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Abstract—Justification is an important facet of policy expla-
nation, a process for describing the behavior of an autonomous
system. In human-robot collaboration, an autonomous agent
can attempt to justify distinctly important decisions by offering
explanations as to why those decisions are right or reasonable,
leveraging a snapshot of its internal reasoning to do so. With-
out sufficient insight into a robot’s decision-making process, it
becomes challenging for users to trust or comply with those
important decisions, especially when they are viewed as confusing
or contrary to the user’s expectations (e.g., when decisions change
as new information is introduced to the agent’s decision-making
process). In this work we characterize the benefits of justifi-
cation within the context of decision-support during human-
robot teaming (i.e., agents giving recommendations to human
teammates). We introduce a formal framework using value of
information theory to strategically time justifications during
periods of misaligned expectations for greater effect. We also
characterize four different types of counterfactual justification
derived from established explainable AI literature and evaluate
them against each other in a human-subjects study involving
a collaborative, partially observable search task. Based on our
findings, we present takeaways on the effective use of different
types of justifications in human-robot teaming scenarios, to
improve user compliance and decision-making by strategically in-
fluencing human teammate thinking patterns. Finally, we present
an augmented reality system incorporating these findings into a
real-world decision-support system for human-robot teaming.

I. INTRODUCTION AND MOTIVATION

Many works in the explainable AI (xAI) literature have
illustrated the benefits of illuminating the black box of Al
decision-making for end users interacting with autonomous
and robotic agents [63} 25} 5]]. Various xAl techniques facilitate
better transparency into collaborative robots’ choices, improv-
ing trust, interpretability, and user acceptance [} [36) 17, 42].
However, if explanations are given at inopportune times with
poor context, they can produce the opposite effect [30].
Furthermore, different explanation content can have differing
effects on a human collaborator’s mental model, which can
impact their behavior [[7,[40]]. In this work, we hypothesize that
since human collaborators have limited cognitive bandwidth to
process explanations, it is best to time them strategically for
maximum impact on improving understanding and behavior.
We also propose that the content and manner in which the
explanations are given should be tailored to a collaborative
context to encourage the desired effect on a human teammate.
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On average following the new path will
result in 3.6 treasures vs the old path at
3.2 treasures by the end of the round
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Fig. 1: Top: a counterfactual policy-based justification pro-
vided by drones (blue diamonds) to the human in a collab-
orative 2D treasure hunting game. Botfom: a counterfactual
environment-based justification showing the relative percent-
ages of finding a target, provided by a drone (circled in red) in
an augmented reality navigation interface. Both justifications
are attempting to explain to a user why they should take a new
(colored) recommended path, rather than the old (gray) path.

In collaborative human-robot interaction tasks, accounting
for a human in a multi-agent planner is challenging due to the
innate unpredictability and opacity of the human’s decision-
making [51}, 27]. Therefore, having a robotic teammate also act
as a decision support system for the human, suggesting actions
for the human to perform while itself working towards a shared
task, is helpful for alleviating this unpredictability 57, 18l
[54]]. With this type of interaction, it is crucial that autonomous
agents justify their behavior or suggestions when they deviate
substantially from the human teammate’s expectations.

We define justifications in this context as explanations
timed appropriately to instances of expectation mismatch,
with the intent of convincing or influencing a human agent.
For example, in a human-robot collaboration scenario where
a robotic agent is providing navigation recommendations, a



sudden change in the recommended direction may app&#tAP [41], model-agnostic methods like LIME ]45], and
confusing and strange to the human teammate, and is likeigualizations like Grad-CAM[][49].
to be disregarded [59]. A justi cation (see Figl 1 for exam- Explainable behavior methods attempt to make the inten-
ples) provided in this context serves to convince the huméons of robotic agents clearer to humans by improving metrics
teammate of the utility of the previously dif cult to interpretlike explicability [38], predictability [6], or legibility [18].
recommendation. Our work addresses two research questidssearch has demonstrated that people dislike inexplicable
1) When are such justi cations most impactful and usefulBehavior from robots, rating it as frustrating, and leading to
And 2) What information should be presented in justi cationsnistrust of the robot[T63[]2]. Robot behavior that attempts
to improve human teammate decision-making and behaviotd align itself with human expectations often must sacri ce
The core contributions of this work are as follows: optimality to achieve high explicability. In Tabrez et al. [59],
A novel mathematical framework, informed by value oparticipants in a collaborative search scenario expressed a
information theory, to decidevhena robot collaborator preference for explanations from an autonomous agent when
should justify its recommendation to a human teammatié$ behavior was unexpected or confusing. These explanations,
validated by an expert-feedback case study for determiprovided they are contextualized properly to mismatches in
ing the utility of justi cation timing strategies. human and robot expectation, can serve as a bridge between
A methodological characterization of four different typegxplicability and optimality: alleviating the negative effects of
of justi cation, derived from established features in xAlinexplicable but optimal robot behavior, and building trust in
literature, along with a validation and analysis of thesée system over time.
justi cation types via an online human subjects study.  Explanations as Justi cation:This work focuses on the
A set of actionable design recommendations and irgtrategic use of explanations as justi cation in human-robot
plementation strategies for the use of justi cations iteaming. This involves timing explanations to an instance of
human-robot interaction, taking into account differinggxpectation mismatch between humans and robotic agents,
levels of human and robot decision-making competenagith the goal of in uencing a human teammate. Correia et al.
along with an augmented reality interface showcasid1] found that using justi cation as a recovery strategy for
these design principles for practical applications. robot failures can mitigate the negative perception of those
failures. Prior work has focused on using justication to
explain why a decision is good or bad, without necessarily
Explainable Al and Human-Robot InteractioRecent re- aiming to give an explanation of the decision-making process
search on shared mental models within human-robot collabofag, 57]. In this work, we introduce and analyze different types
tion has shown the importance of explainability for enhancingf justi cations aimed at addressing both of those goals.
interaction ef ciency, uency, and safety [50, 58,163]. This is
particularly relevant in the context of model reconciliation, I1l. DEFINITION OF APPLICATION DOMAIN
where mismatches in expectations can lead to catastrophic o N )
failures [8.7]. Explainable Al can help bridge the gap between To ground and evalgate our contributions, we ut|I|z§ a multi-
human and robotic agents by making complex models mdfyget searc_:h and r_etrle_val pro_blem as a represe_ntauve human-
understandable, allowing for faster debugging and failuf@POt téaming application. This multi-goal, multi-agent plan-
recovery, ultimately improving joint performande [28] 45] 63]1ing domain includes agents with heterogeneous capabilities
As such, it is important for robotic agents to be able tgPerating under partial observability. _ _
effectively communicate and explain their decision-making We utilize an experimental paradigm previously established
rationale to human collaborators, with awareness of hddy Tabrez et al. [59], which assumes two distinct classes of
these explanations in uence and affect team dynamics. Mor€térogeneous agents working toward a multi-objective task
over, research has also shown that people trust autonom@i§- Search and recovery): autonomous agents (information-
agents more when they convey their decision-making proc&k&hering agents that move through the environment and take
[66,[37]. Robots with this explanation-providing capability aré&NSOr observations) and hL_Jman agents (mte_ractlve_ agen_ts that
generally perceived to be more helpful and transpaient [5#R" directly affec_t th_e environment state_W|th their actpns
Conlon et al. [ID] show that when a robot provides a selfind complete objectives, such as collecting a sample) in a
assessing explanation, operator trust more appropriately aligifgtially observable domain. In this paradigm, humans serve
with robot ability, leading to increased performance and tru&S interactive agents that receive action recommendations
Explanation StrategiesResearch in two areas of explainabld’om autonomous information-gathering agents that typically
Al are particularly relevant to explanation generation: methodl&ve access to features the interactive agents cannot directly
that explain how a learned model functions (explainable MIPErceive. The decision-making process for each class of agent
and methods that produce explainable agent behavior durlgodi ed by a separate Markov Decision Process (MDP):
human-in-the-loop interaction [55]. Explainable ML methods  Autonomous agent MDRM,, is de ned by the 4-tuple:
are often aimed at helping developers interpret complex clas- (S;;Ar;T;;R;), where S, is the set of states in the
si ers by illustrating how individual parameters impact model  MDP, A, is the set available action3; is a stochastic
output. Popular techniques include local approximations like transition function describing the model's action-based

