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Abstract

To enable human-robot communication
and collaboration, previous works repre-
sent grounded verb semantics as the poten-
tial change of state to the physical world
caused by these verbs. Grounded verb
semantics are acquired mainly based on
the parallel data of the use of a verb
phrase and its corresponding sequences
of primitive actions demonstrated by hu-
mans. The rich interaction between teach-
ers and students that is considered impor-
tant in learning new skills has not yet been
explored. To address this limitation, this
paper presents a new interactive learning
approach that allows robots to proactively
engage in interaction with human partners
by asking good questions to learn mod-
els for grounded verb semantics. The pro-
posed approach uses reinforcement learn-
ing to allow the robot to acquire an op-
timal policy for its question-asking be-
haviors by maximizing the long-term re-
ward. Our empirical results have shown
that the interactive learning approach leads
to more reliable models for grounded verb
semantics, especially in the noisy environ-
ment which is full of uncertainties. Com-
pared to previous work, the models ac-
quired from interactive learning result in a
48% to 145% performance gain when ap-
plied in new situations.

1 Introduction

In communication with cognitive robots, one of
the challenges is that robots do not have sufficient
linguistic or world knowledge as humans do. For
example, if a human asks a robot to boil the wa-
ter but the robot has no knowledge what this verb

phrase means and how this verb phrase relates to
its own actuator, the robot will not be able to exe-
cute this command. Thus it is important for robots
to continuously learn the meanings of new verbs
and how the verbs are grounded to its underlying
action representations from its human partners.

To support learning of grounded verb seman-
tics, previous works (She et al., 2014; Misra et al.,
2015; She and Chai, 2016) rely on multiple in-
stances of human demonstrations of correspond-
ing actions. From these demonstrations, robots
capture the state change of the environment caused
by the actions and represent verb semantics as
the desired goal state. One advantage of such
state-based representation is that, when robots en-
counter the same verbs/commands in a new situa-
tion, the desired goal state will trigger the action
planner to automatically plan a sequence of prim-
itive actions to execute the command.

While the state-based verb semantics provides
an important link to connect verbs to the robot’s
actuator, previous works also present several limi-
tations. First of all, previous approaches were de-
veloped under the assumption of perfect percep-
tion of the environment (She et al., 2014; Misra
et al., 2015; She and Chai, 2016). However, this
assumption does not hold in real-world situated
interaction. The robot’s representation of the envi-
ronment is often incomplete and error-prone due
to its limited sensing capabilities. Thus it is not
clear whether previous approaches can scale up to
handle noisy and incomplete environment.

Second, most previous works rely on multi-
ple demonstration examples to acquire grounded
verb models. Each demonstration is simply a
sequence of primitive actions associated with a
verb. No other type of interaction between humans
and robots is explored. Previous cognitive stud-
ies (Bransford et al., 2000) on how people learn
have shown that social interaction (e.g., conver-
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sation with teachers) can enhance student learn-
ing experience and improve learning outcomes.
For robotic learning, previous work (Cakmak and
Thomaz, 2012) has also demonstrated the neces-
sity of question answering in the learning process.
Thus, in our view, interactive learning beyond
demonstration of primitive actions should play a
vital role in the robot’s acquisition of more reliable
models of grounded verb semantics. This is es-
pecially important because the robot’s perception
of the world is noisy and incomplete, human lan-
guage can be ambiguous, and the robot may lack
the relevant linguistic or world knowledge during
the learning process.

To address these limitations, we have developed
a new interactive learning approach where robots
actively engage with humans to acquire models
of grounded verb semantics. Our approach ex-
plores the space of interactive question answering
between humans and robots during the learning
process. In particular, motivated by previous work
on robot learning (Cakmak and Thomaz, 2012),
we designed a set of questions that are pertinent
to verb semantic representations. We further ap-
plied reinforcement learning to learn an optimal
policy that guides the robot in deciding when to
ask what questions. Our empirical results have
shown that this interactive learning process leads
to more reliable representations of grounded verb
semantics, which contribute to significantly better
action performance in new situations. When the
environment is noisy and uncertain (as in a realis-
tic situation), the models acquired from interactive
learning result in a performance gain between 48%
and 145% when applied in new situations. Our re-
sults further demonstrate that the interaction pol-
icy acquired from reinforcement learning leads to
the most efficient interaction and the most reliable
verb models.

