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Abstract

The ability to infer and mediate intentions has been recognized as a crucial
task in recent robotics research, where it is agreed that robots are required
to be equipped with intentional mechanisms in order to participate in col-
laborative tasks with humans.

Reasoning about—or rather, perceiving—intentions enables robots to in-
fer what other agents are doing, to communicate what are their plans, or
to take proactive decisions. Intent recognition relates to several system re-
quirements, such as the need of an enhanced collaboration mechanism in
human-machine interactions, the need for adversarial technology in compet-
itive scenarios, ambient intelligence, or predictive security systems.

When attempting to describe what an intention is, agreement exists to
represent it as a plan together with the goal it attempts to achieve. Being
compatible with computer science concepts, this representation enables to
handle intentions with methodologies based on planning, such as the Plan-
ning Domain Description Language or Hierarchical Task Networks.

In this licentiate we describe how intentions can be processed using clas-
sical planning methods, with an eye also on newer technologies such as deep
networks. Our goal is to study and define computational models that would
allow robotic agents to infer, construct and mediate intentions. Addition-
ally, we explore how intentions in the form of abstract plans can be grounded
to sensorial data, and in particular we provide discussion on grounding over
speech utterances and affordances, that correspond to the action possibilities
offered by an environment.

iii





Sammanfattning

Förm̊agan att prediktera och kommunicera avsikter ses som en viktig uppgift
i modern robotforskning, där man inser att robotar m̊aste vara utrustade
med s̊adana mekanismer för att samarbeta med människor.

Att resonera om - eller snarare, att först̊a—avsikter gör det möjligt för
robotar att sluta sig till vad andra agenter gör, kommunicera vad som är
deras planer, eller fatta proaktiva beslut. Detta är relaterat till flera sys-
temkrav, s̊asom behovet av en förbättrad mekanism för interaktion mellan
människor och maskiner, behovet av “adversarial technology” i konkurrenss-
cenarier, “ambient intelligens” eller predikterande säkerhetssystem.

När man försöker beskriva vad en avsikt är, r̊ader det enighet om att
representera den som en plan tillsammans med det m̊al den försöker uppn̊a.
Eftersom det är kompatibelt med datavetenskapliga koncept, möjliggör denna
representation att avsikter hanteras med metodologier baserade p̊a planer-
ing, s̊asom “Planning Domain Description Language” eller “Hierarchical
Task Networks”.

I denna licentiatavhandling beskriver vi hur avsikter kan behandlas med
klassiska planeringsmetoder, men även med nyare teknik som djupa nätverk.
V̊art m̊al är att studera och definiera beräkningsmodeller som kan göra det
möjligt för robot-agenter att prediktera, konstruera, och förmedla avsikter.
Dessutom undersöker vi hur avsikter i form av abstrakta planer kan baseras
p̊a sensordata, och i synnerhet diskuterar vi hur “grounding” av tal och
“affordances” motsvarar de handlingar som är möjliga i en given miljö.
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Figure 1: Semantic map of this licentiate. Edges color indicate the degree
of co-occurrence of words in the text.
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Chapter 1

Introduction

In robotics, intent recognition is the algorithmic task of inferring the inten-
tion of an observed agent from a stream of observations. Intent recognition
can be grouped together with a series of recognition tasks [28] such as goal
recognition, plan recognition, behavior recognition, policy recognition and
activity recognition, which model properties and behaviors of agents while
relating them to a task they are performing, and can be applied in both
single-agent or multi-agent settings.

An intent recognition architecture is a system devoted to infer the in-
tention of the observed agents. Commonly, intent recognition architectures
accumulate observations about what the agents are doing, then, the obser-
vations are matched with prior gathered knowledge to find what they are
trying to achieve, what are their intentions. Depending on the purpose of
the system, inferred intentions can correspond to different system actions
or can be used to keep an updated mental model of the agents such as in
Theory of Mind [9], where the intentional state plays an important role.

Intent recognition can find many applications both in collaborative and
competitive settings. In general, systems that are able to predict their users
or have a model of them can preemptively suggest relevant options, rather
than waiting all of the user’s inputs.

In contexts of collaboration between humans and robots, such as in
Human-Robot Interaction, knowing what the user is attempting to achieve
provides robots a better understanding of the current interaction; it also
allows them to mediate goals, to react to their inference or enables multi-
modal communication. Furthermore, predicting the user can help in main-
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taining interaction fluency with the robot [15], which is a desirable property
of interactions.

In Human-Robot Teaming instead, successfully recognizing the team’s
shared intention provides robots the capacity to autonomously participate
in the best way, for example by taking charge of a previously unclaimed ob-
jective, or by supporting other participants in what they’re doing if needed.
This is possible by the construction of an “intentional context” to which
robots can participate. It is a common case for human-robot teams in sce-
narios such as rescue scenarios [31, 10], where robots are required to infer
what the other agents are doing as part of the team, and hence how they
can best collaborate.

In other applications such as in smart-environments, intent recognition
is used to support mind control of appliances [33], which can be especially
useful for people with bodily or cognitive handicap, such as with the Parkin-
son disease. Alternatively, smart devices can detect intentions to act au-
tonomously.

In competitive scenarios as in robot soccer, being able to predict the
future actions of a player or whole team provides strategic advantage. In
security systems, malicious attackers can be identified earlier if intentionality
is associated to their early actions.

A main distinction that should be given is between intent recognition
and activity recognition [28]. The former is involved in recognizing a goal
that the agent will eventually reach in the future, while activity recogni-
tion is devoted to identify what the actor is doing in the current moment.
Some confusion could arise when considering self-actions together with en-
vironmental effects as possible goals for an intention. As an example, the
intention of a dancer in stage might be the one of simply dancing, that also
corresponds to the activity he’s doing. Hence, sometimes the recognized
activity could also be interpreted as intention (or viceversa), and for this
reason we will refer to intention recognition as the systematic algorithmic
capacity of evaluating goals that belong to the future.

In this licentiate we focus on algorithms for intent recognition in the
context of robotics; in particular, predictions about intentions are discussed
when merging the task execution state with information coming from speech
modalities. Together with a broader discussion on the grounding of observa-
tions, we further investigate the concept of affordance and how it can allow
to specify planning domains which can be used to recognize intentions. We
therefore define the following research objectives:

• RO1: How can we leverage computational models from Computer
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Science for intent recognition?

• RO2: How to recognize intentions from grounded observations, and in
particular from speech?

• RO3: Does the affordance space allow to successfully ground inten-
tions?

The rest of this licentiate is structured as follows. In Chapter 2 we pro-
vide brief, relevant background on the origin and definition of intention.
In Chapter 3 we introduce intent recognition by a Bayesian formulation
and provide some relevant potential applications. In Sections 3.1–3.3 intent
recognition is discussed more in detail as implemented by classical planning
methods, neural networks or other methods. In Section 3.4 we discuss how
intentions can be grounded to observations, with a focus on speech modal-
ities. In Chapter 4 we present the contributions of this licentiate toward
the development of intent recognition algorithms. In Chapter 5 we finally
provide some potential future direction for my research, in particular to how
it can touch adjacent topics such as joint intentions or model reconciliation.
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Chapter 2

Intention

Understanding intentions has been recognized as crucial skill in social sci-
ences, as it allows to understand what others are doing and why [29].
Intentionality—thinking in terms of goals, rather than of bodily movements—
begins to emerge during children’s early years, and not only plays a crucial
role during children’s infancy, but remains a crucial aspect also in all of later
life activities.

Studies show how children begin to understand intentionality during
their early years [29, 26, 27], by going through three level of understanding of
what an intentional action is: first, the child understands that the action is
performed autonomously, rather than being an inanimate action. Secondly,
the child is able to perceive the persistence of an actor pursuing his/her
goals, that is, the actor recognizes success or failure of his actions. Third,
the child perceives that the actor consider and chooses amongst different
action plans to achieve the chosen goal.

Intention reading is considered to be a skill which shaped human culture.
The natural expertise in perceiving intentions is present when understanding
what others are trying to communicate or do, also during cultural exchanges
and interactions, that may be structured by a pool of shared symbolic ar-
tifacts, such as linguistic symbols. Shared intentionality enables to engage
others in co-operative activities containing joint goals, and participates in
differentiating human beings from other animals.