Il. BACKGROUND & RELATED WORK



state transition dynamics, a®} is the reward function one (e); the justi cation framework (the primary contribution
R :S A S! R of this work) is described in detail in Sections IV and V. The
Recommendations for human agents are generated udiingnan's next recommendation and optional justi cation are
an MDP model of the humaM, de ned by a 4-tuple sent to the human, who then takes their next action (f). Based
(Sh; An; Th; Rp). on the system's observation of the human action, the PMF and

Environmental uncertainty over task-relevant variables (e.§tate is updated again (g), and the cycle returns to ().
whether a location contains a buried sample) is characterized
by a dynamically-updating probability mass function (PMF).
This PMF serves as a shared utility function common to all In this section, we address the question of “when” jus-
agents (both human and autonomous), and can be comthgation should be provided within human-robot teaming
nicated to human teammates as it changes in responseSdgnarios, and present a novel framework for the timing of
autonomous agent observations to provide insight into tiiesti cations based on value of information theory. Throughout
agent's policy (additional detail provided in Section V-A).ThisIhiS section, we focus on the use case where the collaborating
relationship can be seen in Fig. 2. agent is_ acting as a decision support system, providing recom-

In the multi-target search task, the PMF is in essend@endations to a human agent who can either comply with or

a heatmap representing the probability at each location f&i€ct them.

nding a target. The autopomous.agent MEM’r generates a Spectrum of Justi cation Timing Strategies

optimal moves for these information-gathering agents to at- ) i

tempt to collapse the uncertainty of that PMF by locating Prior work has shown that in collaborative human-robot

targets via sensor observations. Meanwhile, the human Miperaction, humans are highly in uenced by the timing and

M, generates recommendations for the human agent to follfiduency of those interactions [30]. To examine the question

to achieve the task goals, constantly updating based on ff¢vhen and how frequently justi cations should be presented,

most recent PMF. we start by anchoring the range of possible actions at the two
The novel justi cation framework evaluated by our ex€XIremes: never justifying or always justifying. o

periment was situated within the context of a human-drone TNere are wo general criteria that would render a justi-

collaborative search task, an established evaluation dom&Gtion unnecessary within a human-robot collaboration. 1)
for decision support [59]. Fig. 2 shows the interaction owh€reé are no actionable consequences stemming from the

of the task. In this section, we will use the circled letters ifEcOMmendation to be justi ed, or 2) the robot's recommenda-

the diagram to walk through its implementation. tions are generally accepted and trusted without scrutiny [16].
In most adaptive autonomy use cases, the second criterion

is rarely met, especially in high uncertainty environments
[46, 59]. Prior research has found that whenever there is a
misalignment of expectations between human and autonomous
teammates, explanations are expected to be provided [59, 7].
These expectation mismatches can stem from a variety of
causes, including sudden changes in recommendation or a
recommendation based on environment data that is unknown to
the human [8]. Trust and reliance in these systems deteriorate
when they lack the capability to justify their recommendations
in the presence of such mismatches [11]. In these scenarios,
never justifying is undesirable.

On the other hand, always justifying is ill-suited for human-
agent collaboration. Prior research has shown that administer-

Fig. 2: The loop describing the human-drone interaction witR9 t00 many queries increases frustration and irritation in

shared PMF in our domain. The Justi cation Framework, thésers [4]. Justifying too frequently can lead to habituation,

primary contribution of this work, is highlighted in green. as repeated explanations reduce user responsiveness to them
[61, 23, 24, 33]. Thus, always justifying is also undesirable.

To start, drones solve for their next actions (a) using the ) o o ]
MDP M, : in our domain each drone is assigned its owR- Strategically Timing Justi cations: Value of Information
segment of the environment to cover to ensure uniform searcleven though justi cations have bene ts, agents should pro-
coverage. As the drones take their actions (b), they obsermide them strategically to take advantage of them ef ciently.
noisy sensor readings over the cells they y over to attempis there is a direct cost of increased workload and habituation
to detect targets (c). Using these readings, the shared PMRerent to providing an explanation to users, justi cation
undergoes a Bayesian update. Next, the system calculateshauld only be made when the value exceeds the cost. We
recommendation for the human usikty, (d). The system de- utilize value of information (VOI) theory [32] to decide how
termines whether a justi cation is needed, and if so, generatesich value a speci ¢ justi cation may add.