2 Related Work

To enable human-robot communication and col-
laboration, recent years have seen an increasing
amount of works which aim to learn semantics
of language that are grounded to agents’ percep-
tion (Gorniak and Roy, 2007; Tellex et al., 2014;
Kim and Mooney, 2012; Matuszek et al., 2012a;
Liu et al., 2014; Liu and Chai, 2015; Thomason
et al., 2015, 2016; Yang et al., 2016; Gao et al.,
2016) and action (Matuszek et al., 2012b; Artzi
and Zettlemoyer, 2013; She et al., 2014; Misra

et al., 2014, 2015; She and Chai, 2016). Specif-
ically for verb semantics, recent works explored
the connection between verbs and action plan-
ning (She et al., 2014; Misra et al., 2014, 2015;
She and Chai, 2016), for example, by represent-
ing grounded verbs semantics as the desired goal
state of the physical world that is a result of the
corresponding actions. Such representations are
learned based on example actions demonstrated
by humans. Once acquired, these representations
will allow agents to interpret verbs/commands is-
sued by humans in new situations and apply action
planning to execute actions. Given its clear advan-
tage in connecting verbs with actions, our work
also applies the state-based representation for verb
semantics. However, we have developed a new ap-
proach which goes beyond learning from demon-
strated examples by exploring how rich interaction
between humans and agents can be used to acquire
models for grounded verb semantics.

This approach was motivated by previous cog-
nitive studies (Bransford et al., 2000) on how peo-
ple learn as well as recent findings on robot skill
learning (Cakmak and Thomaz, 2012). One of
the principles for human learning is that “learning
is enhanced through socially supported interac-
tions”. Studies have shown that social interaction
with teachers and peers (e.g., substantive conver-
sation) can enhance student learning experience
and improve learning outcomes. In recent work
on interactive robot learning of new skills (Cak-
mak and Thomaz, 2012), researchers identified
three types of questions that can be used by a hu-
man/robot student to enhance learning outcomes:
1) demonstration query (i.e., asking for a full or
partial demonstration of the task), 2) label query
(i.e., asking whether an execution is correct), and
3) feature query (i.e., asking for a specific feature
or aspect of the task). Inspired by these previous
findings, our work explores interactive learning to
acquire grounded verb semantics. In particular, we
aim to address when to ask what questions during
interaction to improve learning.

3 Acquisition of Grounded Verb
Semantics

This section gives a brief review on acquisition of
grounded verb semantics and illustrates the differ-
ences between previous approaches and our ap-
proach using interactive learning.
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Figure 1: An example of acquiring state-based representation for verb semantics based on an initial
environment Ei, and a language command Li, the primitive action sequence

−→Ai demonstrated by the
human, and the final environment E ′i that results from the execution of

−→Ai in Ei.

3.1 State-based Representation

As shown in Figure 1, the verb semantics (e.g.,
boil(x)) is represented by the goal state (e.g.,
Status(x, TempHigh)) which is the result of the
demonstrated primitive actions. Given the verb
phrase boil the water (i.e., Li), the human teaches
the robot how to accomplish the corresponding ac-
tion based on a sequence of primitive actions

−→Ai.
By comparing the final environment E ′i with the
initial environment Ei, the robot is able to iden-
tify the state change of the environment, which be-
comes a hypothesis of goal state to represent verb
semantics. Compared to procedure-based repre-
sentations, the state-based representation supports
automated planning at the execution time. It is
environment-independent and more generalizable.
In (She and Chai, 2016), instead of one hypoth-
esis, it maintains a specific-to-general hypothesis
space as shown in Figure 2 to capture all goal hy-
potheses of a particular verb frame. Specifically,
it assumes that one verb frame may lead to differ-
ent outcomes under different environments, where
each possible outcome is represented by one node
in the hierarchical graph and each node is a con-
junction of multiple atomic fluents. 1

Given a language command (i.e., a verb phrase),
a robot will engage in the following processes:

• Execution. In this process, the robot will se-
lect a hypothesis from the space of hypothe-
ses that is most relevant to the current situa-
tion and use the corresponding goal state to
plan for actions to execute.

