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Abstract— Robots are increasingly deployed across diverse
real-world domains. As they assume critical roles, it becomes
essential for humans to understand how they sense, reason, and
act to ensure safe and responsible use. Recent advances in
Explainable AI (XAI) have sought to support this understand-
ing through the explanation-by-example paradigm. Specifically,
policy summarization has emerged as a promising solution,
generating summaries composed of representative examples
of robot behavior for users. However, existing methods select
examples only from the robot’s training set (i.e., in-distribution
scenarios). As such, they fail to capture a variety of scenarios
that the robot would encounter in practice but are absent from
its training set (i.e., out-of-distribution scenarios). We argue
that holistic explanations, containing both in-distribution and
out-of-distribution examples, are crucial for fostering human
understanding of robot behavior. To address this gap, we
introduce Out-of-Distribution Policy Summarization (OOPS),
an explanation-by-example approach designed to jointly teach
users how robots perceive, reason, and act in novel scenarios.

I. INTRODUCTION

Robots are increasingly assisting human users, including
at workplaces, hospitals, and disaster zones [!]-[4]. Across
these domains, humans’ ability to anticipate robot behavior
is crucial for safe and effective human-robot interaction
(HRI) [5]. To predict robot behavior, humans naturally form
a THEORY OF MIND (ToM) about a robot based on their prior
knowledge and interactions [6], [7]. However, without proper
interventions, humans’ acquisition of an accurate ToM can
be slow, thereby leading to task failures and, in the worst
case, catastrophic accidents resulting from poor HRI.

Fortunately, explanations can help. Research has shown
that users who are provided with explanations of a robot’s
decision-making can better predict its behavior [8], [9].
Consequently, several XAl (EXpLAINABLE Al) methods have
been designed to explain machine learning models, including
those used for perception by robots, such as image classifica-
tion and object detection algorithms [6], [7]. More relevant
to our focus on robot behavior, policy summarization has
emerged as a promising XAl solution [10]-[15]. Following
the explanation-by-example paradigm, policy summarization
algorithms explain a robot’s overall behavior (mathematically,
its policy function) by creating summaries comprised of
salient examples (demonstrations) of its behavior.

Research Gaps: Existing policy summarization methods,
however, are limited in the content of summaries that they
generate. First, most assume the robot has complete ob-
servability of the task state, thereby omitting details on its
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Fig. 1. Inspired by prior policy summarization methods, OOPS explains
the robot’s overall behavior through salient examples. However, unlike
prior methods, OOPS is capable of generating out-of-distribution examples,
thereby producing summaries that consider a richer variety of scenarios than
those available in the robot’s training set.

perception [13], [16]. However, robot perception is rarely
perfect; robots utilize perception models that map sensor
observations to the robot’s internal representations or ac-
tions. These perception models are trained on datasets of
input-output pairs. Second, the few policy summarization
works [17] that consider a robot’s perceptual limitations are re-
stricted to generating summaries based on the training dataset
(henceforth, referred to as in-distribution or ID examples).
As such, the existing policy summarization algorithms fail to
capture a variety of scenarios that the robot would encounter
in practice but are absent from its training set (henceforth,
referred to out-of-distribution or OOD examples).
Summary of Contributions: We argue that holistic sum-
maries, containing both in-distribution and out-of-distribution
examples, are crucial for fostering human understanding
of robot behavior. To enable generation of such policy
summaries, our work makes the following contributions:

1) In Sec. III-D, accounting for robot’s partial observability
of the task state, we provide a more general formulation
of the policy summarization problem that considers both
robot perception and decision-making.

2) In Sec. 1V, to solve this problem, we provide an algo-
rithm OOPS: Out-of-Distribution Policy Summariza-
tion that generates policy summaries comprising of both
in-distribution and out-of-distribution scenarios (Fig. 1).

3) In Sec. V, through two human subject studies evaluating
the impact of robot policy summaries, we confirm that
out-of-distribution examples are indeed critical to human
understanding of robot behavior and can be effectively
generated using OOPS.

The paper concludes with open problems and future directions

on policy summarization, an important topic for safe and
responsible human-robot interaction.



II. RELATED WORK

Before describing our contributions, we provide a brief
overview of methods for explaining robot behavior [8], [9],
categorizing them based on their focus: perception or policies.