IV. JUSTIFICATION FRAMEWORK: TIMING



Value of InformationVOlI is typically used in autonomous WhereD is a scalar representing the difference in the robot's
systems contexts to maximize the information that a systesrpected reward and the human's expected reward from
can gather or observe by using a “pull” communication patterfgllowing their respective policies for the human agent. To
where a requesting agent (usually an autonomous systdormalize the second contributor, it is useful to de ne two
formally weighs the cost to query a responding agent (usuapgssible trajectories for the human.

a human) to provide additional information [36]. » denotes the sequence of states siistemthinks the

However, as we are operating within the context of con-  human should traverse, obtained from a rollout gf
veying an explanation to a human agent autonomously, we starting from current stats.
adopt VOI in a “push” communication pattern, where an  C, denotes the sequence of states libenanthinks the
information-providing agent (robot teammate) formally weighs  human should traverse, obtained from a rollout Gf
the cost to a receiving agent (a human) in parsing that starting from current stats.

information, along with the cognitive burden of interrupting e expected mismatch in path is de ned as a distance

their current task [4]. . function between the two paths:
Justi cation Framework.Using the human MDRM}, de-
scribed in Section Ill, our framework constructs an optimal T = dist(Ch h) )

policy for the human ,,. However, this optimal recommended
policy is not necessarily agreed upon by the human andHere, T is a scalar representative of the difference between

the autonomous agents since they may have differing rewdg robot's recommended path and the human's expected path.
functions. Therefore it is necessary for the system to modéf de ne the value of a justi cation, ), as a piecewise

the human and estimate what thejr should be. linear Iter with three components:
C, is a human's optimal policy as derived from the g D
human's own internal reward functidR,, and operating
using their world modeWIh. The notationd ' denotes V(3)= max > T ®)
that the variable in question is derived from the human's D+ T
internal model of the world, which is latent to the system ~ and  are tunable hyper-parameters. The rst
and must be estimated. component of Eq. 3 captures the mismatch in the expected

n Is the system’s optimal policy for the human deriveqeward, the second captures the mismatch in the expected
from Ry, the system's model of the human's rewarghath, and the third provides a more comprehensive ltering
function and its model of the human MDM;. The criteria based on a linear combination of the two. The three
policy recommendation can change based on receivingyrs combine to create an expressive notion of the value of
new information (e.g., new sensor readings). a potential justi cation.

When there is perfect synergy between the human and thehis justi cation to a user comes at a co8t(J ), which
system (a shared mental model), these two policies will i highly dependent on the particular task and mode of
the same §, = ). However, the human's and the system'sommunication, and should tuned separately per domain. A
understanding of the optimal policy will drift as the systenjusti cation should only be triggered if the expected bene t
receives new information and makes updates,tavhile the to the user is higher than the justi cation cost.
human makes potentially different choices while using out-of-
date information, leading to a mismatch in the mental model. V@) Cc@l)=>0 4)

The human and the autonomous agent will have two sep-

arate understandings of the expected reward for followingtaIn thJrr]n an-;)ot:'ot teaming Zcet_narlos,d ‘13 the m|srT:a|tch t(;e_l
given policy starting from a state ween the robot's recommendation and human mental mode

i increases, the usefulness of the robot's recommendations de-
E ,is(Rn)is th? expected r_eward treystemexpects the_ crease. VOI can be used to determine the trade-off between
human to receive by following the recommended po"%roviding justi cation to bridge the gap and making the
ECh ;S:(Rh) is the .expect.ed reward. tHeumanexpects to recommendations more useful.
receive by following their own policy. Additional Implementation Detailddere, we present addi-
Justi cation is needed when the autonomous agent's regonal details about how we applied this framework to our
ommendation appears unintuitive or confusing to a user. Wemain. The value of a potential justi cation relies on the
hypothesize that the two primary reasons for this confusigiyman's internal policyC, and the system's recommended
are 1) an explicit mismatch in the expected reward, or 2)gdlicy for the human . Since the human's internal policy is
mismatch in the sequence of states that are expected tojdient from the perspective of the system, we infer the human's

visited even in the case of identical expected reward. most likely reward functionR,, based on the information
The rst contributor is the mismatch in expected reward anlqi]ey can observe, and derive their poli€y assuming that
is formalized as: humans optimize expected reward given their current reward

_ . knowledge: a common practice within inverse reinforcement
D=JE s(Rn) Ec ((Rn)i (1) learning and preference learning literature [57, 47]. Since the



only reward information humans receive is communicated vjasti cations to be more useful than constant or timed-interval
the robots, we update the human's reward functn and justi cations.
resultant policyC, whenever the robot provides a commu- As shown in Table |, we found that strategic justi cation led
nicative update, using the reward content of that update astanthe highest average perceived usefulness rating, showing
approximation of the human reward knowledge (i.e., usipg that it is not only preferable to justify less frequently, but
from the last recommendation received by the human, atakso that the speci c timing of justi cations to periods of high
previous timestep). The human's desired p&this estimated mismatch in expectations is preferable to a similarly infrequent
using ,, from that previous timestep. justi cation strategy.

The speci ¢ implementation for our domain of the distance
function in Eq. 2 to nd T uses anXOR of states in the S — '2“";":‘3’3 'Z’T;e;"a' Xg'és”ateg'c
human's expected patf, and the states in the new recom- Usefulness SD | 1.47 131 0.74
mended path . Simply put, the difference function takes
into account states that are visited by one of the compar
trajectories, but not both. Prior research has shown that peoﬁi
are more concerned by actions that are nearer to them [59, 43].
With that in mind, we weight differences higher the closer they

BLE I: Means and standard deviations of rated usefulness
dusti cation timing (on scale of 1-5) per timing strategy.

V. JUSTIFICATION FRAMEWORK: CONTENT

are to the human's current location. In this section, we inveStigate theontent of effective
justi cation. Drawing from previous works in explainable
o X d(®sp) 5) Al [48, 45, 1], we introduce four broad categorizations of

justi cations using a 2x2 cross oénvironment-centricvs.
SCI policy-centricandlocal vs. global.