• Learning. When the robot fails to select
a hypothesis or fails to execute the action,
it will ask the human for a demonstration.

1In this work, we assume the set of atomic fluents rep-
resenting environment state are given and do not address the
question of whether these predicates are adequate to represent
a domain.

Figure 2: An example hypothesis space for the
verb frame fill(x, y).

Based on the demonstrated actions, the robot
will learn a new representation (i.e., new
nodes) and update the hypothesis space.

3.2 Noisy Environment

Figure 3: An example probabilistic sensing result.

Previous works represent the environment Ei as
a conjunction of grounded state fluents. Each flu-
ent consists of a predicate and one or more argu-
ments (i.e., objects in the physical world, or ob-
ject status), representing one aspect of the per-
ceived environment. An example of a fluent is
“Has(Kettle1,WATER)” meaning object Kettle1

has some water inside, where Has is the predi-
cate, and Kettle1 and WATER are arguments. The
set of fluents include the status of the robot (e.g.,
Grasping(Kettle1)), the status of different objects
(e.g., Status(WATER, TempHigh)), and relations
between objects (e.g., On(Kettle1, Stove)). One
limitation of the previous works is that the envi-
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Figure 4: A general framework of robot interactive learning. KB stands for knowledge base, θE stands
for Interaction Strategy for Execution, and θD stands for Interaction Strategy for Learning.

Only demonstration(She and Chai, 2016) Interactive learning (this work)
Execution Example Execution Example

H1: Boil the water. H1: Boil the water.
R1: (select a hypothesis and execute the action accordingly) R1: I see a silver object on the table, is that a pot?
H2: (provide true/false feedback on whether the execution is H2: Yes.
correct) R2: Should I leave the pot on the stove after boil?

H3: Yes.
R3: Ok. (select a hypothesis to execute)
H4: Thank you.

Learning Example Learning Example
H3: Boil the water. H5: Boil the water.
R3: I don’t know how to boil, could you show me an example? R5: I don’t know how to boil, could you show me an example?
H4: (human shows the robot how to achieve the corresponding
action through a sequence of primitive actions)

H6: Ok. (demonstrate the task, at the end put the pot on a
heat pad)

R4: (indicate the acceptance and induce a hypothesis to rep- R6: So after boiling something, should I put it on a heat pad?
resent verb semantics) H7: No, you don’t have to.

R7: I see. (induce goal state hypothesis)

Table 1: Examples to show differences between learning through demonstrations as in the previous
works (She and Chai, 2016) and the proposed learning from interaction.

ronment has a perfect, deterministic representa-
tion, as shown in Figure 1. This is clearly not the
case in the realistic physical world.

In reality, given limitations of sensor capabili-
ties, the environment representation is often par-
tial, error prone, and full of uncertainties. Figure 3
shows an example of a more realistic representa-
tion where each fluent comes with a confidence
between 0 and 1 to indicate how likely that par-
ticular fluent can be detected in the current envi-
ronment. Thus, it is unclear whether the previous
work is able to handle representations with uncer-
tainties. Our interactive learning approach aims
to address these uncertainties through interactive
question answering with human partners.

4 Interactive Learning

4.1 Framework of Interactive Learning
Figure 4 shows a general framework for interac-
tive learning of action verbs. It aims to support a
life-long learning cycle for robots, where the robot
can continuously (1) engage in collaboration and

communication with humans based on its exist-
ing knowledge; (2) acquire new verbs by learn-
ing from humans and experiencing the change of
the world (i.e., grounded verb semantics as in this
work); and (3) learn how to interact (i.e., update
interaction policies). The lifelong learning cycle
is composed by a sequence of interactive learn-
ing episodes (Episode 1, 2...) where each episode
consists of either an execution phase or a learning
phase or both.