Agreement exists in representing intentions as a goal (the desired state to
which the actor wants to bring the world to) together with a plan of action
to achieve that goal [28, 29]. In fact, this is among the earliest working
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Figure 2.1: Intention in a Belief-Desire-Intention architecture. In order to
fulfill a desire, the actor deliberates and commits to an intention.

definitions of intention that was given by Bratman [8]. Intentionality implies
commitment, that is, the actor is actively acting out the chosen plan and
its actions, rather than just having the plan in mind and not performing it.

A rather strong link exists between intentionality and rational action.
When an agent selects and acts a plan achieving a certain goal, we can
assume that the plan was selected amongst a set of possible candidates,
and that the chosen plan was deemed to be better than the others. Ratio-
nality makes the agent to act optimally by not utilizing valuable resources
(whatever they may be) more than the necessary.

To better understand how intention is represented in computer science,
we will discuss its role in the Belief-Desire-Intention architecture (see Fig-
ure 2.1), which has been largely utilized in past research to model artificial
agents and how they take and commit to decisions. In BDI models, an agent
is represented as having three main components. Its belief system represent
the environment in terms of beliefs. These beliefs represent what is true
for the agent, which in the general case may not correspond to the ground
truth. Alongside, a set of desires guide its behavior. For example, an agent
might have the innate desire of not feeling hungry, or of survival. Finally,
in order to fulfill a desire given the current belief the agent can instantiate
intentions. These intentions correspond to plans of actions, which from its
current state allow the agent to fulfill its desires. To maintain consistency
between the description from Bratman and BDI architectures, yet without
losing generality, we will assume that desires correspond to the possible goals
that the agent can be pursuing.
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Chapter 3

Intent Recognition

In agreement to the definition given in Chapter 2, we formally define an
agent’s intention as a goal ĝ ∈ G together with the action plan π̂ ∈ Π the
agent is committed to while pursuing ĝ [29]. π̂ can be either a complete plan
or a partial plan directed towards ĝ and belongs to a representation level
that is abstracted from the raw observations. For example, from a raw video
stream of a person walking in a room, the obtained partial plan π̂ could be
the sequence of coordinates (x,y) that the person walked or will walk, ĝ the
target destination1.

Given that the observed agent is behaving intentionally, intent recogni-
tion is the task of inferring ĝ and π̂ given the (ordered) set of observations
ô:

ĝ, π̂ = argmax
g∈G,π∈Π

P (g, π|ô)P (ô) (3.1)

where G and Π are the set of possible goals and the set of possible (partial)
plans respectively. ĝ and π̂ are thus the arguments that maximizes the
likelyhood of the intent recognition model P (G,Π|O).

We additionally introduce a grounding model P (A|O), that from the
raw observation space O maps the gathered observations to the abstracted
action space A. In this space a plan is an ordered sequence of actions i.e.
π = a0, a1, ..., an, {a0, a1, ..., an} ⊆ A,Π ⊆ A. Hence, the raw observations
are first grounded to the task space, then, inference of goal and plan is done

1For the following discussions we will make the rather strong assumption that observed
actions are always intentional. Nevertheless, checking on whether an intention is present
is indeed the first step a more complete intent recognition algorithm should do [7].
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utilizing that space only. For simplicity we assume for all of the actions to
belong to the same abstraction level; a hierarchical decomposition of actions
is also possible when using formalisms such as Hierarchical Task Networks
(later discussed in Section 3.1.2).

With the introduction of the grounding model a new formulation for
intent recognition is therefore obtained as:

P (G,Π|O) =
∑

A

P (G,Π|A)P (A|O)P (O) (3.2)

where the marginalization of A means that the correct grounding is found
by averaging all the possible groundings provided by P (A|O). With the
additional assumption a goal is independent from the observations having a
partial plan π ∈ Π, the model is further decomposed into:

P (G,Π|O) =
∑

A

P (G|Π)P (Π|A)P (A|O)P (O) (3.3)

Therefore, an intent recognition model can be divided into 3 pipelined
components: P (A|O) is the grounding model which map raw observations
into the task space. P (Π|A) is the plan inference component which proposes
partial plans extended towards the goals and that best contains the observed
actions sequences A. P (G|Π) is the goal inference component that from
partial plans provides the likelihood of the goals.

This decomposition implies that a partial plan for the agent is first in-
ferred from the abstracted observations, then, the inferred plan is used to
infer the agent’s goal. Notice that while action sequences a ∈ A contains only
present and past observations, π̂, the corresponding inferred plan, could con-
tain also future actions, depending on the inner workings of P (Π|A). Simple
implementations of P (Π|A) simply return the input A:

P (G|O) =
∑

A

P (G|A)P (A|O)P (O) (3.4)

where no inference on Π is performed and therefore intent recognition be-
comes equivalent to goal recognition. On the opposite side of the spectrum,
when P (Π|A) always returns complete plans, the formulation becomes:

P (G,Π|O) =
∑

A

P (G)P (Π|A)P (A|O)P (O) (3.5)

where P (G) is the prior probabilities of the goals. In this case no inference
on the goals is needed.
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3.1 Intent Recognition through Plan Recog-
nition

The former definition of intention makes particularly easy to frame the in-
ference part of intent recognition into formalisms such as Plan Recognition
[11], that is the task of inferring the complete plan (and thereby its goal) of
an observed agent.

Plan Recognition algorithms are devoted to find the most likely plan of
an agent given a sequence of observations regarding its carried actions, by
for example matching the observations to a plan library Π i.e. a dataset of
plans. Figure 3.1 depicts the architecture for plan recognition in this setting.

a11 a01

a11

a00

a12

g2g1

a10

g0

a11

Observations Recognized
Actions PLAN LIBRARY

Inferred
Plan

Figure 3.1: Plan recognition using a plan library. Observations are firstly
categorized into recognizable actions (i.e. grounded to the task domain),
then matched against the plans contained in the library. π, the inferred
complete plan, is the plan belonging to the library that best matches the
observed actions.

Plan recognition is a case of abductive reasoning i.e. reasoning to best
explanation. Reasoning is about the question “Given the observed actions
â, which is the plan in the plan library that best explains them?”. In the
Bayesian framework this problem can be formulated as:

π̂ = argmax
π∈Π

P (π|â)P (â) (3.6)
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By applying the Bayes rule on Eq. 3.6:

π̂ = argmax
π∈Π

P (â|π)P (π) (3.7)

hence, the problem is equivalent to finding the plan in the library that best
matches the observed actions.

Plan libraries can be either static or dynamic. Static libraries are com-
posed by a fixed dataset of plans, dynamic libraries are instead generated
through the utilization of a planner.

As shown in [25], the degree of matching between the observed sequence
of actions â ∈ A and the plans π ∈ Π towards goals g ∈ G can be indicated
as how costly it is to deviate from an optimal plan achieving g for compliance
with the action sequence â:

∀g ∈ GR(â, g) = C(â, g)− C(∅, g) (3.8)

C(â, g) is the cost of achieving a goal g by the means of a plan containing
actions â, while C(∅, g) is the cost of achieving g by the means of an optimal
plan. The larger R(â, g) is, the more sub-optimal it is to achieve g by
performing first â. R(â, g) thus plays the role of a rationality index of
actions â towards the goals G, or symmetrically, of deviation from the most
rational behavior with cost C(∅, g) and expressed by an optimal plan.

Testing Eq. 3.8 over the possible goals provides the degree of optimality
of â over them. In this setting, we can therefore conclude that the goal
being pursued is the one that has the minimum deviation from an optimal
plan i.e. which pursuit is being most rational. A probability distribution
over the possible goals can be computed as a Boltzmann distribution:

∀g ∈ G P (g|â) =
e−βR(â,g)

∑
gk∈G e

−βR(â,gk)
, β > 0 (3.9)

where β is the temperature parameter. As inferred goal ĝ we can take the
goal that has greater likelihood:

ĝ = argmax
g∈G

P (g|â) (3.10)

with the inferred complete plan π̂ being the plan that achieves ĝ while
containing â and that has cost C(â, ĝ). For both dynamic and static libraries
finding ĝ and π̂ requires 2|G| queries, as for every possible goal both C(â, g)
and C(∅, g) must be computed. These calls are much more expensive if the
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library is dynamic, as the plans computed on the fly. On the opposite, static
libraries are faster but allow to evaluate only the plans in it contained, which
can be a constraining situation in the case of large state-spaces.