The distance function is the sum of a tuned discount factorThe rst axis of the 2x2 crossen\_/lronmept—gentncvs.
raised to the Euclidean distandés® s,,) between a stats” policy-centri¢ determines whether the justi cation is grounded

and the human's current stasg (d(s® sy)) for all statess® in in features from the environment that in uence the policy,
the XOR set  Cj ’ or features of the resultant policy itself. As an example, an

. . , algorithm recommending a location for a new wind turbine
We combine the scalar state differenicevith the scalar re- miaht provide the average wind speed at various prospective
ward differenceD, as described in Eqg. 1, and tune the relevant gnt p 9 P prosp

. . : cations as anenvironment-centricjusti cation for those
hyperparameters in Eq. 3 to create an appropriate function or

the value of justi cationV (J ), justifying whenever it exceeds cations. Alternatlve_ly, it could provide the gxpected power
the costC(J ), tuned for our domain, produced in a year if a recommended location was chosen,

contrasted with the expected power produced if alternative
locations were chosen aspalicy-centricjusti cation.

The second axidpcal vs. global, determines whether the

We validate our VOI-based timing mechanism for offeringxplanation is grounded in a localized, short-horizon context,
justi cations through a within-subjects expert-feedback casg a global, long-horizon context. While lacal justi cation
study (n=10) where participants (graduate students in the eldsay focus on the sub-goals and immediate rewards of a given
of robotics and human-computer interaction) watched video tisk, aglobal justi cation would give a broader overview of
three playthroughs of a treasure hunt game (shown in Fige end goal of a domain.
1-top) with differing justi cation timing strategies. In this  All justi cations in our framework are structured coun-
partially observable maze-like domain, players must uncov@rfactually, comparing the recommendation expected by the
as many hidden treasures as possible in a limited numbgiman, derived from a model of their own polid,, to
of turns, aided by autonomous drone teammates who explatie current recommendation actually given to the human by
the maze and provide continually updating recommendatioti robot derived from ,,. Counterfactual explanations are
based on their noisy “treasure detector' sensor readings. broadly de ned as answers to contrastive questions of the

The video paused periodically during trials at momenterm “Why did outcomeP happen rather than outcome
where a justi cation (Fig. 1-top) could be offered. The expertQ? [62]" These explanations can be conveyed via natural
were asked at each pause how useful the addition oflamguage or visually. Counterfactuals have shown usefulness
justi cation at that point in the game would be, on a scaléor model debugging and failure recovery, as these types of
from 1 (not useful at all) to 5 (very useful), similar to Cruzexplanations provide contextual information about a model's
et al. [12]. internal reasoning [22, 9, 60].

Each 21-turn long playthrough utilized one of three timing The following four proposed types of features used in
strategies, presented in a random order: justifying once evenjusti cation vary along a spectrum of interpretability and
turn (21 justi cations), justifying at regular intervals of oncecomprehension for its users [15].
every four turns (5 justications), or justifying based on C1. Environmental FeatureIhese types of features provide
the proposed VOI-based mechanism (5 justi cations). We sense of interpretability for users, as they get quick insight
hypothesized that users would nd strategically timed VOinto the robot's decision-making rationale.

C. Justi cation Timing Case Study



divergence occurring in the interval between justi cations. To
repair this divergence, four types of justi cation can be used:
Environment-centric Global. This justi cation is conveyed
visually by converting the current PMF to a heatmap, with a
color gradient from white to red representing the likelihood
of nding a target at a particular location. Counterfactuals are
employed by cycling images between the PMF heatmap for
the previous guidance (an estimation of the features that led to
C,), and the current PMF heatmap (the features that leq Jo
at a regular frequency. The numerical probability of nding a
target for both the current recommended goal location and
the previously recommended goal location is overlaid onto
both the prior and current heatmap. This shows explicitly, in
numeric form, how the odds have changed to prioritize the
current recommendation over the previous one.
Fig. 3: The four types of characterized justi cations, given Environment-centric Local. This justi cation uses the
during the same gameplay scenario in the treasure hunt dame visual representation of alternating between the current
main. Note that the percentages shown on the map in befhd prior PMF asenvironment-centric Globabut instead of
environment-based justi cations involve alternating visuallghowing the entire heatmap, only the heatmap values at the
between the old and new probabilities every 1.5 seconds. fspleci ¢ goal locations of the current and previous recom-
simplicity, only the old probabilities are shown for “environmendations are shown, alongside the numerical probabilities
ment local' and the new probabilities for “environment globakssociated with those two locations.
in this gure. Policy-centric Global. This justi cation is conveyed as
a natural language counterfactual, focusing on long term
C2. Policy FeaturesThese features lack in interpretability,rewards. For a multi-target, time-constrained search domain,
since they don't provide any insight into the robot's rationaléin example of this justi cation is “On average, following the
but they are highly comprehensible, as the user can eagigw path will result inX targets found overall, compared
compare the end results of the agent's decision-making. to the old path aty targets found.” This takes an abstract
C3. Local FeaturesHumans are bounded by a limited cogconcept of expected long-horizon reward and maps it to a
nitive capacity [53], and tend to prioritize short-term rewardduman understandable sentence. To estimate valuesnd
in their own reasoning (e.g., Stanford marshmallow experime¥it in our partially observable domain, we utilize a heuristic
[43]). Therefore, local features provide a mix of short-sightegPmbining the computed odds over the given recommendation
interpretability and compliance characteristics. with the overall entropy of the PMF, which decreases over time
C4. Global FeaturesGlobal features sacri ce precision for through exploration. This strategy can be employed for any
high comprehensibility, succinctly conveying the robot's |on9d0main that uses a PMF-based goal likelihood formulation.

