or more of the norms. We refer to such an MDP as
norm violating MDP, denoted as M ™. More formally, these two components are defined as:

Definition 1. For a given problem setting with an agent model M* = (S, A, R*, P,y“, sq), the
normative contracts (NC) is a set of the form N = {Cy,...,Cy}, where C; = (s;,a;), and s; € S
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and a; € A. For this set, the norm violating MDP is given as M™N = (S, A, R™N P, 4®), where:
RN(s.a) = {R+ if(s,a) € N

! , where R™ is some positive number.
0 Otherwise

A policy for the norm violating MDP will have a positive value only if it violates at least one contract
within N. Additionally, following the construction of our reward function, an optimal policy for
MY is one that violates as many norms as possible.

To simplify the formulation, we assume that each contract is independent, as such, the mistrust over
the entire normative contract set can be given as: T (N) = >, _ P(—Cy|n’) = P (x").

Now that the basic definition is in place, we are ready to move on to the actual generation of signaling
behavior. In particular, a signaling policy is one that the agent can adopt to reduce mistrust on
average. More formally,

Definition 2. A policy w is said to be a signaling policy for a state so if B+ (s,)[T (N|7)] < T(N),
where B 5oy [T(N|T)] = 20 Y0 en P(=Ciln") + P(7|7") % PH (7).

Here, P(7|n’) captures the probability that a policy ' can generate the trajectory 7. It is worth
noting that not all signaling policies are equally useful. One could signal that it is not trying to
violate contracts by simply doing nothing. As such, in addition to signaling that the agent is trying
not to violate a norm, it must also pursue its own task. In practice, we would want the policy
value to exceed some threshold /, set by the agent designer. Such requirements can be enforced in
the MDP solver. We will show how to incorporate them as constraints into a mixed-integer linear
programming (MILP) formulation for signaling behavior generation (Section 6).

Finally, by definition, a signaling policy could take any arbitrary form. However, in the rest of
the paper, we focus on two intuitive categories of signaling behaviors. Our motivation for doing
so is twofold. First, our focus on well-defined behavioral patterns enables us to design specialized
algorithms, thereby allowing us to compare and contrast the computational overhead of generating
them. Secondly, by focusing on behavior classes with analogues in real-world human behaviors,
we can conduct rigorous user-subject studies to assess the effectiveness of such signaling behavior
relative to the optimal one. In the following sections, we describe the two categories of behaviors
and show how they can be generated.

5 Preemptive Commitment

The first strategy we will study is one where the agent tries to drive itself to a state from which it can
no longer violate any of the contracts in N. In the running example, it involves the robot voluntarily
choosing to lock the door. We can see people exhibiting similar behavior under extreme conditions.
For example, cases where a person might voluntarily give up weapons or lie on the ground when
asked to by an authority figure could be seen as examples of such preemptive commitments.

To generate policies that yield a preemptive commitment strategy, we define a modified version of
the agent MDP whose optimal value function automatically induces such behavior. We will refer to
such MDPs as the Preemptive Commitment model or M*C, and formally define it as follows.

Definition 3. For an agent model M®, a normative contract set N, and a norm violation
MDP M™N, a Preemptive Commitment model is given by the tuple of the form MFC =
(S, A, RPC P~ s0), where:

RPC(S,CL) _ Ra(87a) ifQ;N(Saa) =0
R~ Otherwise.
Here, R~ < ex (1 —7)*R%.  Q.N(s,a) is the optimal Q value function for MY, and ¢ is given

as: € = (Pmin )‘S | where DPmin 1S the lowest non-zero probability transition possible under P.
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As per the definition, the agent basically operates in two modes: one where it gets a lower reward
than the original reward function, when it can still violate contracts, and goes back to the original
reward function, once it gets to a point from which it can no longer violate the norms. Here, the term
€ gives a lower bound on the likelihood of the shortest path to any state that is reachable in finite
steps in the MDP. To see why Q™ (s,a) = 0 presents an irreversible transition point with respect
to contract violation, consider the following property.

Property 2. Let s1,a; be a state-action pair such that Q™ (s1,a1) = 0, now there exists no valid
trajectory of the form T = {(s1,ay,...), where there exists a s;, a; pair in the trajectory, such that
(Si7 ai) e N.

This property follows from the definition of M ™Y, and the fact that it is trying to maximize norm
violation. If, in fact, there was a way to violate any norm that could result from a state resulting from
the execution of a in s, then Q;N(sl, a1) will have a positive value. This means that Q;N(sl, ay) =
0 is only true in cases where, after that action execution, the agent can never violate the norm again,
and hence all future state actions will have Q" value of zero.