Due to the above discussion, plan recognition encapsulates the principle
of rational action, that is it assumes the agent is rational when pursuing its
goals. Rationality is expressed in terms of preference towards optimality:
having a goal ĝ, the agent will attempt to take the least costly plan to
fulfill it. In real scenarios, for the agents to be rational will always be an
hypothesis. Nevertheless, such an hypothesis is necessary to associate to
the streams of actions the candidate directions they’ve been pursuing, over
which a deviation can be measured.

Several properties are desirable for plan recognition algorithms [28].
Some relevant are Speed: inference should be fast and possibly online rel-
ative to the time actions require. Precision: predictions should have high
degrees of confidence. Earliness: accurate predictions should be available
as early as possible. Partial prediction: when full predictions of complete
plans are not sufficiently reliable, partial prediction about the agent’s plan,
or action schema, can instead be provided.

As also described in the next sections, two main classes of plan recog-
nition algorithms are distinguishable, hierarchical and non-hierarchical. Hi-
erarchical recognition recursively groups sequences of low-level action into
a single higher level task. Non-hierarchical maintain instead a flat action
schema.

3.1.1 Plan recognition with PDDL

Plan Recognition as it is discussed in the previous section can be realized
using the Planning Domain Description Language (PDDL). PDDL [21] is a
standard language to specify planning domains for what is usually referred
to as classical planning. It is based on the STRIPS syntax and uses predicate
logic to describe the current system state. PDDL was first proposed in the
year 1998 and since then it has been incrementally extended. Every version
extends the previous one with functionalities that allow to solve problems of
varying complexity, in terms of what is possible to describe. A hierarchical
decomposition of actions is not directly supported by the language but it
can be either simulated [20] or implemented by an extension of the language
syntax [1].

11



PDDL Main features
1.0 STRIPS syntax
1.2 Object type hierarchy
2.1 Fluents and objective metrics
2.2 Derived predicates
3.0 Plan preferences
3.1 Object-fluents

Table 3.1: PDDL versions with introduced main features.

For a specific domain, a derived planning instance is obtained by the
definition of two files: a domain file and a problem file. The domain file
contains the problem structure that is common to the domain-specific prob-
lems; in particular it contains the predicates utilized to describe states and
the definitions of the available actions. The problem file contains instead
a specific problem instance, consisting by the available objects, the initial
conditions and the goal state of the problem. Inside a problem instance, an
object is identified by a unique name, and has a type specification (from
PDDL version 1.2).

Actions have unique names and a list of typed parameters, pre-conditions
and post-conditions. Actions pre-conditions are logical formulas that deter-
mines in which logical states of the system their utilization is possible, while
post-conditions specifies a list of predicates that are set to true by their
execution, and a list of predicates that are instead set to false.

Given a PDDL specification of a planning instance, the goal of a PDDL
planner is to generate a sequence of actions that from the init conditions
lead to the goal state. Furthermore, the generated plans should be optimal
in the sense they should incur in the least cost, measured in number of
performed actions or through a custom metric.

Specifically, a planning domain Ξ is specified by the tuple 〈P,A〉, where
P is the set of possible truth predicates andA the set of of possible operators.
A predicate p ∈ P is formed by a name and a list of arguments, i.e. p =
〈name(p), arg1(p), arg2(p), ..., argn(p)〉. Operators are formed by a name,
a set of preconditions, and a set of effects in the form of deletions and
additions, i.e. a = 〈pre(a), eff−(a), eff+(a)〉. An operator a is applicable
to a state Σ only if the truth value of its preconditions evaluated on the state
is positive; the state is then modified by removing from it the predicates in
eff−(a) and adding the predicates in eff+(a).

For a specific planning domain Ξ = 〈P,A〉, a derived planning instance
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Listing 3.1: PDDL planning domain and problem for a simple drinking
scenario. A plan recognition algorithm could be able to detect that the
observed agent is going to drink, and from which cup, after he grasped one
of the three available ones.

(define (domain cups )
( :requirements : s tr ips :typing :existential−preconditions )
( :types cup − ob j e c t )
( :predicates

( dr inked ? c − cup )
( grasped ? c − cup ) )

( :action grasp
:parameters (? c − cup )
:precondition (and (not ( exists (? g − cup ) ( grasped ?g ) ) ) )
: e f f e c t (and ( grasped ? c ) ) )

( :action dr ink
:parameters (? c − cup )
:precondition (and ( grasped ? c ) )
: e f f e c t (and ( dr inked ? c ) (not ( grasped ? c ) ) ) ) )

(define (problem cups−3−cups )
( :domain cups )
( :objects blue−cup yellow−cup red−cup )
( : i n i t )
( :goal

(or ( dr inked blue−cup )
( dr inked yellow−cup )
( dr inked red−cup ) ) ) )

is obtained by specifying the tuple 〈Ξ, I, G〉. Where I ⊆ Σ is the initial
state, G ⊆ Σ is the target goal. The goal of a planner is to create a plan
π ∈ Π that from I reaches G while incurring in the least cost, for example
when the cost of a plan is measured by its length:

π = argmin
π∈Π

|π|+ C(I,G, π) (3.11)

where C(.) is a constrain function which returns 0 if π is a valid plan starting
from I and reaching G, ∞ otherwise. π, the found optimal plan, is a list of
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operators {a1, a2, ..., an} that allow to achieve G starting from I, or Null if
a plan with bounded cost could not be found, i.e. ∀πC(I,G, π) =∞.

From a planning instance 〈Ξ, I, .〉 and a sequence of observations O =
{o0, ..., on} ⊆ A, plan recognition is performed by computing, for every
possible goal G, the cost of two optimal plans obtained from the planning
instances 〈Ξ′, I, G′〉 and 〈Ξ′′, I, G′′〉, where:

• A′ = A with action effects modified as:
∀a ∈ A′

– eff+(a′) = eff+(a) ∪ e0 if a ∈ O and is the first of the observa-
tions (i.e. n = 0)

– eff+(a′) = eff+(a) ∪ en−1 → en if a ∈ O and n ≥ 1

– eff+(a′) = eff+(a) otherwise.

• G′ = G ∪ en, where en is the effect predicate of the last action in O.

• G′′ = G

The former planning instance achieves G while being constrained such
that O ⊆ π′, the latter instead achieves G but is not constrained to generate
plans that contain O. These two instances are used to compute the two costs
C(O,G) and C(∅, G) that are used to evaluate the degree of optimality
R(O,G) that the observations O have towards G; as it was described before
in Section 3.1.

When using PDDL for plan recognition, computing R(A,G) using a
PDDL-based planner is rather straightforward, with a critical point being
speed. PDDL planners are usually based on classical search algorithm (e.g.
A*) that scale in a reasonable way with the problem size, with a worst
case time complexity of O(2n). Several improved search strategy have been
proposed to partially cope to the scalability issues of PDDL, nevertheless,
due to the fact that plan recognition requires 2|G| calls to the planner, a
real-time speed is difficultly achieved. Plain PDDL based planning and plan
recognition is suitable only for problems of small scale, also because due to
the lacking of hierarchical decomposition of actions it is difficult to model
and recognize higher level activities.

In Paper I the goal recognition techniques are based on PDDL as previ-
ously described in this section.
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3.1.2 Plan recognition with Hierarchical Task Networks

Hierarchical Task Networks (HTNs) are hierarchical models which allow to
define domains as an hierarchy of increasingly abstract tasks by recursively
grouping sequences of atomic actions or tasks into macro tasks.

HTN problems are produced by the definition of a domain and a prob-
lem files. The domain file contains the available atomic and non-atomic
tasks, together with a set of methods to decompose non-atomic tasks into
sub-tasks. Similarly to PDDL, atomic tasks have concrete effects and pre-
conditions. Instead, being abstract tasks a composition of sub-tasks, they
inherit preconditions and effects in a bottom-up fashion.

In HTNs goals are specified as a target top level task to execute (rather
than the desired goal state), or loosely as the post conditions that such task
would produce. Since alternative sequence of tasks could be aggregated as
forming the same top level task, the set of goal post conditions depend on
which sub-tasks the planner decided to utilize to implement the goal task.
The goal of the HTN planner is to find a sequence of task decompositions
such that the goal task is decomposed to a sequence of atomic tasks, while
incurring in the least plan cost (e.g. atomic plan length). The corresponding
obtained plan is the sequence of atomic tasks that achieve the top level task.