The execution phase starts with a human request
for action (e.g., boil the water). According to its
interaction policy, the robotic agent may choose to
ask one or more questions (i.e., Q+

i ) and wait for
human answers (i.e., A+

i ), or select a hypothesis
from its existing knowledge base to execute the
command (i.e., Execute). With the human feed-
back of the execution, the robot can update its in-
teraction policy and existing knowledge.

In the learning phase, the robot can initiate
the learning by requesting a demonstration from
the human. After the human performs the task,
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the robotic agent can either choose to update its
knowledge if it feels confident, or it can choose to
ask the human one or more questions before up-
dating its knowledge.

4.2 Examples of Interactive Learning
Table 1 illustrates the differences between the pre-
vious approach that acquires verb models based
solely on demonstrations and our current work that
acquires models based on interactive learning. As
shown in Table 1, under the demonstration setting,
humans only provide a demonstration of primitive
actions and there’s no interactive question answer-
ing. In the interactive learning setting, the robot
can proactively choose to ask questions regard-
ing the uncertainties either about the environment
(e.g., R1), the goal (e.g., R2), or the demonstra-
tions (e.g., R6). Our hypothesis is that rich inter-
actions based on question answering will allow the
robot to learn more reliable models for grounded
verb semantics, especially in a noisy environment.

Then the question is how to manage such inter-
action: when to ask and what questions to ask to
most efficiently acquire reliable models and apply
them in execution. Next we describe the appli-
cation of reinforcement learning to manage inter-
active question answering for both the execution
phase and the learning phase.

4.3 Formulation of Interactive Learning
Markov Decision Process (MDP) and its closely
related Reinforcement Learning (RL) have been
applied to sequential decision-making problems
in dynamic domains with uncertainties, e.g.,
dialogue/interaction management (Singh et al.,
2002; Paek and Pieraccini, 2008; Williams and
Zweig, 2016), mapping language commands to
actions (Branavan et al., 2009), interactive robot
learning (Knox and Stone, 2011), and interactive
information retrieval (Li et al., 2017). In this work,
we formulate the choice of when to ask what ques-
tions during interaction as a sequential decision-
making problem and apply reinforcement learning
to acquire an optimal policy to manage interaction.

Specifically, each of the execution and learning
phases is governed by one policy (i.e., θE and θD),
which is updated by the reinforcement learning al-
gorithm. The use of RL intends to obtain opti-
mal policies that can lead to the highest long-term
reward by balancing the cost of interaction (e.g.,
the length of interaction and difficulties of ques-
tions) and the quality of the acquired models. The

reinforcement formulation for both the execution
phase and the learning phase are described below.

State For the execution phase, each state se ∈
SE is a five tuple: se = <l, e,KB,Grd,Goal>.
l is a language command, including a verb and
multiple noun phrases extracted by the Stan-
ford parser. For example, the command “Mi-
crowave the ramen” is represented as l =
microwave(ramen). The environment e is a
probabilistic representation of the currently per-
ceived physical world, consisting of a set of
grounded fluents and the confidence of perceiv-
ing each fluent (an example is shown in Figure 3).
KB stands for the existing knowledge of verb
models. Grd accounts for the agent’s current be-
lief of object grounding: the probability of each
noun in the l being grounded to different objects.
Goal represents the agent’s belief of different goal
state hypotheses of the current command. Within
one interaction episode, command l and knowl-
edge KB will stay the same, while e, Grd, and
Goal may change accordingly due to interactive
question answering and robot actions. In the ex-
ecution phase, Grd and Goal are initialized with
existing knowledge of learned verb models. For
the learning phase, a state sd ∈ SD is a four tu-
ple: sd = <l, estart, eend, Grd>. estart and eend
stands for the environment before the demonstra-
tion and after the demonstration.