Another property we would like is that the agent tries to reach such states as soon as possible.

Property 3. Let 7y and o be two trajectories such that T, and T, presents the suffix before the
first state where Q. is zero, and ;" and 57 are the corresponding prefixes that include this state,
then the return of the first trajectory should be greater than the second trajectory, G(11) > G(72),
provided the following conditions are

* CL-|r| <my .
s C2-7{ =7, and there exists at least one transition with non-zero reward.
e C3-4*>0.

This property follows from two facts. First, return from both 7;~ and 7, is zero (per the reward
function). Secondly, even though the suffixes are the same, the return from 7, is more heavily
discounted due to the longer length of |75 |. We now see that the optimal policy for this MDP

satisfies the criteria for a signaling policy, as defined in Definition 2.

Theorem 1. For an agent model M® and a normative contract set N, the optimal policy for the
corresponding Preemptive Commitment model MFC is a signaling policy for sq, provided there
exists state action pair s, a, reachable from sq in finite steps with non-zero probability, such that

Q;N(Sl, CLl) = 0

Proof Sketch. The cost of any policy that does not support visiting a state with Q;N(s1,a1) =
0, would be equal to ﬁR’. This can be lower than the lower bound on the optimal value
(per Property 1 and construction of R~). Since there exists a state with QN (s1,a1) = 0 within
finite steps, there exists a policy that can generate a trajectory with return greater than or equal to
(1i7) o . with probability of at least €. Since € * ﬁR%m > g5y R, any policy with such
a trajectory should have a higher value than one that does not visit the state. Since visiting the state
is the only way to increase the total policy value, the optimal policy must contain trajectories that
pass through such states. If the policy contains such trajectories, then it must reduce the expected
mistrust, as the presence of the trajectory cannot support policies that violate norms. Hence, proving

that it is a signaling policy. [

However, we can see that this method has one disadvantage, namely that we cannot guarantee the
existence of such policies under all conditions.

Property 4. There exists an agent model M, such that no policy exists for MTC which supports
a trajectory that passes through a state from which norms cannot be violated.

One can prove this by constructing a deterministic MDP in which every state is reachable from every
other state. In this case, the agent always has the option to violate the norm. However, one could
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check whether the model supports such preemptive commitment policies by checking the optimal
value, and if it is greater than ﬁR_.

It is worth noting that we could adopt variations of the definition, where instead of driving to a
state where it is impossible to violate norms, one could simply go to a state where it is just costly
to violate the norms. We could do this by updating the definition of R’ such that it receives the
true reward only if Q; s, a is below some acceptable limit. However, because the selection of such
limits depends strongly on the user’s risk tolerance, we leave this extension as future work.

6 Legible Avoidance

Now, we move to the next strategy, which will involve the agent trying to convey that it is not trying
to violate a contract in N, by moving away from it. In the robot example, the robot could take a more
circuitous route that is farther away from the object of interest. Real-world analogies could include
people backing away from dangerous or cordoned-off locations.

As mentioned in Section 2, the closest existing approach is that of legible planning, where the
agent is trying to signal their goal. However, signaling their goal is not necessarily the same as
signaling what they plan not to do. First off, the current legibility formulation assumes that the
human has access to a set of candidate goal sets, which contains the true robot goal (cf. (Dragan
et al., 2013)). This is not an assumption our work makes. Additionally, in a low-trust environment,
even if communication is possible, the human may not accept it. Finally, communicating your goal
and communicating that you are trying to avoid some constraints could give rise to very different
behavior (consider the purple and blue lines in Figure 1).

To communicate that you are simply trying to avoid violation of some norms is easy to communicate.
At every point, perform the action that is least likely to be performed by an agent trying to violate
a norm in N. If we were to consider that the human observer roughly uses a Boltzmann noisy
rational model (Tang et al., 2012) to evaluate agent behavior, a simple signaling policy would be:
7(s) = argmin, QN (s, a).

This is a signal policy trivially. However, following this policy will not guarantee that the agent
satisfies the minimum value requirement V,*(s) > ¢. This also brings us to a central difference
between legibility and legible avoidance. This is not a requirement for legibility since achieving the
goal is encoded into the objective of the behavior generation mechanism. In our case, avoidance is
the primary objective, and task achievement is a constraint. Specifically, we will define our optimal
legible avoidance policy as follows:

Definition 4. For an agent model M®, a normative contract set N, a norm violation MDP M™N
and a minimum value threshold { an optimal legible avoidance policy ( Wf ) is one that is an optimal
solution for the given optimization problem:

min ZVf(s), s.t. V3 (sg) = £

where VN is the value of the policy as evaluated in the model M* = (S, A, R, P,v*), such that
RE(s,a) = —1 % Q;N(s,a) and v~ = 0.