A. Explaining Robot Perception

A core challenge in XAI for robotics is making a robot’s
perception explainable for end users. In HRI applications,
robots commonly rely on computer vision models to perceive
humans and their environment. XAl methods can explain how
visual inputs influence output of these perception models
through feature attribution or concept-based reasoning [ 8]—
[22]. Feature attribution methods, such as Grad-CAM, high-
light image regions most influential to model prediction [20]
and have been used for explaining robot perception [23], [24].
Concept-based explanation approaches link a model decision
to human-interpretable concepts [21], [22]. These methods
offer local explanations, explaining a specific (input, output)
instance of the perception model. To help users understand the
model’s overall behavior, explanation-by-example paradigm
builds on local explanations and offers salient examples of
model’s (input, output, local explanation)-tuples [25], [26].
While related, aforementioned XAI methods focus exclu-
sively on explaining perception and do not consider robot
policies. In contrast, this paper jointly considers perception
and decision-making, integrating explanations of perception
models with frameworks for explaining robot policies.

B. Explaining Robot Decision-Making

It is imperative that humans understand robot behav-
ior, including its perception and decision-making, for safe
and effective HRI [5]-[9]. Policy summarization methods
have emerged as a practical mechanism for addressing this
need [10]-[13]. These methods explain a robot’s policy by
generating summaries composed of salient demonstrations of
its behavior. To generate summaries, some methods exploit
information internal to the policy (e.g., value functions or
Q-values) to identify salient states and actions for expla-
nation [14], [15]. A complementary line of work explicitly
models how humans infer robot intent using Theory-of-Mind
formalisms, and then optimizes for demonstrations that are
most informative under the user’s inference model [11]-[13].
Evaluations with humans confirm the utility of these methods
in enhancing user understanding and prediction of robot
behavior [11]-[13]. Despite these advances, most existing
policy summarization methods are limited to explaining state-
to-action policies, ignoring robot perception. In contrast, the
proposed method OOPS also considers robot perception and
explains observation-to-action policies.

In summary, robot behavior depends not only on its state-to-
action policy but also its observation-to-state perception [27].
This motivates XAl approaches that couple policy summaries
with perception explanations, especially for OOD situations
where misperception can induce downstream behavioral devi-
ations. However, most existing methods for explaining robot
behavior focus either on perception or policies, but not both.
The proposed method OOPS addresses this gap.

III. ProBLEM FORMULATION

This section describes mathematical models for the robot’s
task and behavior, followed by a formal description of the
OOD policy summarization problem.

A. Task Model

Similar to existing work on policy summarization, we con-
sider problem settings where the robot performs sequential
tasks that can be described using a Markov Decision Process
(MDP) [28]. MDPs are a general model of sequential decision-
making under uncertainty, prevalent in robotics and embodied
Al. Mathematically, an MDP is described by the tuple M =
(S,A,T,R,y,h). Here, S and A represent the set of states
s and actions a, respectively. T(s’|s,a) is the transition
function, capturing the probability of the impact of the robot’s
actions on the state transitions. R(s, a) is the reward function,
signifying the immediate reward. y is a discount factor, and
h is the task horizon. The MDP objective is to maximize the
expected cumulative return, G = E [ ?20 Y'R(s¢,a1); n], by
selecting the optimal decision-making policy 7 (als).

B. Robot Model

In practice, the robot often does not have complete knowl-
edge of the task model, e.g., the MDP transition or reward
function. Consequently, its behavior in practice might not
be optimal. State-of-the-art policy summarization methods,
therefore do not make assumptions about how the robot’s
autonomous behavior is programmed (e.g., it can be learned,
planned, or even rule-based), nor do they assume that it is
perfect [13], [16]. However, existing methods typically assume
that robot has full observability of the task state and focus
on state-dependent policies of the type n(als).

In this work, we relax this strong assumption by allowing
for partial observability of the task state. Specifically, we
model that the robot observes its environment through sensors
that provide observation z € Z, and then uses an observation-
dependent policy that maps these observations to actions.
Multiple methods exist for learning policy mappings from
observations to actions [29]-[31]. A common approach
involves a modular policy, where the robot first maps its
observations to the most probable estimate of the task state,
and then applies a state-dependent policy that maps this
internal estimate to an action. We focus on this modular
policy and discuss the generalizability of our contributions
to other representations in the Conclusion section.