term policy with human-understandable explanations tied toPolicy-centric Local. This justi cation is also conveyed as
the success criteria of the task itself. a natural language counterfactual, but focused on short-term

rewards. For example, our domain uses the form "On average,
the new path will takeX moves to nd a target, compared to
the old path atY moves.” The means of generatixXg andY
We frame the four proposed justi cation types, built fromin this case is simpler, as the reward can be more accurately
the 2x2 cross, in the context of a multi-target search task whigbtimated over a xed-horizon recommendation. It is simply
utilizes a dynamically updating probability mass functiod case of mapping abstract reward to human understandable
(PMF) as the primary element of the feature space, a comm@utput. Fig. 3 shows how these four justi cation types were
practice in search and rescue operations [20, 64, 65]. The PMEpped to our treasure-hunt domain.
is a discrete mapping of locations to the probability of a target
being found at the location. It is, in essence, a heatmap repfe- Hypotheses
senting the likely locations of targets across the environme#tl: Objective Hypotheses
As information is gathered through environmental exploratior{1.a (Compliance) Participants will have higher compli-
the PMF is updated via Bayes' Rule. ance with recommendations when given policy-based jus-
To estimate mental model divergence over time, the systéneations, compared with environment-based justi cations
estimates the human's polic§, by using the last recom- and no justi cation, as policy-based justi cation utilizes ab-
mendation given to the human by the robgt, taken from straction and framing effects, resulting in a higher level of
a previous timestep. This leverages the assumption that pe¥suasiveness[44].
human teammate's mental model is aligned with the molstl.b (Performance)Participants will perform better in the
recent guidance they have received from the system, wghme when given policy-based justi cations, compared with

A. Framing Justi cations for Search Tasks



environment-based justi cations and no justi cation, as conmB. Rules of the Game

pliance should correlate with performance given the relatively Participants played two rounds of the game with the goal
high competence of the recommending system in our doma@?-digging up as many of the 25 treasures hidden throughout
H1.c (Decision-making TimepParticipants will take longer t0 5 18x27 maze grid as they could in a period of 60 turns.
make decisions when given environment-based justi cationggch tyrn, participants could choose either to move to any
compared with policy-based justi cations and no justi cationgailable adjacent grid square, or to dig on the square they
as environment-based justi cation includes more contextugltljrrenﬂy occupied to earn one treasure if one was located
information, which promotes active thinking patterns. there. A team of Al-controlled drones explored the grid
H2: Subjective Hypotheses autonomously, moving multiple tiles in a turn and taking
H2.a (Mental Load) Participants will report lower mental nojsy treasure-detecting measurements of every tile own over.
load when given policy-based justi cations, compared withrhese readings were used to update both their PMF and the
environment-based justi cations, since environment-based jysuidance they provided to the participant. The guidance took
ti cations have more information to process, and compargfe form of a green line with an orange 'X' at the end,
with no justi cation, as people tend to report higher workloaghdicating where the drones thought the participant should dig
when interacting with systems behaving inexplicably [59]. next (see Fig. 4), which participants could choose to follow or
H2.b (Trustworthiness)Participants will rate the system asnot. Whenever a justi cation was triggered by our framework,
more trustworthy and reliable when given environment-basggk prior path recommendation was shown in gray, with the

justi cations, compared with policy-based justi cations and nQest of the justi cation depending on condition (see Fig. 3).
justi cation, as environment-based justi cation provides more

transparency and contextual information, which will result in

participants feeling like they understand the decision-making

process.

H2.c (Perceived Intelligence)Participants will rate the sys-

tem as more intelligent when given environment-based jus-

ti cations, compared with policy-based justi cations and no

justi cation, also due to the transparency into the decision-

making process provided by environment-based justi cationsig. 4: Drone guidance is shown as a path overlay and a textual
H2.d (Justi cation Interpretability) Participants will rate representation of the next suggested move.
environment-based justi cations as more interpretable, infor-

mative, and helpful for decision-making compared to policyc. Study Protocol

based justi cations, due to the extra information provided by The experiment was run in several batches with randomly

environment-based justi cations. determined condition, using Amazon Mechanical Turk to
crowd-source participants. High quality participants were tar-
VI. EXPERIMENTAL EVALUATION geted by ltering for high numbers of previously approved

We investigate the preceding hypotheses regarding the
fects of different types of justi cation on participants throug
an IRB-approved human-subjects study.

ditionally, on top of the base compensation rate of $3, a
onus of 5 per treasure found during the game was paid to
further incentivize participant effort towards high performance.
After providing informed consent, participants completed a
short pre-experiment demographic survey. After reading the
We conducted a 5x1 between-subjects experiment usifiles of the game, participants completed a short comprehen-
Amazon Mechanical Turk to evaluate the four types of jussion quiz and played a tutorial level to ensure they understood
ti cations introduced above, alongside a control conditiofheir objective. Next, participants played the two rounds of the
that did not include justi cations, in the experimental domai@ame and Comp|eted a post-experiment survey which involved

described in Section Il (Fig. 1-top). The participants' goal wag combination of Likert scale and free response questions.
to explore a maze and nd as many buried treasures as they

could in a limited number of turns. Participants were assistéj Measurement

in their task by a team of autonomous drone teammates whadrhe pre-survey collected demographic information about
simultaneously explored the maze and provided constanthur participants. Out of 104 initial MTurk participants, we
updating recommendations to the human based on their ovemoved 13 from data analysis for either failing to locate a
noisy sensor readings. The VOI-based framework for strategingle treasure during the game or for repeatedly spending
justi cation timing described in Section IV determined wherexcessive time inactive without inputting a move, indicating
justi cations should be provided to participants. The typéack of understanding of or concentration towards the game,
of justi cations were determined by experimental conditiontespectively. This left 91 participants (51 males, 37 females,
“global policy', “local policy', “global environment', ‘local and 3 who did not specify gender) with ages ranging from
environment', or "no justi cation' (control). 23 to 72 years oldM = 40:99;SD = 11:80). 39.6% of

Eéks on Mechanical Turk, as well as approval percentage.
d

A. Experimental Design



participants reported working in a STEM eld, and 69.2%guestionnaires, we identi ed four key concepts to validate our
of participants reported having received a bachelor's degriegpothesisiTrust, Justi cation Interpretability, Workload, and

or higher. 19 participants each ran the “global environmerRerceived Intelligence

and "no justi cation' conditions, 18 each ran the ‘global To determine these constructs, we used principal component
policy' and “local policy' conditions, and 17 ran the “localanalysis to extract latent factors from the above mentioned

environment' condition. scales and calculated the factor loading matrix using varimax
We collected a number of objective measures from partigistation. We identi ed items that could be combined to create
pant gameplay, including: concept scales with a correlation cutoff pointrof 0:6 to

Targets FoundThe total number of treasures discoveredhe factor matrix [29] which resulted in the scales presented
Compliance RateThe percentage of moves taken byn table Il.
users that matched the recommendations provided by the
system.