Action Motivated by previous studies on
how humans ask questions while learning new
skills (Cakmak and Thomaz, 2012), the agent’s
question set includes two categories: yes/no ques-
tions and wh- questions. These questions are
designed to address ambiguities in noun phrase
grounding, uncertain environment sensing, and
goal states. They are domain independent in
nature. For example, one of the questions is
np grd ynq(n, o). It is a yes/no question asking
whether the noun phrase n refers to an object o
(e.g., “I see a silver object, is that the pot?”).
Other questions are env pred ynq(p) (i.e., whether
a fluent p is present in the environment; e.g., “Is
the microwave door open?”) and goal pred ynq(p)
(i.e., whether a predicate p should be part of the
goal; “Should the pot be on a pot stand?”). Ta-
ble 2 lists all the actions available in the execu-
tion and learning phases. The select hypo action
(i.e., select a goal hypothesis to execute) is only
for the execution. Ideally, after asking questions,
the agent should be more likely to select a goal hy-
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Action Name Explanation Question Example Reward

1. np grd whq(n) Ask for the grounding of a np. “Which is the cup, can you show me?” -6.51

2. np grd ynq(n, o) Confirm the grounding of a np. “I see a silver object, is that the pot?” -1.0 / -2.0

3. env pred ynq(p) Confirm a predicate in current environment. “Is the microwave door open?” -1.0 / -2.0

4. goal pred ynq(p) Confirm whether a predicate p should be in
the final environment.

“Is it true the pot should be on the
counter?”

-1.0 / -2.0

5. select hypo(h) Choose a hypothesis to use as goal and ex-
ecute.

100 / -2.0

6. bulk np grd ynq(n, o) Confirm the grounding of multiple nps. “I think the pot is the red object and
milk is in the white box, am I right?”

-3.0 / -6.02

7. pred change ynq(p) Ask whether a predicate p has been changed
by the action demonstration.

“The pot is on a stand after the action,
is that correct?”

-1.0 / -2.0

8. include fluent(∧p) Include ∧p into the goal state representa-
tion. Update the verb semantic knowledge.

100 / -2.0

Table 2: The action space for reinforcement learning, where n stands for a noun phrase, o a physical
object, p a fluent representation of the current state of the world, h a goal hypothesis. Action 1 and 2 are
shared by both the execution and learning phases. Action 3, 4, 5 are for the execution phase, and 6, 7, 8
are only used for the learning phase. -1.0/-2.0 are typically used for yes/no questions. When the human
answers the question with a “yes”, the reward is -1.0, otherwise it’s -2.0.

pothesis that best describes the current situation.
For the learning phase, the include fluent(∧p) ac-
tion forms a goal hypothesis by conjoining a set of
fluents ps where each p should have high probabil-
ity of being part of the goal.
Transition The transition function takes action
a in state s, and gives the next state s′ according
to human feedback. Note that the command l does
not change during interaction. But the agent’s be-
lief of environment e, object grounding Grd, and
goal hypotheses Goal is changed according to the
questions and human answers. For example, sup-
pose the agent asks whether noun phrase n refers
to the object o, if the human confirms it, the prob-
ability of n being grounded to o becomes 1.0, oth-
erwise it will become 0.0.
Reward Finding a good reward function is a
hard problem in reinforcement learning. Our cur-
rent approach has followed the general practice
in the spoken dialogue community (Schatzmann
et al., 2006; Fang et al., 2014; Su et al., 2016).
The immediate robot questions are assigned small
costs to favor shorter and more efficient interac-
tion. Furthermore, motivated by how humans ask

1According to the study in (Cakmak and Thomaz, 2012),
the frequency of y/n questions used by humans is about 6.5
times the frequency of open questions (wh question), which
motivates our assignment of -6.5 to wh questions.

2bulk np grd ynq asks multiple object grounding all at
once. This is harder to answer than asking for a single np.
Therefore, its cost is assigned three times of the other yes/no
questions.

Algorithm 1: Policy learning. The execution and

learning phases share the same learning process, but with

different state s, action a spaces, and feature vectors φ.

