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Abstract—Future autonomous robots deployed in homes and
workplaces must be able to competently ask for help when
situations arise that fall outside of their knowledge or capabilities.
When asking for help, these robots must provide enough information to solve the problem without giving overwhelming amounts
of information. We present a novel algorithm that learns to
predict how natural language utterances affect a classifier model
of human task knowledge. We show how these predictions can be
used to generate language that is both minimal and sufficiently
communicative.

I. I NTRODUCTION
One of the most significant obstacles to the widespread
use of autonomous robots is the potential for unreliable
performance in human environments. Robots that fail too
often may be more of a hindrance than a help to the people
around them. Our goal in this work is to enable imperfect
autonomous robots to ask humans for help and learn from the
feedback they receive. While there are many ways that robots
can generically signal that they need assistance (e.g. flashing
lights, error messages, or preprogrammed broad requests for
help), our work is aimed at allowing robots to use language
to communicate specific problems and possible solutions in
the face of error conditions. Importantly, our approach does
not assume that a person knows anything specific about the
robot’s capabilities or the task it is trying to complete.
In this work, we focus on balancing two important criteria
of asking for help:
1) Avoiding overwhelming users with too much information.
2) Relaying adequate information about robot capabilities
or task goals.
The first criterion is important because if people are given
too much unnecessary information at once, they may provide
worse assistance than if they are given less information that is
more relevant [7]. The second criterion is necessary because
we want the robot and human to have a shared mental
model [5] of potential solutions so that the robot can receive
assistance that is actually helpful. Consider the following
scenario. A robot, R, needs to hammer a nail, but it can’t find
a hammer. R has one arm, no regrasping capabilities, a limited
range of arm motion, and needs to hold the hammer very close
to the head to use it. R asks a nearby human, H, for help by
simply asking ”Can you hand me a hammer?” Note that this

utterance conveys a potential solution to a problem, but does
not relay any specific information about the robot’s abilities
or its plans to use the hammer. In Figure 1 we see three
possible outcomes showing different ways that H could hand
the hammer to R. The leftmost outcome may look acceptable
as this is the position in which most people hold hammers.
However, since the gripper is located far from the head of
the hammer, R cannot support the weight of the hammer. At
best, R will be unable to use the hammer; at worst, R might
malfunction or drop the hammer. In the middle outcome, R can
successfully hold the hammer, but since the head is pointing
into the gripper there is no way to effectively use it on a nail as
the robot cannot regrasp. Finally, the rightmost outcome will
be successful, as R can support the weight of the hammer and
it is facing away from the gripper.

Fig. 1.

Three different ways a person could hand the robot a hammer

We propose a three-part method to minimize the length of
robot utterances about a problem while assuring that sufficient
information is communicated to the person giving assistance.
The pipeline for this method is shown in Figure 2. The first
section of this pipeline consists of two parts: the Utterance
Generator and the Feature Selector. The Feature Selector
determines what features of the robot and its environment are
relevant to asking for help. The Utterance Generator creates
a set of proposed utterances based on the chosen features.
The second part of this pipeline, the Belief Update Learner,
allows the algorithm to learn how utterances affect a person’s
mental model of the actions needed to solve a problem. That
is, given a human’s current beliefs, we estimate their new
beliefs given an utterance. We do so by representing a human’s
mental model as a classifier for potential outcomes such as
those shown in Figure 1, in which people can classify an
outcome o as positive if they think the robot can successfully
complete its tasks proceeding from state o and negative if
it cannot. The robot then makes queries that allow it to
approximate a person’s outcome classifier after stating subsets
of the utterances from the Utterance Generator. The third part

of the pipeline, the Utterance Planner, uses this information to
create an utterance that balances the two previously mentioned
criteria. Given a human’s current beliefs and the beliefs we
desire them to have, we choose a set of utterances such that
each statement shifts the human’s mental model in expectation
so that it is sufficiently close to the robot’s model.
In this work, we assume that the Utterance Generator
and the Feature Selector exist and can give us appropriate
utterances and features. Future work will address algorithms
for these parts of the pipeline. We also assume that the robot
knows what error has occurred and some possible way that a
human could help; this process can be automated, but is not
the focus of this work [21, 13, 3, 9, 12, 2, 10, 16]. We focus
on the algorithms needed to build the Belief Update Learner
and the Utterance Planner. While these algorithms may prove
to be user specific or task specific, we consider the case in
which, once learned, they can be applied to general users and
tasks.