Compliance Rate During Justi catiorThe percentage of A. Objective Analysis
moves taken by users that matched the recommendation
provided by the system, on turns when justi cation

VIl. RESULTS

Yo test our objective hypotheses, we analyzed the various
X ) N Tnetrics collected during the game using a one-way analysis
were pr.owlded. Note t.hat_m t_he control condition N®f variance (ANOVA) with experimental condition as a xed

justi cation’, although justi cations are never offered, effect. Post-hoc tests used Tukey's HSD to control for Type |

V.Ve.St'” coIIept this measure by applymg the same VOLirors in comparing results across each of the four justi cation
timing algorithm but never acting on it.

Time Per MoveTh time tak types and the control condition.
ime Fer Move The average time taken per move. Our hypotheses expected between-conditions differences
Time Per Move During Justi cationThe average time

taken t ke decisi hen iusti cati to be more pronounced along the axis of policy-based vs.
vaildgg 0 Mmake decisions when justi calions Were prog.,ironment-based features, compared with global vs. local

features. Hence, we conducted additional analysis using a one-
way ANOVA with bucketed results, comparing policy-based

TABLE II: Subjective Scale Measure Items. wey ) ' e ) SO
justi cation vs. environment-based justi cation vs. no justi-

I"jsgrgcégzzaecnhtsm t_rmé)gfs)tem cation. Again, post-hoc signi cance was determined using
2. The system is dependable Tukey's HSD. The means per condition and per bucket are
3. The system is reliable shown in Tables Ill and IV below.

4. | can trust the system

Justi cation Interpretabilty (Cronbach's = 0.94) Global Local Global Local

1. | found the justi cations to be complete and understandable. i ) None

2. 1 was able to adapt better to the game due to the justi cations provided Policy Policy Env. Env.

3. | found the justi cations to be suf cient for making decisions. Compliance Rate 84.679 | 81.53% | 70.659%F | 75.48% | 70.53%

4. | found that the justi cations were informative during the game. Compliance Rate

5. The justi cations were useful. A o 56.469% | 54.50% | 40.57% | 49.54% | 48.52%

6. | understand why the system used speci ¢ information in its justi cationg (Buring Justi cation)

7. 1 understood how the system arrives at its answer. Targets Found 9.28" 8478 | 7.0 | 7.78 6.3%

8. | understood the systems reasoning. Time per Move 1.308 1.40s 201s 210¢ | 1.90s

9. | could easily follow the justi cations to arrive at a decision. T M

Workload (Cronbach's = 0.76) 'me per Move 1748 | 1668 | 2.49s | 3.30¢ | 1.858

1. How mentally demanding was the game? (During Justi cation)

2. How hurried or rushed was the pace of the game? . . .
3. How hard did you have to work to accomplish your level of performance?ABLE 1ll: Means for objective measures across all condi-

4. How insecure, discouraged, irritated, stressed, and annoyed were toons. Measures with ANOVA signi cance are indicated by *.

during the game? Post-hoc signi cance is shown using letters. Individual means
Perceived Intelligence(Cronbach's = 0.92) 9 9 ’

1. System is Competent denoted by A are signi cantly higher than B/C or C. Likewise,
2. System is Knowledgeable A/B is signi cantly higher than C.

3. System is Intelligent o

4. System is Sensible The ANOVA revealed signi cant effects for both overall

Likert items are coded as 1 (Strongly Disagree) to 7 (Strongly Agree) compliance rate (F(4,86) = 3.98, p = 0.0052), and compliance

For subjective measures, we administered a post-experimete during justi cation (F(4,86) = 3.09, p = 0.020). Post-
questionnaire to participants after completing the treasure hinoic analysis for overall compliance rate with Tukey's HSD
task. The questionnaire was developed using well-establistetbws that participants complied signi cantly more in the
metrics from the elds of robotics and explainable Al, includ-global policy' condition compared to both the "no justi-
ing the Trust in Automation Survey [34], the Interpretabilitycation' condition (p = 0.019), and the “global environment'
and Decision-Making Surveys for XAl metrics [63, 31, 52]condition (p = 0.020). Post-hoc analysis of compliance rate
the Stress and Workload (NASA-TLX) [26], and the Perceiveduring justi cation found a signi cantly higher compliance in
Intelligence (Godspeed Questionnaire) [3]. Participants weiglobal policy' compared to “global environment' (p = 0.016).
asked to rate their opinions on the guidance provided bySigni cance was likewise found in the ANOVA compar-
the agent using 7-point Likert-scale items. Based on theisg the policy-based, environment-based, and no justi cation



Policy Features | Env Features | None based justi cations led to better user performance in the
Compliance Rate 83.14% 73.0098 70.53% game, compared with both no justi cation (p = 0.0005), and
Compliance Rate environment-based justi cations (p = 0.018). These results
55.5196' 44.93% 48.52% serve tovalidate H1.b (performance)

The timing measures, related to the latent measure of

(During Justi cation)

T‘_“gas Found 8.69 138 632 participant thinking load, had signi cant effects both for time
Time per Move 2 e S per move (F(4,86) = 3.71, p = 0.0078) and time per move
Time per Move 1708 2934 1.858 during justi cation (F(4,86) = 3.74, p = 0.0075). Post-hoc
(During Justi cation) * analysis for time per move showed that participants in the

TABLE IV: Means for objective measures across the thre‘gjcal en_vironment' condition t9°k signi cgntly more time to
condition buckets. Measures with ANOVA signi cance ardake their moves compared to “global policy’ (p = 0.030), but

indicated by *. Individual means denoted by A demonstratélf! signi ca'n'tly rr|1|ore E'rlne ﬁompared o "Ioc'al policf)f/' (pf=
post-hoc signi cance over means denoted B. 0.089). Additionally, while there was no signi cant effect for