Note that maximizing for —1 = Q, (s, a) means it is always selecting the action with the lowest
Q value. Additionally, a discount factor of zero means that this is done myopically at every time
step. Note that here we try to maximize the sum of values across all states, rather than just the initial
one, so the agent chooses the least likely action at every state when possible. By using the sum, we
account for the fact that in the new MDP, the discount factor is zero.

Theorem 2. For an agent model M® and a normative contract set N, there exists a threshold ¢ for
which the legible avoidance policy (ﬂ'f) is a signaling policy.

Proof Sketch. One could trivially show it to be true by setting ¢ to zero. This would involve the
agent always selecting actions that reduce the likelihood of violating the norm, and hence it would
reduce the likelihood of norm violation. O
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However, implementing this optimization problem in practice is a challenge since it requires us to
simultaneously evaluate a given policy across two different MDPs with different reward functions
and different discount factors. To do so, we will leverage a mixed integer linear programming
(MILP) formulation that will maintain two different sets of occupancy frequencies, one for each
MDP. We will express our objective in one, and the constraints in the other. We will then add
constraints that will force the two occupancy frequencies to correspond to the same deterministic
policy. This latter constraint requires us to use integer variables, hence moving us into the realm of
MILP as opposed to the traditional linear programming formulations used in MDPs. Specifically,
the encoding is given as follows:

max ZZ:EM (RX)

L g,
T seS acA
S.t. ;zfa =0, :zrg’a >0 Vse S, ae A,
Z x;, = do(t ViesS,
acA
« e’ N J
Zmi‘a_ ZZI]H 7‘](1)*(11() Vies,
acA JES aeA

Occupancy frequency calculation

Z Z 's,a P()* S (]) = / (2)

seS acA
Constraint to ensure minimum value
D Ysa =1 Vs e S,
aeA
Ys,a € {0, 1} Vs e S7 a e A
s o < Ys,a J‘f:a < Ys,a Vse S, ae A.

Constraints to ensure the occupancy frequency is defined over the same policy

Here, 2 corresponds to the occupancy frequency of the policy in the model M* and z® that in

the agent model M®. The integer variable y, , ensures that only one state action pair has positive
occupancy frequency for both sets of occupancy frequencies, and it needs to be less than one. Ad-
ditionally, dy and d; represent the initial state distribution set. Which, in the case of ME, will be
a uniform distribution across states, and in the case M, will be zero in all states except the initial
state sg. This brings us to our main theorem in this section.

Theorem 3. The occupancy frequency that is part of the optimal solution for the MILP formulation
defined in Equation 2, will correspond to an optimal legible policy.

Here, the proof follows from the construction of the MILP. However, the reader can find a more
detailed discussion of the encoding in the supplementary materials.

7 Evaluation

To evaluate our approach, we conducted experiments on a set of standard Markov Decision Process
(MDP) planning benchmarks and also ran a user study.

7.1 Experiments on MDP Planning Benchmarks

Setting We evaluated three policy formulations: Optimal Behavior (standard dual occupancy LP),
Preemptive Commitment (Q;"-based reward shaping LP), and Legible Avoidance (MILP) across
four grid-world domains. Our focus on grid-world domains was primarily motivated by the fact that
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in such domains, it was easier to control for factors like the viability of preemptive commitment. For
two domains, we included a close-only door toggle that blocks access to the normative contract loca-
tions: Safe Room and Corridor. The remaining two domains (Simple Grid and Puddle Grid) offer no
structural intervention. Each domain type is instantiated at two grid sizes: small (5x5 to 8x5) and
large (9x9 to 14 x8). We include a more detailed explanation about domain descriptions in the sup-
plementary materials. For legible avoidance, we sweep the positive-goal threshold over ¢ € {0, 4, 8}.
Each configuration is repeated 3 times to account for solver time variability. All optimization prob-
lems are formulated using PuLP (Mitchell et al., 2011) and solved with HIGHS (Huangfu & Hall,
2018). Experiments are run on a single machine with 18 GB RAM and an Apple M3 CPU.