Similarly as described in Section 3.1, goal and plan recognition can be
performed by checking the degree of rationality that a gathered sequence of
observations have with respect to the possible top level tasks in the HTN:

∀t ∈ T R(â, t) = C(â, t)− C(∅, t) (3.12)

With the goal being pursued by the agent selected by

t̂ = argmin
t∈T

R(â, t) (3.13)

As described in [16], HTNs formalism allow for an alternative, efficient
formulation of goal recognition, that requires a single call to the planner
instead of 2|T | as would happen if using Eq. 3.12. This is achieved by
setting the tasks in T as candidate tasks for decomposition of an aggregate
task TT . Then, with a single call, the planner is asked to plan for TT while
also complying with the gathered observations. Due to the fact that the
planner prefers optimal plans, it will decompose TT into the candidate goal
task t ∈ T that is achieved most efficiently using the observations. This
method utilizes a weaker rationality index

∀t ∈ T R(â, t) = C(â, t) (3.14)
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which measures how rational it is to pursue a goal from the current state,
rather than from the beginning of the observations.

3.2 Plan recognition with deep networks

Another framework that allows goal and plan recognition is Deep Learning.
Deep Learning got a lot of attention during past decade due to the ability
for deep neural networks to learn from data, or create, complex mappings
P (Y |X). Usually, a neural network learns such mapping from a dataset
of pairs (xk, yk), where xk is an input for the network, yk is the “correct
answer” the network should learn to output when receiving xk.

In Deep Learning, the huge amount of available data allows deep net-
works perform representation learning, that is they are able, thorough the
learning process, to generate in the hidden layers features that are of an in-
creasingly abstract level from the network’s input, while holding their utility
for the mapping the network is learning. For this reason, in deep learning it
is rarely heard of feature or kernel engineering [5, 18, 3, 24], and problems
are solved in a end-to-end fashion even when complex data (e.g. images,
videos) is given.

To solve intent recognition using deep learning, we need datasets to train
the neural networks. In particular, we need a plan library containing plans
and associated goals. As also previously described, such dataset can be gen-
erated with the utilization of a planner. Algorithm 1 shows how a dynamic
plan library can be generated [6].

Algorithm 1 Creation of a plan library of size N using a planner.

procedure Make-Plan-Library(domain)
while num plans ≤ N do

init← Sample-Init(domain)
goal← Sample-Goal(domain)
plan←Make-Plan(init, goal)
yield (init, goal, plan)

end while
end procedure

The dataset is composed of three pieces, each containing a part of the
information required for plan recognition: the initial conditions, the goals
and the plans. Thus, each record of the dataset has the form (ik, gk, ak),
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where ak is a partial plan that from the initial conditions ik is directed
towards the goal gk.

Loss = f(|Ω(x) - Ω(y)|)

Network

Network Ω(y)

x

y

W

Ω(x)

Figure 3.2: Schema of a Siamese Network.

The network we will utilize is a modified version of the Siamese Network
[4, 17], that allows to perform both goal and plan recognition using the same
architecture. This type of network shares the weights while processing pairs
of input vectors. When providing pairs of the same type, the network should
output vectors of high similarity, when pairs of different type are provided a
low similarity instead. The similarity value can be obtained for example by
evaluating the squared euclidean distance of the network’s paired outputs:

out(x0, x1) = ||S(x0)− S(x1)|| (3.15)

sim(x0, x1) = Sigmoid(out(x0, x1)) (3.16)

where S is the output of the siamese network, Sigmoid(.) is a fully connected
layer with sigmoid activation. The siamese network loss function is obtained
as:

L = −sim(xak, xah) + sim(xak, xbw) (3.17)

where xah, xah and xbw are three different records of the dataset. a and b
identify the class to which they belong to. Therefore, similarity between
records of the same class is maximized, of different classes minimized.

We will use the siamese setting for evaluating pairs (ik, gk). Every pair
corresponds to a different planning problem. The network will thus return
points with high similarity for problems that are similar, with low similarity
otherwise.

In addition, we specify a recurrent network R(.) that will process, for
every dataset record, (ik, ak). The output of the network has the the same
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dimension of Eq. 3.15, therefore it is possible to compute similarites between
plans and problem through Eq. 3.16. The loss function of the network is:

L = −sim(R(ik, ak), S(ik, gk))

+sim(R(ik, ak), S(ih, gh))

+sim(S(ik, gk), S(ih, gh)) (3.18)

where (ik, gk, ak) and (ih, gh, ah) are records randomly sampled from the
dataset. At inference time the network can be used to compute P (G|A, I)
(i.e. goal recognition) and P (Π|A, I) (i.e. plan recognition) by the com-
putation of similarities between the partial plans and goals, and between
partial plans and the plan library. Given a set of goals G, a partial plan a
and some initial confitions i0, the probability distribution P (G|a, i0)P (a, i0)
is computed as:

∀g ∈ G P (g|a, i0) =
sim(R(i0, a), S(i0, g))∑

gn∈G sim(R(i0, a), S(i0, gn))
(3.19)

To find the plan belonging to the plan library and best matching with
the observed partial plan a we instead evaluate:

∀π ∈ Π P (π|a, i0) =
sim(R(i0, a), R(i0, π))∑

πn∈Π sim(R(i0, a), R(i0, πn))
(3.20)

We tested siamese networks for goal recognition and compared with the
baseline based on PDDL, yet unfortunately, no technical report is avail-
able for the moment. Our preliminary results showed that while accuracies
between the two models are comparable in the case of no missing argu-
ments in the plans’ actions, PDDL based goal recognition holds a higher
accuracy when we start removing actions arguments from the plans (actions
thus become partially instantiated, see Paper I). Since our expectations were
the opposite i.e. that siamese networks would be more robust in the case of
missing data, further investigation that is left for future research is required.

3.3 Other recognition methods

Since intent recognition can be casted as plan or goal recognition or sim-
ilarly formalized, a platora of methods present in the literature are utiliz-
able. Some implementations of intent recognition may rely on classification:
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having a set of labels for possible user intentions, observations can then
be classified towards that label set. This approach is common in Natural
Language Processing, where sentences are shallowly classified as the system
actions desired by the user. In this case intentions don’t directly belong to
a task space in the form of a sequence of actions, but can rather be seen as
user desires that the system should fulfill. For example, a uttered sentence
“I am hungry” could be labeled as user desire= eat. Since these classi-
fication methods don’t utilize a model of the user or of the task we then
categorize them as shallow methods.

Alternatively, several methods with similarities to plan recognition have
been proposed in the literature. Such models comprehend, among many oth-
ers, Partially Observable Markov Decision Process, Inverse Reinforcement
learning of Spreading Activation Networks.

Analogously to plan recognition, this second group of methods relate
the gathered observations to a task space that can be leveraged to compute
plans by using a model of the agent-environment system. These methods
allow to find, by using a corresponding rationality measure, what is the goal
being pursued by the observed agent by the means of “minimum deviation”.
For example, in Inverse Reinforcement Learning the agent’s plans and goals
are found by “rolling out” its inferred policy, checking the states it reaches;
or in Spreading Activation Networks the goals have likelihood proportional
to the activation they receive from the active input nodes.

3.4 Grounding of observations

In intent recognition models, grounding the observations into the task space
is a necessary step whenever they are not in a form that is directly utilizable.
Observations must be grounded to representations that are understandable
by the plan recognition component, before any inference can happen. For
example, when using PDDL observations are grounded as operators, which
can be utilized for plan recognition. In our formulation (see Eq. 3.2) ground-
ing corresponds to specifying the model P (A|O)P (O), which transforms the
observation space O into the task space A. A set of obervations ô ∈ O is
grounded to a corresponding set of actions â ∈ A as:

â =
∑

A

P (a|ô)P (ô) or argmax
A

P (a|ô)P (ô) (3.21)

Either models in Eq. 3.21 result in valid implementations for the grounding
model.
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As an example, raw data such as video, speech or other sensor modalities
can be processed and integrated to obtain the representations belonging to
the task space that will later be utilizable as sequence of recognized actions.
For example, from raw video the online position of an observed person is
first extracted and mapped to e.g. a grid map over which possible walking
destinations can be evaluated.