‘global environment' taking longer on average than “global
policy’, further exploration may be merited in future work (p =
0.063). Post-hoc analysis for time per move during justi cation
showed three signicant effects, with “local environment'
taking more time than ‘local policy' (p = 0.016), “global
policy' (p = 0.022), and "no justi cation' (p = 0.033).
In the bucketed analysis of timing, the ANOVA showed
signi cance in both time per move (F(2,88) = 7.44, p =
0.0010), and time per move during justi cation (F(2,88) =
5.91, p = 0.0039). Post-hoc analysis of time per move showed
that, with environment-based justi cations, participants took
signi cantly longer than with policy-based justi cations (p =
0.0009). Interestingly, no justi cation similarly had a signif-
N ) icant effect, taking longer than policy-based justi cations (p
Fig. 5: Compliance rate by condition, with means and post-g 047). This shows that despite the added cost of attending
hoc signi cance shown. to justi cations, participants were able to take their moves
faster on average in the policy-based justi cation conditions.
Similarly, post-hoc analysis of time per move during jus-
buckets for both overall compliance rate (F(2,88) = 7.19, tpcation showed that environment-based justi cations took
= 0.0013), and compliance rate during justi cation (F(2,88) signi cantly higher time than both policy-based justi cations
4.41, p = 0.015). Post-hoc analysis showed that overall comgl- = 0.0049), and no justi cations (p = 0.050). These results

ance rate was signi cantly higher for users with policy-basegerve tovalidate H1.c (decision-making time)
justi cations than those with environment-based justi cations

(p = 0.0047), and those with no justi cation (p = 0.0062)B. Subjective Analysis
Post-hoc analysis of the compliance rate during justi cation We conducted similar analysis to test our subjective hy-
additionally showed a signi cant effect for policy-based ovepotheses, running one-way ANOVAs xed by both experimen-
environment-based justi cations (p = 0.012). These resultsl condition, as well as bucketed by the feature class seen dur-
serve tovalidate H1.a (compliance) ing justi cation (policy-based, environment-based, or no justi-

Since our experimental domain was associated with a higtation). Post-hoc signi cance was determined using Tukey's
degree of robot competence, performance in the game (numbB&D. In the case of the scale for justi cation interpretabil-
of targets found) highly correlated with compliance with th@y, the Likert-scale questions asked referred speci cally to
drones' suggestions. Using Pearson's correlation coef cierjsti cations, so was limited only to the four experimental
we veri ed this relationship (i.e., the more participants choseonditions that possessed justi cations, excluding the control.
to follow the guidance, the better they perform) (r(91) = 0.77, Of the 91 participants with usable gameplay data, an
p < 0.0001). The ANOVA showed a statistically signi cantadditional ve failed basic attention-check questions in the
effect for number of targets found (F(4,86) = 4.77, p survey. Post-hoc analysis of survey responses showed six
0.0016). Post-hoc analysis showed three signi cant effectsirther outliers, with signi cantly lower internal consistency
Participants in “global policy' found more targets than those #mong related survey question answers than other participants,
“no justi cation' (p = 0.016), or in “global environment' (p = appearing more like random clicking than coherent responses.
0.027). Additionally, those in “local policy' found signi cantly Removal of those 11 participants left us with the surveys of
more targets on average compared to ‘none' (p = 0.047). 80 participants for subjective analysis.

The ANOVA per bucket also revealed signi cance (F(2,88) There were no statistically signi cant differences on the
= 8.46, p = 0.0004). Post-hoc analysis found that policfWorkload scale, either in the ANOVA with experimental



Global | Local Global | Local
) . None

Policy Policy | Env. Env.
Workload 3.40 3.67 4.05 3.63 4.24
Trust 4.15 3.94 5.23 4.80 4.87
Perceived

4.59 4.88 5.73 5.16 5.27
Intelligence
Justi cation

4325 428 | 5400 | 496 | N/A
Interpretability *

TABLE V: Means for subjective measures across all condi-
tions. Measures with ANOVA signi cance are indicated by

*, Individual means denoted by A demonstrated post-h

signi cance over means denoted B.

Policy Features | Env Features | None
Workload 3.53 3.85 4.24
Trust 4.08° 5.03 4.87
Perceived

473 547 5.27
Intelligence
Justi cation

4.28 5.20 N/A
Interpretability *

TABLE VI: Means for subjective measures across all con

?—ng. 6: Rated interpretability of justi cations by condition,
with means and post-hoc signi cance shown.

xed by experimental condition (F(3,59) = 3.94, p = 0.013).
Post-hoc analysis revealed that the justi cations in the “global
environment' condition were rated as signi cantly more inter-
pretable and informative when compared to the justi cations
from both the “local policy' condition (p = 0.023), and the
“global policy' condition (p = 0.035).

There was an additional signi cant effect for the data
bucketed by feature class for tlesti cation Interpretability

d§_cale. Since this scale speci cally compares justi cations, the

tions. Measures with ANOVA signi cance (or Student's t-testNO Justi cation’ bucket is excluded from analysis, and the

signi cance, in the case of Justi cation Interpretability) are
indicated by *. Individual means denoted by A demonstratdd®

post-hoc signi cance over means denoted B.

ata is compared using a simple one-tailed t test, where the
ti cations from environment-based justi cation conditions
are rated as signicantly more interpretable compared to
justi cations from policy-based justi cation conditions (t(61)

= -3.35, p = 0.0007). These results servevadidate H2.d

condition as its xed effect or between the bucketed classes (@fisti cation interpretability) .

policy-based, environment-based, and no justi cation. There\-/III

fore, the hypothesisi2.a (mental load) is inconclusive _ o _
The condition-wise ANOVA of theTrust scale also did not A. Recommendations for Justi cation Design

reveal a signi cant effect (F(4,75) = 2.33, p = 0.064), but the |n this section, we summarize the main ndings and impli-
bucketed ANOVA forTrustdid reveal signi cance (F(2,77) = cations drawn from the results of our user study on the utility
4.29, p = 0.017). Post-hoc analysis with Tukey's HSD revealed justi cation in human-robot interaction.
that environment-based justi cations were rated as signi- 1) High Robot Competence or Low Human Competence:
cantly more trustworthy than policy-based justi cations (p ®Jse Policy-based Justi cationsPolicy features are highly
0.019). However, no effect was found between environmerfomprehensible to human teammates, as the information is
based justi cation conditions and no justi cation, meaning thipackaged such that users can compare the end results of the
result serves tartially validate H2.b (trustworthiness).
Likewise, while the per condition ANOVA of thBerceived and is framed taking the human teammate's own utility into
Intelligence scale was not signicant (F(4,75) = 2.23, paccount. There is little room to think critically about or ques-
= 0.073), the feature-class bucketed ANOVA fBerceived tion the accuracy of policy-based counterfactual justi cations,
Intelligencewas (F(2,77) = 3.30, p = 0.042). Post-hoc analysighich resulted in a high level of persuasiveness in our study
showed that the drone teammates using environment-baged saw that policy-based justi cations led to signi cantly
justi cations were rated as signi cantly more intelligent tharhigher compliance when compared with environment-based
the drone teammates using policy-based justi cations (p &f no justi cations). In our user study with highly compe-
0.038). Again, no effect was found between environmenrtent robot teammates, participants were more successful in
based conditions and no justi cation, meaning this resudiccomplishing their task when presented with this style of low
serves topartially validate H2.c (perceived intelligence)
Lastly among the subjective scales, the ANOVA for the It is important to note that if the robotic agent were not
Justi cation Interpretabilityscale did reveal signi cance whengiving competent recommendations, participants would likely