Mathematically, we model the robot’s behavior through a
modular observation-dependent policy 7 : Z X A — [0, 1],

n(alz) = go f(z) (D

represented as a composition of robot’s perception f(z) = §
and decision-making g(a|§) models. The perception model
f:Z — 8§ is typically a machine learning model, such as an
object detection model [32], fine-tuned to estimate the task
state. We denote the dataset used to train this model as D,
composed of model input-output pairs (z,s). Observations
belonging to this dataset are denoted as in distribution (ID),
while the remaining are considered out of distribution (OOD).



While the robot may encounter a large set of observations
during task execution, z € Z, it is trained using a subset of
this data, D c Z. The decision-making model g : SX A —
[0, 1] can be developed through a variety of algorithms [28],
[33]. We do not make assumptions regarding the mechanism
for computation of g or its optimality.

C. Limitations of Prior Work

Existing policy summarization methods summarize a
robot’s overall behavior, as defined by its state-dependent
policy function, using n salient examples [10]-[15]. These
methods, however, only consider in-distribution (ID) observa-
tions and policy summaries. Each example is a demonstration
of robot trajectory, 7;(s;), obtained by executing the robot’s
policy n(-) starting from state s;. Optionally, these examples
can be augmented with local explanations e; of the demon-
strated behavior, such as reward information [13]. For these
works, a policy summary of size n can be represented as
a set of n states: o5 = {s1,---,s,}. The problem of (in-
distribution) policy summarization is thus one of selecting
the subset oy C S where demonstrations of robot behavior
most effectively summarize its state-dependent policy.

While these methods have found success, they are limited
by assumptions inherent in their problem formulation. First,
they represent robot behavior using a state-dependent policy,
thereby assuming that the robot has full observability of the
task state. Consequently, they search for the policy summaries
o within the state space, assuming Z =S comprehensively
covers possible robot stimuli and resulting behavior. However,
in practice, robots must make decisions based on observations.
Thus, policy summaries must account for robot behavior
across the broader range of stimuli encountered in practice,
mathematically represented by its observation space Z # S.
This work addresses this more generalized problem of pol-
icy summarization, which considers observation-dependent
policies. The problem addressed in prior works, which we
refer to as in-distribution policy summarization, is a special
case of the proposed problem that additionally assumes f
perfectly estimates the state from observations.

D. Problem Statement

Summaries of robot policies must summarize both robot’s
perception (e.g., Which objects it perceives in the current
scene?) and action (e.g., Which object it will pick next?). As
such, for observation-dependent policies, summaries should
include not only information on states but also robot’s
observations z € Z. Consequently, in this work, we define a
policy summary of size n as a subset o C Z of observations
o ={z1, -, zZn}. Each example in the summary corresponds
to a demonstration of robot trajectory, 7;(z;), generated by
executing the observation-dependent policy 7 () starting from
observation z;. These examples can be augmented with the
state estimate §; = f(z;) and, optionally, local explanations
e; of the demonstrated behavior 7;(z;).

The generalized problem of policy summarization thus
corresponds to selecting the subset of observations o € Z
of cardinality n given

« the robot’s perception model f: Z — S,

« the robot’s decision-making model g : S X A — [0, 1],

« the training data set D C Z, and

« a subroutine to demonstrate 7(z;), the corresponding state
estimate §;, and (optionally) local explanation e;,

to maximize the human’s ability to accurately predict robot
behavior m(a|z) given its observation z. We next provide a
solution to this human-centered problem.

IV. Out-0F-DisTRIBUTION POLICY SUMMARIZATION

As a solution to the problem of summarizing observation-
dependent policies, we introduce the Out-of-Distribution Pol-
icy Summarization (OOPS) in Alg. 1. Similar to previous pol-
icy summarization methods, OOPS follows the explanation-
by-example paradigm, generating key robot demonstrations to
provide users with an understanding of its overall behavior 7.
However, instead of searching for salient examples only in its
in-distribution scenarios 9, OOPS augments this dataset with
out-of-distribution examples (line 7, Alg. 1). The augmented
dataset D U D. is used to generate o, policy summaries
comprising both ID (lines 2-6) and OOD examples (lines
8-10). After selecting these observation-dependent examples
z; € o of robot behavior, they are interactively presented
to the user along with corresponding trajectories 7(z;), state
estimate §;, and local explanation e;.