The eend is only available to the learning phase.
Input : e, l (, eend);

Feature function φ;
Old policy θ (i.e., a weight vector)
Verb Goal States HypothesesH;

Initialize : state s initialized with e, l (, eend);
first action a ∼ P (a|s; θ) with ε greedy

1 while s is not terminal do
2 Take action a, receive reward r;
3 s′ = T (s, a);
4 Choose a′ ∼ P (a′|s′; θ) with ε greedy;

δ ← r + γ · θT · φ(s′, a′)− θT · φ(s, a);
5 θ ← θ + δ · η · φ(s, a);
6 end
7 if s terminates with positive feedback then
8 UpdateH;
9 end

Output : UpdatedH and θ.

questions (Cakmak and Thomaz, 2012), yes/no
questions are easier for a human to answer than
the open questions (e.g., wh-questions) and thus
are given smaller costs. A large positive reward
is given at the end of interaction when the task is
completed successfully. Detailed reward assign-
ment for different actions are shown in Table 2.
Learning The SARSA algorithm with linear
function approximation is utilized to update poli-
cies θE and θD (Sutton and Barto, 1998). Specif-
ically, the objective of training is to learn an opti-
mal value function Q(s, a) (i.e., the expected cu-
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Features shared by both phases
If a is a np grd whq(n).
The entropy of candidate groundings of n.
If n has more than 4 grounding candidates.
If a is a np grd ynq(n, o).
The probability of n grounded to o.

Additional Features specific for the Execution phase
If a is a select hypo(h) action.
The probability of hypo h not satisfied in current envi-
ronment.
Similarity between the ns used by command l and the
commands from previous experiences.

Additional Features specific for the Learning phase
If a is a pred change ynq(p).
The probability of p been changed by demo.

Table 3: Example features used by the two phases.
a stands for action. Other notations are the same
as used in Table 2. The“If” features are binary, and
the other features are real-valued.

mulative reward of taking action a in a state s).
This value function is approximated by a linear
function Q(s, a) = θᵀ · φ(s, a), where φ(s, a) is
a feature vector and θ is a weight updated during
training. Details of the algorithm is shown in Al-
gorithm 1. During testing, the agent can take an
action a that maximizes the Q value at a state s.
Feature Example features used by the two
phases are listed in Table 3. These features in-
tend to capture different dimensions of informa-
tion such as specific types of questions, how well
noun phrases are grounded to the environment, un-
certainties of the environment, and consistencies
between a hypothesis and the current environment.

5 Evaluation

5.1 Experiment Setup
Dataset. To evaluate our approach, we utilized
the benchmark made available by (Misra et al.,
2015). Individual language commands and corre-
sponding action sequences are extracted similarly
as (She and Chai, 2016). This dataset includes
common tasks in the kitchen and living room do-
mains, where each data instance comes with a lan-
guage command (e.g., “boil the water”, “throw
the beer into the trashcan”) and the correspond-
ing sequence of primitive actions. In total, there
are 979 instances, including 75 different verbs and
215 different noun phrases. The length of primi-
tive action sequences range from 1 to 51 with an
average of 4.82 (+/-4.8). We divided the dataset
into three groups: (1) 200 data instances were used
by reinforcement learning to acquire optimal inter-

action policies; (2) 600 data instances were used
by different approaches (i.e., previous approaches
and our interactive learning approach) to acquire
grounded verb semantics models; and (3) 179 data
instances were used as testing data to evaluate the
learned verb models. The performance on apply-
ing the learned models to execute actions for the
testing data is reported.

To learn interaction policies, a simulated human
model is created from the dataset (Schatzmann
et al., 2006) to continuously interact with the
robot learner3. This simulated user can answer
the robot’s different types of questions and make
decisions on whether the robot’s execution is
correct. During policy learning, one data instance
can be used multiple times. At each time, the in-
teraction sequence is different due to exploitation
and exploration in RL in selecting the next action.
The RL discount factor γ is set to 0.99, the ε in ε-
greedy is 0.1, and the learning rate is 0.01.