Many possible algorithms exists for observations grounding, and we focus
on hard-coded or neural learned methodologies. In hard-coded methodolo-
gies the observation and representation space are connected by a function
that is manually created. In neural learning instead, this function is obtained
by learning from data useful representations using neural networks.

For practical applications usually a mix of the two methods is often
utilized. For example, using neural learning techniques complex data such
as pictures or text may be reduced of dimensionality and clustered. The
obtained binary representations can later be utilized as the discrete state
that is needed by the logical part of the program, which usually is hand-
crafted. This sort of combinations usually allow to insert into the system
expert knowledge with the hand-crafted part, while dimensionality reduction
allows an easier handling of the complex patterns that are inherently present
in real-world data.

(Almost) purely neural methods are also possible as shown in [2], where
the authors obtain a binary plan space in a end-to-end fashion by a combi-
nation of autoencoders and classical planners.

3.4.1 Speech

Speech interfaces allows a communication mechanism, through the utiliza-
tion of a Spoken Dialogue Management System (SDMS) [22], that is easy
to use by experimenters. Speech is a preferred mode of interaction with ar-
tificial systems such as in Human-Robot Interaction [22, 14, 23], where the
SDMS translates utterances into semantic representations used to manage
dialogues with the user, or that are forwarded to other system components.
The input pipeline of a SDMS is constituted by an Automatic Speech Recog-
nition (ASR) component, which transforms speech into text, and a Natural
Language Understanding (NLU) component that classifies the textual utter-
ances into semantic representations, such as speech acts [22]. The Dialogue
Manager (DM) receives the parsing from the NLU and, also based on the
interaction history, decides the system’s output. The DM could eventually
decide to respond to the user after an utterance, in this case, through a Nat-
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ural Language Generation (NLG) component the semantic representations
produced by the DM are converted back into a human-readable format, and
eventually transformed to speech.

Spoken Dialogue Systems can be broadly categorized into two groups,
open-ended and task-oriented. For task-oriented dialogues it is a common
practice for SDMS to keep track of the goal the user has during dialogues.
Traditionally, this goal is commonly expressed as some information the user
wants to query from the system, or wants to insert into it. Goal recognition
is then about inference of what the user is willing to query. A SDMS han-
dling booking of flights or restaurants is a common example for this kind of
dialogue managers [30]. In the context of SDMSs, the grounding process is
thus achieved by defining a NLU component which generates the semantic
structures that the DM can use to manage the dialogue.

When utterances should be mapped into tasks rather than queries, intent
recognition requires to ground what the user is saying to elements belonging
to the task the user is currently involved into. For example, in the context
of an objects retrieval scenario, a user saying “Bring me the red box” could
be translated to a semantic representation such as bring(user, red-box).
The user might want to open the box, or to put it in another location. By
doing this, the intent recognition sub-system can carry inferences at the task
level, rather than strictly at the dialogue level as in dialogue query systems.

Hence, uttered sentences are mapped at the task level into sub-tasks,
that can allow to infer the macro task the user is belonging to, thus allowing
intent recognition as plan recognition in the task space through e.g. HTNs.
For the given example the inferred task will be the candidate task that
contains the subtask bring(user, red-box) most optimally.

Suppose that in the object retrieval example there are two boxes, a green
one and a red one, with the possible tasks being to load on a delivery truck
either one of the two. Then, the utterance “Bring me the red box” can
give evidence about the task the user is currently pursuing. In fact, the
semantic translation of the utterance into bring(user, red-box) belongs
better into a plan π0 ={bring(user, red-box), ..., load(red-box)} rather
than π1 ={bring(user, red-box), ..., load(green-box)}.

Using the introduced grounding model (Eq. 3.21), utterances correspond
to the observations O, while the tasks a user can possibly refer to are the
tasks A. By shallowly parsing the sentence, Natural Language Processing
tools such as Semantic Role Labeling can be used to associate verbs to tasks,
and semantic roles to tasks arguments.

When using this method there is a clear distinction between the language
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space of observations and the task space. In fact, the task space is arbitrarily
linked on top of the utterances’ semantic roles. In other formulations such as
joint intention theory [19] dialogue and task can be entwined: dialogues are
to be considered actions at the task level that are dedicated in manipulating
intentions.

A problem formulation very similar to intent recognition is the one of
generating robot commands from speech, where user utterances are to be
translated into actions or full plans for a robot. A main difference is in how
the utterance is interpreted: in the case of robot commands an utterance
should result into an executable action for the robot, for intent recognition
instead, the utterance specifies an action or an observation that belongs
to an intention of the speaker. Notice that intent recognition subsumes
direct robot commands. A recognized intention could contains actions that
multiple agents are to perform. For example, a user and a robot could create
a joint intention for washing dishes. If the robot is programmed to helping
in acting out the inferred joint intention, then it should participate in it
by taking charge of its assigned actions present in the joint intentions and
execute them.

In Paper I we construct the PDDL operators used for plan recognition
from the semantic roles contained in the uttered sentences.

3.4.2 Affordances

Affordances denote possibilities of action that the environment offer to the
agents belonging to it through the means of their direct perception. In-
troduced by Gibson in 1966 in the field of Environmental Psychology, af-
fordances have undergone a lot of discussion, both about its definition and
applications [32, 13]. Informally, an affordance expresses a property of an
entity such as being graspable, liftable, traversable, etc. that does not be-
long to the environment or the agent either, but rather to their intersection.
It jointly expresses how the environment invites a certain behavior and the
possibility of that behavior, that is; the environment affords a possible be-
havior to the agents that are able to perceive the corresponding affordance.
A proper timely context should also be given: it was a heated period of in-
vestigation on whether internal representations where necessary for behavior
to express itself. Gibson took the position that internal representations are
ill posed, rather, behavior is representable by affordances that exists in the
union of agents and environment, not in the agents alone!

Many interpretations have been proposed in past literature, and here
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we provide the definition from Chemero [13], that is also compatible with
the construction of computational models for affordance2. According to
Chemero affordance are relations of the type:

Affords–φ(feature, behavior)

where φ is the affordance, feature is the relata that allows to detect the
affordance perceptually, and behavior is the agent’s skill that is associated
to the relata. For example, a mug affords a grasping behavior to the agents
able to perceive its graspable regions (such as the handle) to hold them.
This can be expressed as:

Affords–graspability(mug, grasp)

Perceptions and behavior are inherently linked: the grasp behavior can un-
fold because of graspable regions, and regions of objects are graspable be-
cause a grasp behavior exists. When Gibsonians talk about affordance there
is no separate definition for perception and behavior, but rather they con-
join in a unity expressed by an affordance that is directly perceived by the
agents possessing the appropriate skill to perceive and hence enact the be-
havior. Behavior is perceived through the affordances it casts on its relata
and viceversa (the relata is perceived through the behavior).

Perception can be casted on objects at different levels: meso affordances
deal with whole objects (such as a door) while micro affordances with regions
and micro behaviors. A subsumption hierarchy of affordances is expressible
with relations of the type:

Affords–θ(Affords–φ1, Affords–φ2, ..., Affords–φn, behavior)

where θ subsumes φ1, φ2, ..., φn by the means of a particular behavior.
In computer science computational models at the meso level usually rep-

resent affordances as actor-behavior-object-effect relations. For example, a
cup affords the action grasp or drink, a door the actions open or close. Dif-
ferent actor have access to different affordances: a baby cannot climb the
stairs, but can grasp a toy.

Relations of the provided form allow to explore equivalences of actors,
behaviors, objects and effects. Two affordances are said to be equivalent if
their perceived effect is the same. For example, both a street and a river

2In this thesis we attempt to give an appropriate Gibsonian meaning. Discussions on
how to interpret and bring the concept of affordance into computational models showed
to be quite heated between research groups, and we invite the reader to refer to additional
interpretations to have a more complete understanding of the concept.

23



are traversable. For a particular actor, ojects-behavior pairs are equiva-
lent if they provide the same end result i.e. walk-street and swim-river are
equivalent when the agent evaluates the traversability affordance. Different
cups offer similar affordances, as the macro effects remain the same for the
different actions the two mugs afford (drinking, grasping, etc).