A. Selecting In-Distribution Examples

To accurately summarize robot behavior, ID examples
are essential, even with our emphasis on OOD scenarios.
These examples can aid humans in developing a ToM about
the robot within limited ID settings before extending it to
cover the robot’s broader and potentially more complex OOD
behaviors. Thus, OOPS develops summaries that include ID
examples, as illustrated in lines 2-6 of Alg. 1.

1) Line 2: To select the salient ID examples, we build on
existing policy summarization methods that consider state-
dependent policies [1 1], [12], [14], [34]. In the context of

Algorithm 1 Out-of-Distribution Policy Summarization
Input: Robot’s perception model f(-),

decision model g(-),

training dataset O

size of the policy summary n
Parameter: Number of in-distribution examples, m

Output: Policy summary, o = {z1,--- , 2, }
. o« Q > Initialize the policy summary
2: 03 « IDPOLICYSUMMARIZATION(g, S, m)
3: fori=1:m do
4: §; «— osi]
5: z; < SELECTIDExAMPLE( f, D, §;)
6: o«—oUz
7: D. «— OODDATAAUGMENTATION(D)
8: 0~ < SELECTOODExaMPLE( f, D.,n —m)
9: o «—oUo.
10: return o > Demonstrate the summary to the human




Algorithm 2 SELECTIDEXAMPLE

Algorithm 3 SELEcCTOODEXAMPLE

Input: Robot’s perception model f(-), training dataset D,
state estimate §;
Output: ID observation, z;
{—{z; € DIf(zj) =3}
A; — o0
for z; € { do
e; < GENERATELOCALEXPLANATION(Z;, f)
c; « Pr(8ilz;, f) > f’s confidence in §;|z;
cj —Pr(8ilzj,ej, f) > f’s confidence in $i|zj, e;
if c; —¢; < A, then
Zi & 75 > Select Zj with least confidence drop
AC — Cj— C_j
return z;

> Select compatible ID 7

Input: Robot’s perception model f(-), OOD examples D.,
number of out-of-distribution examples k
Output: OOD observations, o.

CoNFIDENCEDROPS « {}
for z; € D. do
e; < GENERATELOCALEXPLANATION(Z;, f)
$j < fz))
c; « Pr(8;lz;, f) > f’s confidence in §j|z;
cj —Pr($lzj, e, f) > f’s confidence in §j|zj,e;
CoNFIDENCEDROPS 7] = ¢j — C;
0. < TorK(CoNFIDENCEDROPS, k,
KEY=BY _HIGHEST_CONFIDENCE)
return o.

OOPS, we refer to these methods as IDPoLicYSUMMARIZA-
TIoN. These methods search for salient examples within the
state space rather than the observation space, assuming they
are identical. Despite this limiting assumption, we observe
that they can be used to identify salient examples for sum-
marizing the robot’s decision-making model g(a|$). Hence,
OOPS generates a set of m salient robot’s estimated states
os = {81,---, 8w} using the subroutine IDPoLicYSuMMA-
rRizaTION. This subroutine can be instantiated using any policy
summarization method that considers state-dependent poli-
cies. In our experiments, OOPS utilizes AITEACHER [|2] be-
cause it explicitly models human cognition, and experiments
have demonstrated its ability to improve user understanding
of robots across multiple tasks [17].

2) Lines 3-6: While IDPoLIcYSUMMARIZATION can iden-
tify salient states, for summarizing observation-dependent
policies, OOPS also needs to identify observations corre-
sponding to those states. Formally, for each §; € o, we
seek a representative observation z; such that f(z;) = §;.
OOPS utilizes Alg. 2 SELECTIDExXAMPLE to obtain this z;.
This subroutine searches the training dataset O to first find
the subset of ID observations ¢ compatible with §;.