Noisy Environment Representation. The origi-
nal data provided by (Misra et al., 2015) is based
on the assumption that environment sensing is per-
fect and deterministic. To enable incomplete and
noisy environment representation, for each fluent
(e.g., grasping(Cup3), near(robot1, Cup3)) in
the original data, we independently sampled a con-
fidence value to simulate the likelihood that a par-
ticular fluent can be detected correctly from the
environment. We applied the following four dif-
ferent variations in sampling the confidence val-
ues, which correspond to different levels of sensor
reliability.
(1) PerfectEnv represents the most reliable sensor.
If a fluent is true in the original data, its sampled
confidence is 1, and 0 otherwise.
(2) NormStd3 represents a relatively reliable sen-
sor. For each fluent in the original environment, a
confidence is sampled according to a normal dis-
tribution N (1, 0.32) with an interval [0,1]. This
distribution has a large probability of sampling a
number larger than 0.5, meaning the correspond-
ing fluent is still more likely to be true.
(3) NormStd5 represents a less reliable sensor.
The sampling distribution is N (1, 0.52), which
has a larger probability of generating a number
smaller than 0.5 compared to NormStd3.

3In our future work, interacting with real humans will be
conducted through Amazon Mechanical Turk. And the poli-
cies acquired with a simulated user in this work will be used
as initial policies.
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(4) UniEnv represents an unreliable sensor. Each
number is sampled with a uniform distribution be-
tween 0 and 1. This means the sensor works ran-
domly. A fluent has a equal change to be true or
false no matter what the true environment is.
Evaluation Metrics. We used the same evalua-
tion metrics as in the previous works (Misra et al.,
2015; She and Chai, 2016) to evaluate the perfor-
mance of applying the learned models to testing
instances on action planning.

• IED: Instruction Editing Distance. This is a
number between 0 and 1 measuring the sim-
ilarity between the predicted action sequence
and the ground-truth action sequence. IED
equals 1 if the two sequences are exactly the
same.

• SJI: State Jaccard Index. This is a num-
ber between 0 and 1 measuring the similarity
between the predicted and the ground-truth
state changes. SJI equals 1 if action planning
leads to exactly the same state change as in
the ground-truth.

Configurations. To understand the role of interac-
tive learning in model acquisition and action plan-
ning, we first compared the interactive learning ap-
proach with the previous leading approach (pre-
sented as She16). To further evaluate the interac-
tion policies acquired by reinforcement learning,
we also compared the learned policy (i.e., RLPol-
icy) with the following two baseline policies:

• RandomPolicy which randomly selects ques-
tions to ask during interaction.

• ManualPolicy which continuously asks for
yes/no confirmations (i.e., object grounding
questions (GroundQ), environment ques-
tions (EnvQ), goal prediction questions
(GoalQ)) until there’s no more questions be-
fore making a decision on model acquisition
or action execution.

5.2 Results
5.2.1 The Effect of Interactive Learning
Table 4 shows the performance comparison on the
testing data between the previous approach She16
and our interactive learning approach based on en-
vironment representations with different levels of
noise. The verb models acquired by interactive
learning perform better consistently across all four

She16 RL policy % improvement

IED SJI IED SJI IED SJI

PerfectEnv 0.430 0.426 0.453 0.468 5.3%∗ 9.9%∗

NormStd3 0.284 0.273 0.420 0.431 47.9%∗ 57.9%∗

NormStd5 0.172 0.168 0.392 0.411 127.9%∗ 144.6%∗

UniEnv 0.168 0.163 0.332 0.347 97.6%∗ 112.9%∗

Table 4: Performance comparison between She16
and our interactive learning based on environment
representations with different levels of noise. All
the improvements (marked *) are statistically sig-
nificant (p < 0.01).
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Figure 5: Performance (SJI) comparison by ap-
plying models acquired based on different interac-
tion policies to the testing data.

environment conditions. When the environment
becomes noisy (i.e., NormStd3, NormStd5, and
UniEnv), the performance of She16 that only relies
on demonstrations decreases significantly. While
the interactive learning improves the performance
under the perfect environment condition, its effect
in noisy environment is more remarkable. It leads
to a significant performance gain between 48%
and 145%. These results validate our hypothe-
sis that interactive question answering can help to
alleviate the problem of uncertainties in environ-
ment representation and goal prediction.