R ECOMMENDATIONS & POTENTIAL APPLICATIONS

robot's decision making. The information is highly abstract,

transparency, easily comprehensible justi cation.



highly variable, independent human behavior [59]. This leads
to a signi cantly lower compliance rate when compared with
policy-based justi cations. If environment-based justi cations
were deployed in a domain with a high relative competence
of robot-provided guidance, there would be a large number of
Type Il errors made, whenever users reject the high-quality
advice of the robot. Therefore, in scenarios where the human
teammate brings expertise in their decision-making that is hard
to match with the automated guidance of a collaborative robot,
environment-based justi cations are more appropriate.
Focusing on the other axis of our 2x2 justi cation char-
acterization, in our study we generally found that the use
of global features outperformed the local features on the
Fig. 7: A taxonomy of the usefulness of each justi cation typgespective measures that policy-based and environment-based
justi cations excelled at. For instance, “global policy' had the
have performed signi cantly worse due to their Ovel’-l‘e"ancﬁighest user compliance rate and performance, and “global
on a low-quality decision support system. Policy-based jusnvironment' had the highest perceived interpretability. We
ti cation could result in over-reliance and dependence Oposit that this is likely related to the short-term nature of the
the system, causing passive thinking patterns [35] where tiageraction in our evaluation domain. In longer lasting, more
human cedes effective control of decision-making entirely gbmplex domains, local features may prove may bene cial,
the robot agent. In cases of low robot competence, this wowld they can help prevent the human teammate from being
lead to a large number of Type | errors where users accefierwhelmed by excess information. More research is needed
low-quality advice from the system [21, 14] to con rm this. We summarize the characteristics and suitable
Therefore, during human-robot teaming scenarios or dase cases of each justi cation type in Fig. 7.
mains where you would expect the quality of robotic guidance ) o ) o
to be fairly high relative to a human operating by themselveB; Potential Application: AR-based Spatial Navigation
policy-based justi cation should be used, increasing human To illustrate the application of these synthesized justi cation
teammate compliance, making them a more predictable megesign principles, we present a concept of how they might by
ber of a multi-agent team. This would signi cantly improveimplemented in a real-world decision support system embed-
the planning system's ability to optimize over all agents, sinated in an augmented reality (AR) interface (similar to Tabrez
the innate uncertainty associated with accounting for humanal. [59]). Since our framework and results are drawn from
decision making would be greatly reduced [13, 39]. Policya partially observable, multi-goal search task, we designed
based justi cation can also be suitable when the human neeaHis interface for domains that share these characteristics,
to make snap decisions in time-critical situations. such as search and rescue, radiological device recovery, or
2) Low Robot Competence or High Human Competenoexplosive ordnance disposal. However, since the features tested
Use Environment-based Justi catiorEnvironment-based fea- were derived from general xAl principles, it is likely that the
tures provide highly interpretable, highly contextual informaaxonomy presented in Fig. 7 is more broadly applicable to a
tion, and are well-suited for representing uncertainty. Theyide range of human-robot collaborative tasks, though further
push human teammates towards a more active thinking patteasearch is needed to con rm this.
which is more analytical, deliberate, and rational [35]. Humans Humans using this interface explore an environment search-
tend to view this type of justication as more of a tool,ing for hidden targets. Meanwhile, a drone teammate conducts
compared with the more abstracted policy-based justi cationiss own exploration of the environment, using its sensors to
This can lead to better-informed decision making and moupdate its model of where it believes the hidden targets are
successful adaptation to uncertain situations. In our study, Vikely to be. The drone continually provides navigation guid-
observed that environment-based justi cations during changasce to the human, aiding them in the task of locating as many
of recommendation were associated with signi cantly moreargets as possible in a limited amount of time. Whenever
thinking time than policy-based or no justi cations. What'gusti cation is triggered by a signi cant change in guidance,
more, participants rated robotic agents using environmemoie of two justi cation modules is chosen, depending on the
based justi cations as the most trustworthy, and environmerdrone's current con dence in the quality of that guidance.
based justi cations themselves as the most informative, inter-AR-based Policy Justi cation. In regions of high drone
pretable, and helpful for their decision-making process.  con dence, a policy justi cation is triggered (Fig. 8 Top). The
This added transparency and increased information cokR interface renders the current guidance in the form of a
tent comes at the cost of being more demanding and tineslored arrow and pin directly overlaid onto the environment,
consuming to parse, leading to slower decisions. Additionallglling the human where the drone thinks they should go
environment features are able to be interpreted in any numlaeid search next. The guidance from the prior time step
of ways by different human agents, which often leads ie rendered as a gray arrow and pin. In addition to these






	Introduction and Motivation
	Background & Related Work
	Definition of Application Domain
	Justification Framework: Timing
	Spectrum of Justification Timing Strategies
	Strategically Timing Justifications: Value of Information
	Justification Timing Case Study

	Justification Framework: Content
	Framing Justifications for Search Tasks
	Hypotheses

	Experimental Evaluation
	Experimental Design
	Rules of the Game
	Study Protocol
	Measurement

	Results
	Objective Analysis
	Subjective Analysis

	Recommendations & Potential Applications
	Recommendations for Justification Design
	High Robot Competence or Low Human Competence: Use Policy-based Justifications
	Low Robot Competence or High Human Competence: Use Environment-based Justification

	Potential Application: AR-based Spatial Navigation

	Conclusion