To select the salient observation among this subset, we
explored multiple strategies inspired by XAl algorithms for
perception models [25], [26] and designed an approach based
on the model’s local explanations and confidence in its output.
Concretely, for each observation z; € £, Alg. 2 then generates
a local explanation e; of the perception model f. Existing
XA literature offers multiple algorithms for generating these
local explanations [19], [20]. For our experiments, we con-
sider image-based observations and employ saliency maps
as local explanations. Saliency maps, a widely-used XAI
approach, visually emphasize regions within the input image
that are crucial to the perception model’s predictions. Next,
SeLeEcTIDExAMPLE computes the model’s confidence in its
output with and without the explanations.

The confidence without explanation ¢ is computed as the
logits of the perception model conditioned on the observation
zj. To compute the model’s confidence given the explanation,
Alg. 2 first generates a masked image Z; that retains only

the regions highlighted on the saliency map e;. Then, it
computes ¢; as the logits of the perception model conditioned
on the masked image Z;. Finally, the subroutine returns the
observation z; € { with the least confidence drop: c¢; — ¢;.
Intuitively, OOPS prioritizes the ID observation where robot’s
state estimates are most aligned with its local explanation to
aid in user understanding of robot’s ID behavior. Fig. 2(a-b)
shows selected ID observations and local explanations for the
experimental task.

B. Selecting Out-of-Distribution Examples

While ID examples are important, they fail to capture robot
behavior in the broader range of scenarios it will encounter
in practice. Hence, incorporating OOD scenarios is equally
critical. To add these OOD scenarios to the policy summary,
in line 7, OOPS augments the set of observations 9 with
synthetically generated observations O.. Next, in line 8, it
selects the salient OOD examples from D...

1) Line 7: Given the importance of OOD examples, a
method is needed to extend the training dataset O with
additional observations that more comprehensively cover the
scenarios a robot encounters in practice. One approach is
to collect additional data; in situations where this might
be resource intensive, an alternative is to augment training
datasets with synthetically generated data. We utilize this
alternate approach in our implementation of OOPS. Data
augmentation is a widely used ML technique that improves
model generalization by supplementing training data with
additional sources [35], [36]. Multiple strategies have been
explored for data augmentation, including generative models.

While data augmentation has been employed for training
robots and ML models, our novelty lies in its application
to policy summarization. Building on recent advances in
data augmentation [37], [38], we investigate using generative
Al models to create OOD observations, denoted as ... For
our experiments, OOPS employs GPT-Image-1, a state-of-
the-art image generation model to instantiate line 7. We
prompt this model to produce photorealistic renderings of
robot’s observations, then add modifiers to enhance image
diversity. These modifiers include incorporating other objects
and manipulating reflections, colors, and shadows.



(c) OOD: Bottle Cap (incorrectly
detected by the robot as Food Waste)

Fig. 2. Example ID and OOD observations (left), along with their
saliency maps (right). OOD examples include observations where the robot
incorrectly detects the task state.

(d) OOD: Carton (incorrectly de-
tected by the robot as Metal Can)

Fig. 3. An instance of recycling task implemented in a university laboratory.

2) Line 8: After generating the synthetic data, OOPS
selects salient OOD examples. For ID examples, we focused
on selecting observations most aligned with the chosen state,
thereby representing the nominal robot behavior. In contrast,
for OOD examples, we prioritize observations where the robot
decisions deviate the most from human expectations, thereby
helping reveal edge cases of robot’s behavior. Our insight
is to provide a combination of ID and OOD examples that
collectively summarize the robot’s overall behavior. Similar
problems have been explored within the explanation-by-
example paradigm for image classification models [25], [26],
where XAI algorithms select examples that deviate most from
human expectation to improve user’s model comprehension.
We extend these ideas to policy summarization.

Specifically, through the SELECTOODExaMPLE subroutine
in Alg. 3, OOPS selects OOD observations. This subroutine
selects examples from the synthetic data . rather than the
training data ©. Further, to select observations, it prioritizes
examples with the highest confidence drop. Intuitively, these
examples represent observations where the retained salient
features (based on local explanations) alone are insufficient
to support the original prediction, often causing the robot’s
decision to shift. We posit that presenting such OOD examples
to human users helps reveal edge cases of robot’s behavior.
Fig. 2(c-d) shows selected OOD observations and local
explanations for the experimental task.