Figure 5 shows the performance of the vari-
ous learned models on the testing data, based on
a varying number of training instances and dif-
ferent interaction policies. The interactive learn-
ing guided by the policy acquired from RL out-
performs the previous approach She16. The RL
policy slightly outperforms interactive learning us-
ing manually defined policy (i.e., ManualPolicy).
However, as shown in the next section, the Man-
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Average number of questions Performance
Learning Phase Execution Phase

GroundQ EnvQ TotalQ GroundQ EnvQ GoalQ TotalQ IED SJI

RLPolicy
2.130∗ 2.615∗ 4.746∗ 0.383∗ 0.650∗ 2.626 3.665∗ 0.420 0.430∗

+/-0.231 +/-0.317 +/-0.307 +/-0.137 +/-0.366 +/-0.331 +/-0.469 +/-0.015 +/-0.018

ManualPolicy
2.495 5.338 7.833 1.236 3.202 2.353 6.792 0.406 0.404

+/-0.025 +/-0.008 +/-0.025 +/-0.002 +/-0.012 +/-0.023 +/-0.025 +/-0.002 +/-0.004

RandomPolicy
0.545 0.368 0.913 0.678 0.081 0.151 0.909 0.114 0.113

+/-0.016 +/-0.033 +/-0.040 +/-0.055 +/-0.030 +/-0.024 +/-0.018 +/-0.025 +/-0.029

Table 5: Comparison between different policies including the average number (and standard deviation)
of different types of questions asked during the execution phase and the learning phase respectively, and
the performance on action planning for the testing data. The results are based on the noisy environment
sampled by NormStd3. * indicates statistically significant difference (p < 0.05) comparing RLPolicy
with ManualPolicy.

ualPolicy results in much longer interaction (i.e.,
more questions) than the RL acquired policy.

5.2.2 Comparison of Interaction Policies
Table 5 compares the performance of different in-
teraction policies. It shows the average number of
questions asked under different policies. It is not
surprising the RandomPolicy has the worst perfor-
mance. For the ManualPolicy, its performance is
similar to the RLPolicy. However, the average in-
teraction length of ManualPolicy is 6.792, which
is much longer than the RLPolicy (which is 3.127).
These results further demonstrate that the policy
learned from RL enables efficient interactions and
the acquisition of more reliable verb models.

6 Conclusion

Robots live in a noisy environment. Due to the
limitations in their external sensors, their repre-
sentations of the shared environment can be er-
ror prone and full of uncertainties. As shown in
previous work (Mourão et al., 2012), learning ac-
tion models from the noisy and incomplete obser-
vation of the world is extremely challenging. The
same problem applies to the acquisition of verb se-
mantics that are grounded to the perceived world.
To address this problem, this paper presents an
interactive learning approach which aims to han-
dle uncertainties of the environment as well as in-
completeness and conflicts in state representation
by asking human partners intelligent questions.
The interaction strategies are learned through re-
inforcement learning. Our empirical results have
shown a significant improvement in model acqui-
sition and action prediction. When applying the
learned models in new situations, the models ac-

quired through interactive learning leads to over
140% performance gain in noisy environment.

The current investigation also has several lim-
itations. As in previous works, we assume the
world can be described by a closed set of predi-
cates. This causes significant simplification for the
physical world. One of the important questions to
address in the future is how to learn new predicates
through interaction with humans. Another limita-
tion is that the current utility function is learned
based on a set of pre-identified features. Future
work can explore deep neural network to alleviate
feature engineering.

As cognitive robots start to enter our daily
lives, data-driven approaches to learning may not
be possible in new situations. Human partners
who work side-by-side with these cognitive robots
are great resources that the robots can directly
learn from. Recent years have seen an increasing
amount of work on task learning from human part-
ners (Saunders et al., 2006; Chernova and Veloso,
2008; Cantrell et al., 2012; Mohan et al., 2013;
Asada et al., 2009; Mohseni-Kabir et al., 2015;
Nejati et al., 2006; Liu et al., 2016). Our future
work will incorporate interactive learning of verb
semantics with task learning to enable autonomy
that can learn by communicating with humans.
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