Fig. 2. Example pipeline containing our proposed method, with the focus
of this work in blue

II. R ELATED W ORK
Prior work has studied how to ask humans for help without
assuming they are familiar with the robot. Tellex et al. present
an approach that asks for help using inverse semantics to
map objects to words that are likely to be least ambiguous
to the human, in terms of what they refer to [22]. This
approach conveys useful information and produces fairly short
utterances, but it does not attempt to learn people’s mental
models of tasks and robot capabilities or handle cases where
the human’s help could potentially block future robot actions
or damage the robot. Dey et al. show that, when a robot knows
what error has occurred, it is best to give a minimal amount of
information to a person to receive accurate help [7]. However,
they do not provide an algorithm for choosing a good amount
of information to relay.
Other research proposes methods that create shared mental
models between robots and humans. Scheutz et al. provide
a structure for creating shared mental models [19]. Several
works use build common ground by changing the robot’s
mental model of the world or task to more closely fit the
human’s [14, 4, 23]. Kiesler studies how robot appearance
and vocal sound can bring humans’ mental models closer
to the true capabilities of a robot [11]. These works all
assume the robot and human to have a history of interactions
or require hand-designed robot actions and appearance for
different scenarios.
There is work on collaborative human-robot tasks that bases
robot behavior on modeled human knowledge. Several works
use the human model to modify robot actions rather than

convince the human to take actions preferable to the robot
[18, 17, 1, 20]. Fong et al. choose questions to ask people
based on three models of human knowledge and ability to elicit
helpful behavior [8]. Nikolaidis et al. present a game-theoretic
approach to choose the most informative robot actions to
take during a shared task that inform a person of the robot’s
capabilities [15]. Devin and Alami propose a method that
enables a robot to adapt its plans and communicate about
misinformation with a user [6]. These works assume that the
robot and human can interact over an extended period of time
or use hand-designed rather than learned models.
III. A LGORITHMS
We propose two algorithms: one that learns a human’s
outcome classifier after stating subsets of utterances in order
to learn a model of how human beliefs, i.e. their outcome
classifiers, change with utterances, and one that selects the best
set of utterances given these beliefs. Throughout this section,
we assume that we have the following variables:
• X: a set of N utterances that are designed to convey information about features of the robot and its environment,
including object poses, geometric and visual features of
important objects, robot capabilities, and task goals.
• S : a fixed set of outcomes represented with images.
We choose S to be a small set of positive and negative
examples. Figure 1 represents some images that might be
shown for a hammer task that requires a human handover.
M
• Ψ(S): a mapping from outcomes in S to features in R ,
where M is the number of features.
• φ(X) : a mapping from utterances in X to features in
RM . φ(X) maps to the same feature space as Ψ(S).
Example utterances from X could include
• “My arm is weak”: describes robot capabilities.
• “I need to go through this doorway”: describes the task
goal.
• “My gripper must be close to the heavy end”: describes
both robot capabilities and features of an object.
A. Belief Update Learner
We are taking a data driven approach to learn how human
outcome classifiers change with robot utterances. We define a
person’s outcome classifier as CH : RM → {0, 1}. That is,
CH is a map from M real-valued features to binary classes
that denote if an outcome is acceptable or not. Our method
learns many classifiers for each person participating in our data
collection, each one representing a classifier after the robot has
said some subset of utterances in X. We learn these classifiers
over a variety of tasks and encountered problems. Each
problem has D dimensions that each represent a feature that
can be changed to produce positive and negative outcomes. For
every participant, we state each utterance xi ∈ X. The first
utterance stated in this algorithm will be a vague description
of a solution, e.g. ”Please hand me the hammer,” while the
following utterances will be said in a different order for every
trial. After each utterance, we present each sj ∈ S to the
participant and request a positive or negative label. We then

learn the Kernel Logistic Regression weights over these labels.
Logistic Regression provides a probability over labels, rather
than a hard label, allowing us to predict what outcomes a user
is most likely to produce.
Consider again the hammer handover problem with D = 1.
The single dimension is gripper placement on the handle. We
would like the user to classify outcomes as positive if the
gripper is between one and two inches from the hammer head.
In Figures 3 and 4 we can see a possible result of one user’s
outcome classifier changing after a single utterance, where the
outcomes the user thinks are positive marked in blue. Before
the utterance, the user believes that the robot should hold the
hammer low on the handle. After the utterance ”My gripper
needs to be close to the heavy end”, the user’s positively
classified outcomes move closer to the desired region.

Fig. 3. Human’s outcome classifier of gripper locations before any utterances.
The green area marks truly positive grips one to two inches from the hammer
head. The blue area marks the classifier’s positive grips.

Fig. 4. Human’s outcome classifier after the utterance ”My gripper needs to
be close to the heavy end”

We now generalize our collected data to form beliefs over
how all humans’ outcome classifiers change after utterances.
For every participant’s outcome classifier, we regress the
features in φ(x0...i ) to the classifier learned for the subset
of utterances x0...i in order to generalize the classifiers to
different sets of features. This allows us to predict what
a person’s classifier looks like for a set of utterances not
previously seen.
B. Utterance Planner
We now propose an algorithm to choose an optimal set of
utterances when interacting with a new user. When selecting
these utterances, we attempt to maximize the intersection
between the outcomes that we believe the user will positively
classify and the outcomes that should be positively classified.
We only care about the positive outcomes, as we assume the
user is not an adversary and thus will never try to create an
outcome that they believe will hinder the robot. Thus we just
need their set of positive outcomes to closely match the ground
truth positive outcomes. This method is shown in Algorithm
1.
C. Combined System
We present the separate parts of our method as a complete
algorithm. We define the following variables:
• J(X): cost of the utterances in X. This cost is yet to
be determined but will depend on the word length of the
utterance as well as other features.