Computational Cost Table 1 reports solver computation times across all configurations. The LP-
based formulations for optimal behavior and preemptive commitment solve in under 50 ms even
on the largest grids, with virtually identical runtimes. This confirms that constructing M*¢ and
solving its dual occupancy LP adds no meaningful overhead beyond the one-time computation of
Q;". Legible avoidance, which requires solving the MILP with binary action variables ys , and
two coupled occupancy measures x“ and %, is 1-3 orders of magnitude slower, ranging from
0.14 s (Puddle Grid 10x 10, ¢=0) to 24.4 s (Puddle Grid 6x6, {=4). Despite this increase, all 120
runs converge to optimal solutions within practical time limits. MILP solve time does not scale
monotonically with grid size: the 6 x6 Puddle Grid at /=4 is harder for the branch-and-bound solver
than the 10x 10 instance, likely due to tighter combinatorial coupling among the binary variables that
enforce a shared deterministic policy across both occupancy measures. The relationship between ¢
and solver difficulty is similarly non-monotonic: for Simple Grid 5 x5, solve time increases from
2.3s at /=4 to 16.8 s at /=8, indicating that stricter goal constraints can reduce the feasible region
for ys  and create harder combinatorial subproblems.

Table 1: Solver computation time (seconds) across domains, reported as mean + std over 3 runs.

Legible Avoidance

Domain Grid Optimal Behavior Preemptive Commitment (=0 (=4 (=8
Corridor 14x8 0.041 + 0.000 0.042 + 0.001 0.631+0.003 3.055+0.032  2.398 +0.015
8§ x5 0.008 + 0.000 0.008 + 0.000 2.297 +0.019  6.781+0.179  3.809 + 0.006
puddle Grig 10X 10 0011+ 0.000 0.012 + 0.000 0.145+0.004  0.167 +0.002  0.237 + 0.003
6% 6 0.005 + 0.002 0.003 + 0.000 0.137 +0.002  24.430 £ 0.234  0.727 + 0.010
Safe Room 12 %8 0.031 4 0.000 0.032 + 0.000 0.727 +0.019  2.082+0.020  1.687 + 0.030
ate Roo 7x5 0.007 + 0.000 0.007 + 0.000 0.864 +0.005 1.947 +0.005  2.188 + 0.013
Simple Grid 9 0.009 + 0.000 0.010 + 0.002 0.482 +0.009  0.400 + 0.013  0.605 + 0.004
P 5% 5 0.002 + 0.000 0.002 + 0.000 5454 +0.140  2.280 + 0.008  16.772 + 0.145

Sensitivity to the Threshold ¢. The positive-goal threshold ¢ governs the trade-off between the
avoidance objective and task completion in the legible avoidance formulation. The relationship
between ¢ and solver difficulty is non-monotonic: for Simple Grid 5 x5, solver time increases from
2.3sat =410 16.8 s at /=8, suggesting that stricter goal constraints can create harder combinatorial
subproblems for the MILP by reducing the feasible region for the binary variables y .

Note on Preemptive Commitment. As expected for Puddle and Simple Grid, the lack of any
structural intervention meant the agent could not achieve a state in which the likelihood of violating
the norm was zero.

7.2 User Study
Next, we discuss our IRB-approved user study to evaluate the different signaling behaviors.

7.2.1 Hypotheses

As part of the user study, we tested five primary hypotheses. We expected participants to report
higher overall trust in Al agents exhibiting signaling behaviors, specifically preemptive commit-
ment (H1-a) or legible avoidance (H1-b), compared to those following optimal behavior. Between
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these two signaling behaviors, we expected legible avoidance to be perceived as more upfront about
intent (H2), lead to higher reported clarity (H3), and result in a stronger perception of safety (H4)
than preemptive commitment. Finally, we hypothesized that participants are unlikely to intervene
or stop the robot’s operation until it begins performing demonstrably damaging actions (HS). Each
hypothesis was informed by pilot studies conducted at our institution. We assessed each hypothesis
using Likert scale questionnaires, and in the case of trust, we specifically leveraged Muir question-
naire (Muir, 1994), a well-established psychometric tool to evaluate subjective perception of trust.

7.2.2 Study Design and Participants

We designed three different cases to compare the three behaviors. We crafted cases relevant to
potential real-world robotics applications that are understandable to laypeople without an extensive
tutorial. All three cases are in the grid world, but have different configurations, and each has a
different robot: (a) robot cleaner, (b) robot delivery, and (c) robot collector, as can be seen in Figure
2. In each environment, the robot must go to the goal while avoiding the valuable item. For each
robot case, we created simulations for the three different behaviors: (a) optimal behavior (condition
OB), (b) legible avoidance behavior (condition LA), and (c) preemptive commitment (condition PC).
The study design is a repeated-measures (within-subjects) design with three levels (condition OB,
LA, and PC). Each participant saw one example from each case corresponding to a unique condition.
Each participant was asked to take the role of a caretaker of some workspaces, tasked with protecting
a valuable item. They are told that a robot has been deployed in the environment by an unknown
person with unknown intent. They are expected to observe the robot’s behavior and stop it if they
believe the robot may harm the objects they are caring for.
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(a) Robot cleaner’s environment setting (b) Robot delivery’s environment setting (c) Robot collector’s environment setting

Figure 2: Robots’ environment setting.