V. EXPERIMENTS

We conducted two sets of IRB-approved human subject
experiments in simulated HRI tasks to evaluate the utility of
0OOD examples (Study #1, N=26) and the performance of the
OOPS algorithm (Study #2, N=10) for policy summarization.

A. Experimental Domains

Our experimental domain considers an application in waste
management, in which a robot must sort trash and recyclables.
An example instance of this recycling task, implemented in a
university laboratory, is depicted in Fig. 3 and demonstrated
in the accompanying video. Such tasks are commonly used in
robotics evaluations because it requires policies to generalize
across a diverse set of objects [17], [39], [40]. Moreover, it
naturally introduces unpredictable OOD objects, which can
challenge the robot’s policy and cause it to act unexpectedly.
Our implementation of this domain features a conveyor belt
(table) with six grids for object retrieval and two bins for
disposal. The conveyor belt can carry up to six objects, one
in each grid. Utilizing its sensors and perception models f(z),
the robot identifies items on the conveyor belt. Employing
its actuators and decision-making model g(als), it picks and
places them into the appropriate bin.

Study #1 instantiates this task with abstract objects (red
and green blocks) and a rule-based perception model, thereby
evaluating policy summarization in HRI scenarios where
participants have no prior knowledge about the domain
(e.g., which objects are recyclable). In contrast, simulating
situations where users may possess prior knowledge, Study
#2 instantiates the recycling task with four object types: metal
cans, paper cups, food waste, and styrofoam. Metal cans and
paper cups are categorized as recyclable, while food waste
and styrofoam are non-recyclable. Both implementations of
the domain include 78125 possible ID states §, with unlimited
OOD observations z. The action space is of size 9: the robot
may pick up an object from any of the six grid spaces, drop
an object into either one of the two bins, or stay still.

The robot perceives the conveyor belt using its camera,
which provides image-based observations z. Given an image,
the perception model f(z) estimates the task state §, which
encodes the object in each grid. Study #1 utilizes a rule-
based perception model, while Study #2 utilizes a fine-tuned
YOLOvVI12n network [41]. Mirroring real-world deployment,
these perception models can make errors and incorrectly
detect objects. The decision-making model, g(a|s), is trained
using value iteration [33]. The robot prioritizes picking metal
cans, then paper cups, food waste, and styrofoam. If multiple
objects of the same type are detected, it picks the one with the
smallest grid number first. The robot places items detected
as recyclable into Bin 1, and others into Bin 2. If no objects
are detected, the robot remains stationary.

B. Mechanisms for Delivering the Policy Summaries

Just as robot policies are often trained in simulation due
to resource constraints, human users are frequently trained
to use robots in simulated environments [17]. Further, HRI
researchers commonly validate robot explanation techniques
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Fig. 4. Interactive user interface used to deliver policy summaries to human
participants. Please see the accompanying video for a demonstration.

using on-screen visualizations or simulated robots [11]-[13].
Similarly, policy summaries are delivered to the participants
via a user interface (UI, illustrated in Fig. 4) in our experi-
ments. Through the UI, participants can request examples of
the robot’s ID and OOD behaviors. In both studies, examples
of ID behavior are generated using the IDPoLIcYSUMMARIZA-
TION subroutine of OOPS and are referred to as Al lessons
in the UL Following [!17], after each Al lesson, participants
received a quiz question about the robot’s behavior in ID
scenarios designed to reinforce their learning.

The approach to generating OOD examples differs across
the two studies. Study #1 is designed to evaluate the utility of
OOD examples, irrespective of their source, and uses a hand-
crafted set of OOD examples. Study #2 is designed to evaluate
the feasibility of algorithmically generating effective OOD
examples and uses the OOPS algorithm to generate OOD
examples. In both studies, the participant is given a set of
OOD images, which she can use to generate custom scenarios
(e.g., by placing the objects on conveyor belts) and request an
example of robot behavior in these scenarios. These examples
of OOD behavior are referred to as custom lessons in the UL

For the custom lessons, the Ul includes two interactive
buttons: one (“Scan Table”) to view how the robot perceives
the objects § = f(z) and another (“Next Step”) to view
the robot’s behavior a ~ g(al|s) = n(alz). Both ID and
OOD examples are augmented with local explanations e, as
illustrated in Fig. 2. In our implementation, we utilize saliency
maps as local explanations [20]. The saliency maps (right)
highlight the visual features in the corresponding images (left)
that the robot’s perception model considers important. The Ul
(bottom) also includes a textual description of robot behavior
in the selected ID and OOD example.