A possible way to ground intentions is to use the affordances space.
With this perspective, the partial plans taken by the agents correspond
to trajectories of affordances activation. Plan recognition algorithms can
thus be designed to keep track of the affordances activations, providing
predictions about future activations.

Nevertheless, a domain’s affordances must first either be gathered from
the environment or specified; in Paper II we picked the former option and
defined an algorithm that by leveraging natural language processing tech-
niques gathers and generates possible names of actions associated to objects,
with the goal of then linking this generation process to actual physical ob-
jects and actions, hence supporting intent recognition though eg. computer
vision.
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Chapter 4

Contributions

Given the relevant background present in Chapters 2–3, the contributions
contained in this licentiate are toward the development of computational
models for intention recognition by combining task planning and speech.
Our main field of application is Robotics and Human-Robot Interaction.

4.1 Paper I

In the first contribution with title Intent Recognition from Speech and
Plan Recognition we propose a method to combine natural language
processing techniques with classical planning, to allow for inference of a
speaker’s intention from its utterances. The utterances are shallowly parsed
using Semantic Role Labeling, to be then grounded into arbitrary prede-
fined planning domains as commitments of the speaker. Once grounded,
plan recognition algorithms make possible to infer the intention that the
speaker is most likely referring to, in the form of an inferred goal and plan.

We extend the plan recognition algorithm proposed by [25] by explicitly
allowing also partially instantiated actions to be present in the observations,
rather than only fully instantiated traces. This allows for the speaker to
instantiate observations through speech without having to provide values
for all of the potential slots, that is a relevant point when developing speech
interfaces for robotics.

We tested our modified algorithm on different planning domains utilizing
only partially instantiated actions as observations. Then, we made a real
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experiment with a Pepper robot to test its correct functioning in Human-
Robot Interaction scenarios.

This contribution has been accepted at the 18th International Conference
on Practical Applications of Agents and Multi-Agent Systems 1.

My contribution

My contribution was to define, code and test the proposed methodology. I
largely participated in writing the paper. I will participate at the PAAMS
2020 conference to present the contents of the paper.

4.2 Paper II

The second contribution Unsupervised Object Affordances from Text
Corpora, is toward the construction of an intent recognition model grounded
in the space of affordances. Affordances (see Section 3.4.2) express the link
that exists between perceptions and actions, and our hypothesis is that
they’re are suitable to participate in the inference of intentions since they
describe what is actionable by an agent and how. Nevertheless, before being
able to be utilized, affordances must be either gathered from data or priorly
specified.

This contribution is about the definition of a method to mine object-
action pairs from textual corpora, to then create and test a generative model
for candidate actions using a Conditional Variational Autoencoder (CVAE).
By encoding the object-action pairs using word embeddings we first qual-
itatively test if and to which degree word embeddings contain information
about affordance. We further show how on unseen objects the VAE outper-
forms a K–Nearest Neighbors baseline classifier.

Our idea was to concatenate the generative model to an object detection
algorithm. Having the object in the current scene being recognized, we can
then sample the CVAE to find possible actions to perform on the objects.

This contribution has been accepted at the 22nd Nordic Conference on
Computational Linguistics 2.

1www.paams.net
2www.nodalida2019.org
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My contribution

My contribution was to define, code and test the proposed methodology. I
also largely contributed in writing the paper. I participated at the NoDaL-
iDa 2019 conference to present the contents of the paper.

4.3 Paper III

Our third contribution Traveling Drinksman is about the creation of a
service robot serving drinks to persons such as guests at a care house. Devel-
oped during my SOCRATES 3 secondment at Fraunhofer IPA, it is a piece
of practical research which does not focus directly on intent recognition, but
rather contains and describes a classical robot architecture with detection
of humans, planning over tables and serving procedures.

We extended previous work by introducing two main components, a hu-
man detection module which allows to detect the room’s tables that are
occupied (i.e. with a human being seated nearby), and a global planner,
that allows to plan most efficiently to serve all of the tables detected as
occupied.

We were able to test the robot in real environments such as at a care-
house in Stuttgart, as well as at the Fraunhofer IPA laboratory. Initial
results proved to be promising, furthermore, the robot still has room to
increase its functionality for example by adding social behavior such as chit-
chatting.

This contribution has been accepted at the 52nd International Sympo-
sium on Robotics 4.

My contribution

My contribution was to implement the high-level planning part of the sys-
tem. Furthermore, I participated in the experiments at the care-house. I
also largely participated in writing the paper. I will participate at the ISR
2020 conference to present the contents of the paper.

3The SOCRATES project is part of the European Union’s Horizon 2020 research and
innovation program. Please refer to www.socrates-project.eu for additional info.

4www.isr-robotics.org
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4.4 Paper IV

Our fourth proposed contribution is an extended abstract with title Medi-
ating Joint Intentions with a Dialogue Management System, where
we propose a conversational mechanism to create joint intention with an
artificial agent. Similarly as described in Chapter 5 joint intentions are de-
fined as a shared plan and a goal. At every turn, the participants jointly
contributes to the construction of the joint intention by either specifying a
partially instantiated action the plan should contain, or by refusing a previ-
ously inserted actions. We further assume the human and robot participants
share the same task model.

Since a dialogue manager based on a Finite State Machine might be too
rigid in managing conversational interactions, we opted to utilize a Rein-
forcement Learning agent to learn the best conversational strategy. Our
hypothesis is that this would allow for the artificial agent to learn a pol-
icy that is adapted over the interaction scheme of the human participant.
However, since reinforcement learning requires hundreds or thousands of in-
teraction to converge to a stable policy, the proposed system can difficultly
be trained on real interactions. Therefore, we model the human participant
as a fixed strategy that attempts to instantiate its goal intention with the
least number of interactions, always being open to more efficient intentions
proposed by the artificial agent.

This contribution has been accepted at the First International Workshop
on New Foundations for Human-Centered AI (ECAI-2020)5.

My contribution

My contribution was in jointly define, code and test the proposed method-
ology. I largely participated in writing the paper.

5https://nehuai2020.aass.oru.se/
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Chapter 5

Future work

Intentionality still remains a crucial topic to be fully addressed in robotics.
Taking into account also the discussions in the literature, in order to fulfill
the HRI interaction requirements it seems that robots should be required to
provide an intentional interface, rather than a physical one. For example, if
taking BDI as blueprint for robotic agents, this interface could allow humans
and other agents to directly perceive and hence interact with all of the three
elements of the architecture. In other words, BDI agents could make avail-
able the affordances to directly interact with their beliefs, desires, etc. Also
the robot itself could be programmed to directly perceive and act through
this interface, whenever action on its own intentional state is required.

In the context of the mediation of a joint intention, what could be di-
rectly perceivable is the intention and what the interface provides is direct
perception of how the intention can be mediated. It follows that the agents
actions are not physical and instead belong to the intentional level. Never-
theless, this actions will indeed have a necessary physical manifestation. In
this intentional context physicality is thus to be seen not as the action itself,
but rather as only its manifestation.

This topic is not new, and how to infer mental states from physical
interactions is what Theory of Mind is about. In fact, we could argue that
what Theory of Mind strives for is direct perception of the mental, that
can happen only through its physical manifestation. Parallelly, an effort
to construct the operators of this interface is already attempted by Joint
Intention Theory.

How to create such an interface which operates with mental concepts
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(such as intention, beliefs and desires), but grounded to physical entities
such as buttons, lights or physical movements? This might be what Theory
of Mind applied to robotics could produce.

Given this general direction for future work, in the following sections we
propose three topics as possible directions for this research, which instead
focus on smaller contributions.

5.1 Deep models for goal recognition

As described in Section 3.2 deep networks can be employed for recognizing
intentions. Our hypothesis is that similarly as in other fields such as in
Computer Vision, they would provide similar advantages also for goal and
plan recognition, namely, robustness to noisy observations and generaliza-
tion capabilities. Nevertheless, while these properties are exhibited for very
complex and rich data such as images, surprisingly they’re difficult to reach
for binary data such as PDDL plans. In fact, also our initial unpublished
results show that classical planning methods still achieve a better overall
performance.

Goal recognition using deep network is not new, but is found only as
a classification task in the literature. Our proposed method would instead
rely on siamese networks, which as well as allowing goal recognition, provide
as end result of the training process an embedding space of plans.