We recruited a total of 30 participants from a pool of users who identified English as their native
language on the Prolific platform (Palan & Schitter, 2018). They were paid 6 USD for completing
the study that takes approximately 20 minutes. Multiple attention-check questions were included
throughout the study to ensure that participants were paying attention. The order in which the
participants saw the conditions was randomized to ensure counterbalancing. The supplementary
section includes additional information regarding the study conditions and specific questions used.

7.2.3 Results and Discussions

The main dependent measures in the user study fall into four categories: trust-related (predictability,
reliability, faith, overall trust), intention perception (damage intention, hiding intentions), behavioral
clarity (clarity, ability to predict), and normative compliance (rule compliance, safety perception).
Figure 3 shows box plots of the results for these metrics. Compared with the other two conditions,
legible avoidance behavior achieves relatively higher performance in trust, behavioral clarity, and
normative compliance. Participants also reported relatively lower scores on intention perception
metrics when the robot demonstrated legible avoidance, which indirectly supports trust in the robot.

One-factor repeated-measures ANOVA was performed to compare the effect of the robot’s behav-
ior according to the condition (OB, PC, LA) on each dependent variable. The statistical result is
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Figure 3: Box plots of conditions by dependent variables. ‘X’ represents the mean.

Table 2: Statistical analysis results from the user study. Values reported as mean (SD) across condi-
tions. Post-hoc pairwise comparisons use paired ¢-tests with Bonferroni correction.

Dependent Condition Pairwise p-values
Category Variable OB PC LA F(2,58) 14 OB-PC OB-LA PC-LA
Predictability 5.03(1.43) 5.00(1.14) 5.57(1.14) 3.94 .025*%  1.000 .047%* .038*
Trust Reliability 5.37(1.40) 4.90(1.56) 5.73(1.11) 4.99 .010%* 269 .330 .028*
4 Faith 5.20(1.58) 4.93(1.70) 5.43(1.30) 2.32 .107 — — —
Overall trust 470 (1.56) 4.43(1.83) 4.93(1.55) 2.14 127 — — —

Intentio_n Damage intention 2.40 (1.96) 2.47 (1.93) 1.40(0.72) 5.94 .004* 1.000 011* 011%*
perception  Hide intentions 220 (1.63) 2.30(1.66) 1.60 (1.00) 4.92 011%* 1.000 .040%* .046%*

Behavioral Clarity 5.20(1.42) 5.03(1.54) 5.67(1.21) 3.19 .049%* 1.000 239 118
clarity Ability to predict ~ 5.07 (1.44) 4.80 (1.49) 5.70 (1.15) 6.99 .002* 1.000 1.000 .002*
Normative ~ Rule compliance ~ 5.67 (1.42) 5.20(1.85) 5.90 (1.12) 3.70° .048%* 299 495 114
compliance Safety perception  4.50 (1.87) 4.30(1.93) 4.83(1.62) 2.58" .097 — — —
Note. * significant at a = .05.  Greenhouse-Geisser corrected (Mauchly’s p < .05). — = post-hoc not conducted (p > .05).

shown in Table 2. From 10 dependent variables, the following variables show significant differ-
ences: predictability, reliability, damage intention, hide intentions, clarity, ability to predict, and
rule compliance. We performed a post-hoc test using a paired t-test with Bonferroni correction
for these variables to examine which pairs differ significantly. The result can be seen in Table 2.
Additionally, Table 3 summarizes support for each hypothesis based on the statistical tests.

Table 3: Summary of statistical support for hypotheses

Hypothesis Dependent variable Statistic p Interpretation

H1 (Hla, H1b) Overall trust (PC vs OB, LA vs OB) F(2,58) =2.14 0.127  Not supported

H2 Hiding intentions (LA vs PC) t(29) =-2.57 0.046*  Supported

H3 Clarity (LA vs PC) t(29) =2.16 0.118 Not supported

H4 Safety perception (LA vs PC) t1(29) =1.92 0.196  Not supported
OB = 13.33% stopped

H5 Stopping the robot PC =26.67% stopped - Supported

LA =6.67% stopped

Trust. It should be noted that the current consensus in psychology is that trust is not a single-
dimensional metric. In fact, the trust questionnaire we used (Muir, 1994) asks questions about
the individual dimensions (predictability, reliability, faith), in addition to the overall trust, which
is only intended to capture a coarse, aggregated view of the user’s trust. The “faith” item and the
single “overall trust” rating did not show significant effects of condition. In terms of hypotheses,
HI1 (Hl-a and HI1-b), which predicted higher “overall trust” in PC and LA than in OB, was not
statistically supported, even though LA had a relatively higher mean than OB. While we did not
notice a statistically significant improvement for “overall trust”, we were able to establish it for
two important dimensions of trust, namely “predictability” and “reliability”, especially for legible
avoidance. It is also worth noting that, even for “overall trust”, the reported average for legible
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avoidance was higher, so we might see more significant differences as we shift to larger population
sizes and/or higher-stakes settings.