•

a and b: weights that balance the information conveyed
by a set of utterances with the cost of the set. We will
set these weights through a human study that measures
people’s responses to our produced utterances.

//Learn human outcome classifiers;
for each participant p do
for each utterance xi do
speak(xi );
V = Query(S) //human classification values;
Wx0...i =
learnKernelLogisticRegressionWeights(Ψ(S), V );
end
end
//Regress from features to weights;
targets = features = [];
for each participant p do
for i = 1 : N do
features.append(φ(x0...i ));
targets.append(Wx0...i );
end
f = Regress(features, targets);
end
//Choose an optimal set of utterances;
WGT = ground truth classifier weights;
posWGT = outcomes classified as positive by WGT ;
posf (φ(X)) = outcomes classified as positive by f (φ(X));
utterances
P =
max a ∗ (|posWGT ∩ posf (φ(X)) |) − b ∗ J(x);
x∈X
Algorithm 1: Method for robot dialog optimization

IV. E XPERIMENTS
We ran a preliminary experiment to test the feasibility of
our approach to learning a person’s outcome classifier. We
used the previously mentioned hammer gripping problem with
D = 1. Consider a hammer with 100 possible discrete grip
locations on its handle, with the first grip at the very bottom
of the handle and the hundredth grip at the very top of the
head. Thus there are 100 possible outcomes with the gripper
positioned at each location. The training set for Kernel Logistic
Regression is the labels a person assigns to the outcomes with
the gripper positioned at every ten grasp locations, from zero
to 100, and the testing set consists of the gripper placement
at every other possible location. We learn from these testing
sets using Kernel Logistic Regression with γ = 0.01.
V. R ESULTS AND D ISCUSSION
In order to test our approach in an automated way, before
collecting data from human subjects, we generated 1000
random models to represent what a human might initially
believe about the task/robot in variety of ways. Then we
analyze the extent to which our approach can uncover these
various human models correctly.

Over this set of potential human outcome classifiers, our
learned models achieve an average class-weighted F1 score of
0.86. We show the classifier that Kernel Logistic Regression
learns from our training data for three potential users in
Figures 5, 6 and 7. We plot the learned classifiers over the
data from both the training and testing sets so that we see the
full picture of the predicted classifier. The green area of this
plot marks the region in the human’s outcome classifier that
corresponds to ”true”, and the blue line marks our learned
probability of classifying each outcome as positive. We see
that the peaks of the probability distribution of the learned
classifier align well with the humans’ ground truth classifiers,
which allows our method to predict what outcomes are most
likely to occur given the human’s model.
We are in the process of obtaining IRB approval, and our
next step in this work will be to collect data with human
subjects. As stated in Section III-A, we will collect data
over different tasks and problem scenarios. For each scenario,
we will state utterances in X to each participant. We use a
different order of utterances for each participant to learn more
information about how combinations of utterances update
human outcome classifiers. For example, stating utterance xi
and xj may bring a person’s outcome classifier closer to the
truth, but inserting xk in between the two may confuse them
and make their classifier worse. After each individual utterance, we will show people images of a selection of possible
outcome states, including outcomes that will be successful and
outcomes that will not, in a random order and ask if they think
the robot will be able to succeed at the task given each start
state. Our algorithm will then learn a classifier over all possible
outcome states based on the human’s responses. After learning
these classifiers for every participant, we will regress from our
features to the classifier weights.
We expect to find sets of utterances that will push outcome
classifiers towards our desired classifier. We will analyze the
extent to which these sets of utterances can be user general
versus user specific. If we find that different initial outcome
classifiers and different people have nearly disjoint sets of
utterances needed to bring them close to the ground truth
classifier, then we will develop a test to estimate each person’s
initial classifier when asking for help. However, if the sets
of utterances are nearly identical for every person, the robot
can choose its dialogue to ask for help based on the current
task and problem without having to know anything about the
assisting human.
VI. C ONCLUSION
In this work, we present an algorithm that will improve the
ability of robots to effectively ask humans for help. This work
is currently in progress, and we will soon begin collecting data
to test our proposed algorithms. If these algorithms perform
well experimentally, we will test them on a robotic system in a
human environment in order to run human studies and receive
subjective feedback on their performance.

Fig. 5. Classifier: robot can grip the hammer
between the 8th and 73th gripper locations

Fig. 6. Classifier: robot can grip the hammer
between the 7th and 36th gripper locations

Fig. 7. Classifier: robot can grip the hammer
between the 10th and 30th or 90th and 100th
gripper locations
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