As well as improving the goal recognition accuracies in the case of noisy
observations (by using for example specifically tailored networks), future
research on this topic could include how to engineer the siamese embed-
ding spaces such that they exhibit relevant properties, such as embedding
analogies, which are present in other embedding spaces like word embedding
spaces.

5.2 Joint Intentions

We define joint intentions [29] as a direct extension to the definition of
intention that we provided in Section 2. Joint intentions are intentions
shared by multiple characters of the system, rather than belonging to single
agents, and comprehend goals and plans that multiple agents agreed upon.
Joint intentions are also sometimes referred to as “we” intentions, to better
indicate that they belong to a “we” agent that multiple agents may form
when cooperating.
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Similarly as in Section 3, we define a joint intention as a plan π̂ab together
with a goal ĝab. ab indicates that π̂, ĝ are relative to the joint intention that
agents a and b share. Let us specify Πa and Πb as all the possible intentions
agent a and b can have. In cooperative scenarios we can then argue that
Πab ⊇ Πa ∪ Πb. For example, in the box retrieval example a box might
be too heavy for a single agent to lift, hence the action load(heavy-box)
cannot belong to either Πa or Πb when the agents act alone, nevertheless,
when a and b cooperate the same action can instead belong to their “we”
agent, thus becoming a joint action. Of course, the joint agent implies a
cooperative commitment by the two agents.

Since joint intentions belong to multiple agents, usually they require to be
built and agreed upon. In Paper IV, we define a simple dialogue mechanism
that two agents can use to mediate Πab. The algorithm leverage planning to
structure the intention, and a Natural Language Understanding component
based on Semantic Role Labeling to instantiate commitments towards Πab.

5.3 Model Reconciliation

When a human is asked to recognize the intention of a robot performing a
task, it may sometimes be impossible for him to understand why it chose a
particular sequence of actions rather than a more efficient alternative. The
robot might indeed already be performing in the most optimal way, with
being the human who cannot perceive this optimality. This a a case of
model discrepancy, where the robot’s and human’s model of the task are
different in a way such that the robot’s actions are not explainable from the
human perspective. It is in these cases that a model reconciliation might be
necessary, where the model differences of the two models are inferred and
explained by the robot, such that its actions become optimal also in the
human’s eyes. In recent research model reconciliation have been proposed
to reconcile planning domains of human and robot that are relative to the
same task, such as in [12] where the robot explains its plans in terms of
differences between its and the human’s task model.

We can think about applying model reconciliation techniques to plan
recognition in two main ways: firstly, we can remove the assumption that
agent and observer have the same task model—by for example using a second
order Theory of Mind. In this scenario it would be required for the agent
to produce explicable plans i.e. plans that are perceived as rational in the
observer’s task model, and hence, recognizable. Secondly, we can think
about a dialogue manager that handles model reconciliations whenever the
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observer cannot reliably infer the agent’s plan.
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Intent Recognition from Speech and Plan
Recognition

Michele Persiani(B) and Thomas Hellström
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Abstract. In multi-agent systems, the ability to infer intentions allows
artificial agents to act proactively and with partial information. In this
paper we propose an algorithm to infer a speakers intentions with natu-
ral language analysis combined with plan recognition. We define a Nat-
ural Language Understanding component to classify semantic roles from
sentences into partially instantiated actions, that are interpreted as the
intention of the speaker. These actions are grounded to arbitrary, hand-
defined task domains. Intent recognition with partial actions is statisti-
cally evaluated with several planning domains. We then define a Human-
Robot Interaction setting where both utterance classification and plan
recognition are tested using a Pepper robot. We further address the issue
of missing parameters in declared intentions and robot commands by
leveraging the Principle of Rational Action, which is embedded in the
plan recognition phase.

Keywords: Intent recognition · Plan recognition · Natural Language
Understanding · Semantic Role Labeling · Algorithms

1 Introduction

Intent recognition has been recognized as a crucial task in past and recent
research in cybernetic systems [7,14,15], especially when humans are teaming
along with artificial agents [5]. The ability to predict other agents’ future goals
and plans allows for proactive decisions, and relates to several system require-
ments, such as the need of an enhanced collaboration mechanism in human-
machine interactions, the need for adversarial technology in competitive scenar-
ios, ambient intelligence, or predictive security systems [5,15]. In this paper we
focus on intent recognition for robotics, in scenarios where a person and a robot
are present, yet the results have a broader applicability.

In robotics, the ability to predict users enables proactive behavior, ultimately
giving the robots the ability to understand and coordinate actions with their
users, even when only partial information is given [5,19]. In this paper we pro-
pose a method to infer user intent from speech, which is often a preferred mode
of interaction in human-robot interaction [16]. Firstly, a series of utterances by
the user are classified into partially instantiated PDDL [10] actions by using

c© Springer Nature Switzerland AG 2020
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Semantic Role Labeling [8]. The actions are then grounded into PDDL planning
instances, and the user’s intent is inferred using a plan recognition algorithm
constrained to consider only plans containing the classified actions. The pro-
posed method allows for discovery of intents beyond the scope of single sentences
(achieved through, for example, a shallow classification of a sentence), by com-
puting intents contextually to the task domain, in the form of a goal and a plan.
Being able to reason on goals and plans using also context variables is necessary
when attempting to describe or infer an agent behavior [5,14].

The rest of the paper is organized as follows. In Sect. 2 we introduce give
background and related work for our proposed algorithm. Section 3 describes the
intent recognition algorithm, followed by Sect. 4 in which we evaluate an imple-
mentation of the algorithm, both statistically by testing it in different planning
domains, and experimentally using a Pepper robot. Finally, in Sect. 5 we give
some conclusive remarks.

2 Background

In robotics, intent recognition can be performed using several modalities, such as
video [9], gestures [12], eyeball movements, affect information in speech [4], and
speech. When inferring intentions, raw input must be first transformed into data
structures that are suitable for inference, such as action frames [2,18]. We refer
to this as the process of grounding to the task domain. After grounding, various
inference tools can be applied. For example, in [3], utterances are processed
by mapping semantic roles into ad-hoc action frames using machine learning
techniques. Semantic frames, such as the ones described in FrameNet [1], can be
transformed to robot actions using sets of lexical units [18]. These units connect
grammatical relations found in sentences to the different frame elements. With
this approach, all core arguments must be present for the frames to be utilizable.

Pre-trained language models can also be utilized when inferring intentions
from speech. Chen et al. [6] map semantic frames to robot action frames by using
a language model trained on semantic roles, showing how large language models
can be used to obtain the likelihood for the frames arguments. Their proposed
Language-Model-based Commonsense Reasoning (LMCR) assigns a higher prob-
ability to the instruction “Pour the water in the glass.” than to “Pour the water
in the plate.”. Thus, when the planning component is searching for an object
to pour water into, it will prefer a glass rather then other objects. The LMCR
is used to rank candidates for complete action frames by testing the different
combinations of the available objects.

Inferred actions typically must have all arguments specified before they can
be part of an executable plan. However, we can usually not expect all parameters
to be fully specified in user utterances. In this regard our approach stands in
contrast with other solutions (e.g. [6,17]) where the possible combinations of
objects are exhausted or searched to retain only the most likely combination as
candidate arguments. We instead allow for missing arguments to be present in the
action frames, leveraging then the planner to infer them as the arguments that
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would allow the whole inferred intention to be the least costly. Intentions are thus
infused at parameter level with the principle of rational action i.e. intentional
agents prefer optimal plans when evaluating different alternatives [19].

3 Method

We formally define an agent’s intention as a goal ĝ together with an action plan
π̂ the agent is committed to while pursuing ĝ [19]. The sequence of actions π̂ can
either be a complete plan achieving ĝ or a partial plan directed towards it. Intent
recognition thus becomes the task of inferring ĝ and π̂ from a set of observations
o ∈ O:

ĝ, π̂ = argmax
g∈G,π∈Π

P (g, π|o), (1)

where G and Π are the set of possible goals and the set of possible partial
plans respectively, O is the set of possible sets of observations. ĝ and π̂ are
the arguments that maximizes the likelyhood of the intent recognition model
P (G,Π|O).