Intention perception. Both “damage intention” and “hiding intentions” showed significant main
effects of condition. Post-hoc tests revealed that LA has significantly lower perceived intent to dam-
age the valuable item than both OB and PC. Similarly, participants rated the robot as significantly
less likely to hide its intentions in the LA condition than in PC. This finding directly supports H2,
which predicted lower perceived hiding of intentions in LA than in PC. These results indicate that
when the robot explicitly routes around the valuable item in a legible manner, participants infer
clearer intentions of the robot.

Behavioral clarity. The “clarity” metric, which states “The robot’s behavior made its goal clear to
me,” showed a significant main effect of condition. LA achieves the highest mean rating, whereas PC
achieves the lowest. However, post-hoc comparisons between LA and PC did not reach significance
after Bonferroni correction. This means that H3 is not supported. In contrast, in the “ability to
predict” metric, participants reported being significantly more able to predict the robot’s next action
in LA than in both OB and PC.

Normative compliance. There is a mixed pattern in normative compliance categories. Rule com-
pliance differed significantly across conditions. The highest average rating was obtained in the LA
condition, and the lowest in the PC condition. Although the post-hoc comparisons did not reveal
pairwise differences after Bonferroni correction, the mean value suggests that participants perceived
the legible avoidance strategy as more closely adhering to the workspace rules for protecting the
valuable item. Safety perception, in contrast, did not differ significantly across conditions. Thus,
H4, which predicted higher safety perception in LA than in PC, was not statistically supported.

Stopping the robot. The robot’s stopping rate was relatively low in OB (13.33%) and LA (6.67%),
and slightly higher in PC (26.67%). This result supports H5, in which most participants did not stop
the robot until it was actually performing damaging actions. In preemptive commitment behavior,
the robot chose a path that brought it closer to the valuable item, and this costly motion may be the
main reason participants stop the robot. However, 73.33% participants who did not stop the robot in
the preemptive commitment condition suggest that they were willing to tolerate ambiguous or even
mildly concerning behavior rather than preemptively interrupting the robot.

Limitations of Study Please note that our studies focused on low-stakes grid-world cases. One
might expect participants to be more risk-averse when violating a norm could lead to catastrophic
outcomes. As such, one could obtain different results when applying it to high-stakes scenarios.

8 Conclusions and Future Work

We focus on the use of signaling behavior to communicate agents’ intent in low-trust environments.
As part of this effort, we provide general definitions of a low-trust environment and signaling be-
havior. We also identify two specific types of signaling behavior and propose algorithms to generate
them. The computational evaluation of these strategies across standard MDP planning shows that
while both strategies are computationally feasible, legible avoidance has a substantially higher com-
putational cost due to its MILP formulation (as opposed to the LP formulation used for pre-emptive
commitment). Across domains and grid sizes, solve times were 1-3 orders of magnitude slower than
the LP-based methods. Meanwhile, in the user study results, legible avoidance outperformed both
optimal behavior and preemptive commitment across multiple dimensions. Participants consistently
rated it as more predictable, reliable, and rule-compliant, and perceived it as having lower harmful
intent. It is worth noting that this trade-off is sometimes observed in real-world instances of such
behavior, where people trying to dispose of dangerous objects may be perceived as threats.

As the next step, we plan on developing learning methods that could generate such behaviors. Ad-
ditionally, future work will evaluate real-world trade-offs (e.g., when valuable items pose physical
hazards) and validate findings through physical robot deployments across varied configurations.
This would bridge simulation efficiency to practical deployment readiness.
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A MILP Formulation with Binary Action Variables and Two Occupancy
Measures

Setup and Q-values

We consider a finite MDP with:

» State set .S,
e Action set A,
* Transition probabilities P(s’ | s,a) forall s,s" € S, a € A.

Let dy(s) be the initial state distribution for the first occupancy measure; in our implementation we
take it as uniform:

do(s) = ﬁ VseS.