C. Experiment Design, Procedure, and Metrics

In both studies, participants first provided informed consent
and completed a short demographic survey. They were then
guided through a simplified two-object training task, which
included a tutorial on the experiment and its UI. Following
this, participants were asked to use the Ul to learn about
the robot’s perception and decision-making behavior in the
complex experimental task. In both studies, participants had
a budget of ten examples, i.e., || = n = 10.

Study #1 adopted a between-subjects design. Both groups
received identical five Al lessons, i.e., m = 5. However, the
control group was only offered ID objects in custom lessons,
while the experimental group was given additional OOD
objects. We conducted this study as a randomized controlled
trial, recruiting 26 participants from Rice University. The
average age of participants was 21.07, with 17 females and 9
males. Of these participants, 25 reported having previously
used Al and robots, with 3 of them having programmed Al
and robots.

Study #2 was conducted as an iterative prototyping study
to both evaluate OOPS and inform the design of future policy
summarization methods. All participants received identical
ID and OOD objects generated using OOPS. We conducted
this experiment by recruiting 10 participants (6 male, 4
female) from Rice University, with their ages ranging from
20 to 29. Four participants had experience developing robots,
and 8 participants reported using Al regularly.

Participants’ understanding of the robot’s behavior, in-
cluding perception and decision-making for both ID and
OOD objects (both seen and unseen during training), was
evaluated through a multiple-choice final exam. Questions
took two forms: 1) predicting § — a and z — a with
answers a € A and 2) z — §, where participants identify
objects that the robot prioritizes. Results were calculated
as percentage of questions answered correctly. Table I lists
the types and number of questions used in Study #2. After
the exam, participants completed a post-experiment survey
regarding their learning experience, learning preferences, and
the influence of OOD objects on their learning.

D. Experimental Results

We now report the results of both studies, which together
highlight the importance of OOD examples and the promising
performance of the OOPS algorithm in generating them.

1) Policy summaries with OOD examples improve humans’
ability to predict robot behavior, especially in OOD scenarios:
Through a between-subject design in Study #1, we examine
the impact of deploying OOD objects for policy summariza-
tion. A Mann—Whitney U test was conducted to compare the
performance of the experimental group (who received policy
summaries containing both ID and OOD objects) with the
control group (who had access only to ID objects). Note that
while the experimental group is exposed to OOD objects
during training, the final exam includes unseen OOD objects
which do not appear in the training ensuring fair comparison
for both groups. We present the scores (%) for both groups
in Fig. 5a.

Participants in the experiment condition scored statistically
significantly higher on the final exam (M = 91.70%, SD =
1.55) compared to the control group (M = 73.53%, SD = 1.71),
with U = 2, p < 0.001. The notable difference in participants’
scores for OOD questions, where the experimental group
scores almost twice as much as the control group, suggests
that humans who are given policy summaries with OOD
objects are better able to predict the robot behavior & than
those who are only given ID policy summaries.
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(b) Participants’ self-reported confidence in predicting robot percep-
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Fig. 5. Objective and self-reported results from Study #1.

Through the post-experiment survey, participants also rated
their confidence in predicting the robot behavior. As shown
in Fig. 5b, participants in the experimental group reported
higher confidence in predicting both robot’s perception and
decision-making behavior.

2) OOPS is capable of generating useful summaries,
composed of both ID and OOD examples, for observation-
dependent policies: Having confirmed the utility of OOD
examples, we proceed to Study #2 to evaluate the OOPS
algorithm’s ability to generate effective OOD examples and
policy summaries. As in the first study, participants’ final
exam scores are used to measure their understanding of
the robot’s perception and decision-making. However, this
study differs from Study #1 by employing photorealistic
objects, a more complex perception model, and OOPS to
synthetically generate OOD examples. Table II presents
participants’ scores (in %) across different question types.