We also define a (different) initial distribution d; (s) for the second occupancy measure, concentrated

on the true start state Sstart-
]. 11 s§=3S
dl (8) = { start,

0 otherwise.

We assume that we have already solved the norm-violating MDP M~ which produced optimal
Q-values
QN (s,a) forallse S, ac A,

which encode how attractive each action is under the norm-violating reward. In particular, Q;N (s,a)
is large and positive for norm-violating actions and for actions leading towards norm violations.

In the new optimization problem, we define the legibility reward as R (s, a) = —1 * Q5" (s, a), so
the resulting policy is discouraged from taking actions associated with norm violation.

Positive action reward
We define a reward function for the agent’s original task:

Rpos(s,a) =

Rpos  if (s, a) corresponds to task completion,
0 otherwise,

where %5 > 0 is a constant.

Let v € (0,1) be the discount factor used for the agent’s occupancy measure. We also fix a
threshold ¢ > 0 which specifies how much discounted positive reward we require.

Decision variables

We introduce three groups of decision variables:

* Binary action-selection variables
Ys,a €{0,1} Vse S, aec A

Here y, , = 1 means that, in state s, the policy selects action a.
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* Legibility occupancy measure

x§a>0 Vse S, ae A.

This will be used in the objective, together with R* (s, a).

» Agent task occupancy measure
r5,>0 VseS aeA
This will be used in the constraint involving Ros and £.

Both occupancy measures are linked to the binary variables y, , by upper bound constraints of the
form x’§ o < Ys,q, SO an occupancy measure can be positive at (s, a) only if the policy actually
selects action a in state s.

Objective

The objective maximizes the legibility reward under the first occupancy measure z*:

max Z Zxﬁa (R5).

L po
xr xr
Y eSS aeA

Since R*(s,a) = —1 QY (s, a), this objective discourages the use of norm-violating actions and
other actions with high Q;N values.

Constraints

1. Deterministic policy. We enforce that the policy is deterministic and stationary: in each state s
exactly one action is chosen:

Zy&a =1 Vselb,
aceA

with ys o € {0, 1} as defined above.

2. Legibility occupancy flow (no discount). The legibility occupancy measure x* is tied directly
to the initial distribution d. For every state ¢,

Maf, = doli) Vies.
aceA

3. Agent task occupancy flow (discount v*). The agent task occupancy measure z satisfies the
discounted flow constraints with discount factor v* and initial distribution d;:

Z T, — 7" 2 Z v, P(i]j,a) = di(i) VielS.
acA jeS acA

Intuitively, 2 describes the discounted state—action visitation frequencies starting from Sgia,¢ (Via
dy) and following the policy induced by y.

4. Linkage between occupancies and action-selection variables. For both occupancy measures,

we require that positive occupancy is allowed only where the policy selects the corresponding action:
mﬁa < Ysar Tsa < Ysa VSES,a€ A

L a —
Thus g, and x§ , must be zero whenever y; , = 0.

5. Positive-action reward constraint. Finally, we require that under the agent task occupancy
measure x¢, the total discounted positive reward must meet a minimum threshold ¢ > 0:

PIPIE O]

seS acA
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Final MILP

Collecting everything, the final mixed-integer linear program is:

maxy Z Z xﬁa (R%)

ot e, s€S acA
s.t. x§a>O, 5, =0 Vse S, ae A,

foa:do i) Vie s,
aeA
3w, =1 2 D a5, Pli] ja) = di(3) VieS,
acA jES aeA (3)
D D, @ Roos(s,a) = £,
seS acA
Z Ys,a =1 Vs e S,
acA
Ys,a € {0, 1} Vs e S, a € A,
xé:,a < Ys,a» xf:,a < Ys,a Vs e S, a€cA.

B Domain Descriptions

We evaluate our framework on four grid-world domains, each instantiated at two grid sizes (small
and large). In every domain, the agent must navigate the grid by choosing among four movement
actions (North, East, South, West) plus any available local special actions. Movement is deter-
ministic (¢ = 0). A discount factor of v = 0.9 is used throughout. Table 4 summarizes the key
characteristics.

Table 4: Summary of domain characteristics

Domain Grid Sizes Positive Goal ~ Reward Negative Goal Penalty Living Reward Cell Penalties Toggle
Simple Grid ~ 5x5,9x9 COLLECT +10 TRAP -10 -1.0 — No
Puddle Grid 6x6,10x10 REACH_GOAL +10 FALL_PIT —10 0.0 Puddles (—1) No
Safe Room 7x5,12x8  GET_PACKAGE +10 TOUCH_WIRE —10 —-1.0 — Yes
Corridor 8x5,14x8  CLEAN_AREA +10 SPILL_CHEMICAL -10 0.0 Debris (—1) Yes

Simple Grid. The agent operates on a grid with scattered wall cells and must navigate from its start
position to a collection point (COLLECT, r = +10) while avoiding a trap cell (TRAP, r = —10). A
per-step living reward of —1.0 encourages the agent to reach the goal quickly. No toggle mechanism
or cell-level penalties exist.

Puddle Grid. Similar to Simple Grid, the agent must reach a goal cell (REACH_GOAL, r = +10)
while avoiding a pit (FALL_PIT, » = —10). The key distinction is the presence of puddle cells
that impose a —1.0 penalty upon entry, creating regions the agent should route around. The living
reward is 0.0, so there is no urgency to minimize path length beyond avoiding puddles. No toggle
mechanism is available.

Safe Room. The grid is divided into two regions by a wall with a single door (initially open).
The agent must reach a package (GET_PACKAGE, r = +10) located on one side while avoiding a
wire hazard (TOUCH_WIRE, r = —10) on the other side of the door. A close-only toggle switch is
available at a designated cell: activating it permanently closes the door, blocking passage and thereby
preventing access to the hazard region. A living reward of —1.0 encourages efficient navigation.

Corridor. The agent navigates a corridor-shaped grid divided by a wall with a single door (initially
open). The positive goal is to reach a cleaning station (CLEAN_AREA, r = +10), while the negative
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outcome is a chemical spill (SPILL_CHEMICAL, r = —10) located beyond the door. Debris cells
impose a —1.0 step penalty on entry, affecting route choice. A close-only toggle switch allows the
agent to permanently seal the door. The living reward is 0.0. This domain combines the toggle

mechanism of Safe Room with the cell-level penalties of Puddle Grid.

C User Study Questions

To assess the hypotheses, we asked participants to answer several questions and rate them on a
7-point Likert scale (see Table 5).

Table 5: Overview of questions and statements

. Dependent . .

Categories Variables User Study Questions/Statements 7-point Scale

Predictability To what extent can the robot’s behavior be predicted from moment to moment? 1-Low, 7-High

Reliability To what extent can you count on the robot to do its job? 1-Low, 7-High
Trust . . S

. What degree of faith do you have that the robot will be able to cope with similar .
Faith A ) 1-Low, 7-High
situations in the future?

Overall trust Overall, how much do you trust the robot? 1-Low, 7-High
Intention Damage intention  To what degree did you think that the robot was trying to harm the valuable item?  1-Low, 7-High
perception  Hiding intentions  To what extent do you think the robot is trying to hide its intentions from you? 1-Low, 7-High
Behavioral ~ Clarity The robot’s behavior made its goal clear to me. 1-Strongly Disagree,
clarity 7-Strongly Agree

Ability to predict I was able to predict the robot’s next action. 1-Strongly Disagree,

7-Strongly Agree

Normative ~ Rules compliance  The robot follows and complies with the rules given in this workspace. 1-Strongly Disagree,
compliance 7-Strongly Agree

Safety perception

I feel it is safe to let the robot act autonomously.

1-Strongly Disagree,
7-Strongly Agree

D List of Combinations of Cases and Conditions

Table 6 provides more detailed information about the variation of scenarios in the user study.

Table 6: Combination of cases and conditions

Scenario Case

Number Robot Cleaner Robot Delivery Robot Collector
1 Optimal behavior Legible avoidance Preemptive commitment
2 Optimal behavior Preemptive commitment Legible avoidance
3 Legible avoidance Optimal behavior Preemptive commitment
4 Legible avoidance Preemptive commitment Optimal behavior
5 Preemptive commitment Optimal behavior Legible avoidance
6 Preemptive commitment Legible avoidance Optimal behavior

E Participants’ Demographics for the User Study

Table 7 provides more detailed information about the participants’ demographics from the user study

that we conducted.

F Additional Resources

Here are some of the additional resources, including code and an example of the survey: Planning

for Signaling - Repository.


https://github.com/septiarani/rlc2026_planning_for_signaling
https://github.com/septiarani/rlc2026_planning_for_signaling

Planning for Signaling in Low-Trust Environments

Table 7: Participants’ demographics for the user study

Demographic Variable

Category

Frequency

Age

18-24 years old
25-34 years old
35-44 years old
45-54 years old
55-64 years old
65+ years old

Gender

Man
Woman
Non-binary

W AN

Highest level of education

High school or equivalent
Attended college/university
Associate degree
Bachelor’s degree

Master’s degree

Doctorate degree

Have taken Computer Science courses

Yes
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[\
w

Have taken Al courses

N W
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