Participants demonstrated a strong understanding of the
perception model f : z — §, achieving the high score of
85.9% after reviewing OOPS-generated policy summaries.
When predicting robot actions (a), users showed higher
accuracy on seen states during lessons compared to unseen
samples. Scores were 85.0% vs. 67.5% for ID objects, and
67.5% vs. 40.0% for OOD objects. Furthermore, predicting
robot behavior on OOD objects (considering both f :z — §
and 7 : z — a) proved more challenging than on ID objects,
with scores of 70.3% and 80.7%, respectively.

Through the post-experiment survey, participants also sub-
jectively rated the examples generated by the OOPS algorithm.
Overall, participants rated the experience of learning about
robot behavior using OOPS as 5.1 on a scale of 1-7, with
5 representing “Good.” Collectively, these findings indicate

TABLE I
TYPE AND NUMBER OF QUESTIONS IN THE STUDY #2 FINAL EXAM. SEEN/UNSEEN

DENOTE Z, _SA', AND d THAT PARTICIPANTS HAVE/HAVE NOT SEEN VIA O

Question Type z—§ §—a z—a Total
D U 3 4 - 7 1
0D Gl 3 - 4 g M

12 8 8 28
TABLE II

OBJECTIVE RESULTS FROM THE STUDY #2 FINAL EXAM (%). SEEN/UNSEEN

DENOTE Z, §, AND d THAT PARTICIPANTS HAVE/HAVE NOT SEEN VIA 0.

Question Type z—8§ §—a z—a Average
Seen 800 850 - 85
D Unseen 900 675 _ 7gg 807
Seen 86.7 - 67.5 77.1
00D (iseen 867 - 400 634 103
859 763 538 755

that OOPS effectively aids users in comprehending the
robot’s visual perception model f(-) through the generation
and selection of informative OOD examples. Nevertheless,
anticipating the robot’s decision-making behavior in novel
samples, especially those with OOD objects, remains a hurdle
for participants and an area requiring additional research in
policy summarization.

3) Participants find both ID and OOD examples important
for understanding robot behavior: In a post-experiment
survey, participants rated their agreement with the statement
“ID/OOD items were important for me in learning about the
robot’s behavior.” on a 7-point scale (1 = Strongly Disagree,
7 = Strongly Agree). Across both studies, participants consis-
tently rated both ID and OOD examples as important. In the
first study, ID objects were rated 6.26 + 1.1 and OOD objects
6.50+0.8. In Study #2, ID objects were rated 5.70 £0.9 and
OOD objects 5.20 + 1.6. Participants’ open-ended responses
further confirm the necessity of including both ID and OOD
examples in policy summaries, as one noted:

“To accurately understand the robot’s behavior, you
need to know how the robot will respond when
presented with a variety of items, not just the
ones used during training (the in-distribution items).
Because we are not given the actual implementation
of the robot’s behavior, understanding how the
robot behaves for in-distribution items and out-of-
distribution items is important.”

Another participant further highlighted the relevance of OOD
objects for a key downstream use case of OOPS, debugging
and detecting unexpected robot behavior, stating:

“In-distribution is good for understanding the pat-
terns, but out of distribution is good for figuring out
what happens when there is a problem or an outlier.
This is good for predicting unexpected behavior.”



Thus, the objective and subjective results of the experiments
collectively confirm that both ID and OOD objects are essen-
tial and should be thoughtfully selected in policy summaries
to support users’ comprehension of robot behavior.

VI. CoNncLUSION

This paper extends the problem of robot policy summariza-
tion to consider observation-dependent policies. We propose
OOPS: Out-of-Distribution Policy Summarization that gen-
erates salient examples of robot behavior in both in- and
out-of-distribution scenarios. Two studies demonstrate that
incorporating OOD examples improves human participants’
understanding of robot behavior and that OOPS produces
useful policy summaries. Our experiments show that humans
engage with OOD examples, and both ID and OOD examples
are essential for effective policy summarization.

Limitations and Future Work: Our work is not without
limitations. While we consider more complex policies that
utilize visual input than prior art, OOPS is limited to modular
policies. Extending it to end-to-end policies is an immediate
direction of future work. Further, evaluations are limited to a
single domain. While this domain is complex, we welcome
reproducibility studies evaluating OOPS in other domains.
Lastly, our work highlights the potential of data augmentation
to enhance explainability of robot behavior.
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