We additionally introduce an explicit grounding model P (A|O) that is used
to map raw observations to the task space as grounded actions. Furthermore,
we add the assumption that the inferred plan is independent of the observations
given the set of grounded actions a ∈ A. The formulation of the intent recognition
model becomes:

P (G,Π|O) =
∑

A

P (G|Π)P (Π|A)P (A|O)P (O). (2)

Hence, a partial plan for the agent is first inferred from the grounded observa-
tions. Then, the plan is used to infer the agent’s goal. Note that if the plan infer-
ence always infers complete plans, no inference of the goals is needed. Assuming
that the agent behaves rationally, the inferred plan is the optimal plan achieving
ĝ, and that contains the set of grounded actions a ∈ A.

We designed a method to infer the user’s intention by grounding the utter-
ances to sets of actions defined in a PDDL domain [10]. Semantic role labeling
is used to extract semantic frames from the utterances. Each frame is then clas-
sified into a partially instantiated PDDL action to form the set a ∈ A. Inferred
actions are then used to infer the speaker’s intent ĝ, π̂ using plan recognition.

Missing parameters in classified PDDL actions are automatically inferred by
the planner as the ones that would make the speaker’s inferred plan π̂ least
costly. For example, if the user utters “Give me something to drink” without
specifying which glass to use, plan recognition will select the one that is most
convenient to reach. The following example illustrates the process in more detail.

Parsing the utterance “Give me something to drink” may yield the following
semantic parsing:
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Fig. 1. Example of specification of a PDDL domain and problem instances. In green
the annotations performed on the entities e ∈ E. The annotations tag and roles allows
to map bag of words into entities, while every goal annotation specifies a possible goal
for plan recognition. (Color figure online)

– verb: give, patient: something to drink, recipient: me
– verb: drink patient: something

Assuming that the PDDL domain description contains the actions

– (give ?to - agent ?i - item)
– (drink ?a - agent ?what - beverage ?from - item)

the utterance may be classified as the partially instantiated actions

a = {(give me None), (drink None None None)}, (3)

with the semantic roles of type verb mapped to the action names, and semantic
roles me mapped to the first argument of give. Suppose that G contains two
possible user goals: to be served food or to be served a drink. Then, the inferred
plan π̂ will have as goal to drink, as it is the least costly goal achieved with a plan
constrained to contain a. Furthermore, when using partially instantiated actions
the planner will select as the parameters that were set as None the objects
belonging to the planning instance that would make the plan least costly.

3.1 Utterance Classification

For a given PDDL domain and problem definition, we define Act as the set
of unique action names, and Obj as the set of all unique objects names. E ⊆
(Act∪Obj) is the selected subset of entities that are usable to instantiate PDDL
actions from semantic roles. In order to map the semantic roles to an action
parameter list in the correct order, we specify for every action a ∈ (Act ∩ E) a
mapping between semantic roles and parameter indices:

M : A × roles → index ∪ None. (4)

For example, we can define that for the action drink ?c - cup, in the simpli-
fied drinking domain shown in Fig. 1, the semantic role instrument is associated
to the 1st parameter. The mapping M allows to map semantic roles to the
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parameters of the annotated actions. M is manually created by annotating the
PDDL action descriptions.

Additionally, for finding the correct entities mentioned in the utterance we
classify the semantic roles into entities by using a bag of words classifier. The
training set for the classifier is obtained by manually annotating the PDDL
domain. Figure 1 shows how a drinking domain is potentially annotated. Table 1
is the corresponding obtained dataset. Additional data is generated by data aug-
mentation techniques (see Sect. 3.1) to improve generalization and robustness of
classification. The dataset resulting from the annotation process contains records
for the entities e ∈ E only.

Table 1. Every action or object in the set of entities E is annotated with a bag of
words that are used together with the object type as input for the entity classifier.
E, the classifier’s target label set, contains the PDDL unique names of the annotated
entities.

X0 = Bag of words X1 = Type E = Id

blue, cup cup blue-cup

red, cup cup red-cup

yellow, cup cup yellow-cup

drink action drink

For every record in the dataset, every word in x ∈ X0 is encoded into its
corresponding word-vector. x ∈ X1 and e ∈ E are categorical features encoded
using one-hot-vectors. The target classes for the classifier are the unique PDDL
labels of the entities in E. The described dataset is used to train a softmax
classifier Pe(E|X0,X1) that is used to instantiate PDDL actions from semantic
roles by the following algorithm:

â = argmax
e∈E

Pe(e|bverb,action)

∀i, êi = argmax
e∈E

Pe(e|{w}i, typei), ei �= â,M(â, typei) �= None. (5)

This sequence of classifications results in an action identifier â and a list
of associated parameters {ê}. For a given action, not all of its semantic roles
present in M(â, .) might be mentioned in the utterance and the missing ones
will appear as None in the partially instantiated action. Additionally, semantic
roles for which M(â, .) = None are discarded.

Notice that SRL could return multiple parsing for a given sentence, one for
every verb it contains. In this case we run Algorithm 5 for every different parsing.
This also allows to have multiple action declarations in the same sentence, such
as in the case of I’ll go to the supermarket and buy maccaroni, where SRL would
produce a parsing for the verbs go and buy.
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Data Augmentation. Data augmentation refers to a synthetic increase of the
training data in order to increase the size of the dataset and thus the generaliza-
tion capabilities for the trained model. For every entry in the original dataset we
create N = 1000 synthetic entries by replacing, in every new record, the words
in X0 with random synonyms found using WordNet. Additionally, for every bag
of word, N random words are added. Thus, the description of every object is
expanded to the neighboring regions in word vector space by synonyms, while
the injected random words increase the robustness of classification [20].

Negative Action Class. As described above, Algorithm 5 will always attempt
to match bag of words with entities belonging to the problem. This is not always
desirable, especially for auxiliary verbs such as am in phrases like I am repairing
my skateboard, where SRL might label am as a verb and Algorithm 5 would thus
return the action with similiar name (e.g. eat), resulting in a spurious action for
the subsequent computations. For this reason, we allow for semantic roles to be
classified as None. To detect such cases, the classifier is modified to allow the
detection of outliers in its hidden layer, by a combination of regularization and
Radial Basis Functions (RBF). In the case an input is detected as an outlier, the
corresponding computation of the PDDL action or parameter is not performed.

In order to detect outliers, during training the classifier’s hidden layer is
regularized such that h ∼ N(0,1), as this helps in giving the data points a
silhouette suitable for RBF when evaluated at the hidden layer of the classifier.

After training the regularized classifier, for every target class ei ∈ E a cen-
troid ci (and associated variance σi) is computed by averaging the vectors h
generated by the training set. For every ci only the rows with e = ei are taken.
A Gaussian RBF network is then created with activation

a = e
−‖h−c‖2

σ 2 , (6)

with ‖.‖2 being the euclidean distance. Using the above defined RBF network,
a bag of word is detected as outlier if maxa < T , with T being a threshold
hyper-parameter of the model.

3.2 Intent Recognition Through Plan Recognition

We apply a method similar to [11] that explicitly allows for partially instantiated
actions to be present in the set of observations O, rather than allowing only fully
instantiated ones. As the set of observations O we use the trajectory of past
actions together with the partially instantiated actions gathered from sentence
classification a ∈ A. We treat past observations and uttered actions in different
ways, therefore splitting the set O into two parts, Op and Of . Op is constrained
to appear in a given sequence, as past observations are gathered in a specific
order. For the uttered (possibly) future actions Of no order is enforced instead.

From an instance P = (G, I,A) (G: goal, I: initial conditions, A: avail-
able actions), a sequence of observed past actions Op, and a set of partially
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instantiated future actions Of , we obtain two modified planning instances
P ′ = (G′, I, A′) and P ′′ = (G′′, I, A′) that are used to compute C[G + O] and
C[G + ¬O] respectively, where:

– A′ = A with action effects modified as:
∀a ∈ A′

• effects(a′) = effects(a) ∪ pa → e0 if a ∈ Op and is the first of the list (i.e.
n = 0)

• effects(a′) = effects(a) ∪ pa ∧ en−1 → en if a ∈ Op and n ≥ 1
• effects(a′) = effects(a) ∪ pa → fa if a ∈ Of

• effects(a′) = effects(a) otherwise.
• pa = ∧i(xai = argai) if argai is specified for action i
• pf = ∪ifi

– G′ = G + O = G ∪ en ∪ pf , where en is the effect predicate of the last action
in Op, and pf the conjunction of all of the effect predicates of the actions in
Of .

– G′′ = G + ¬O = G ∪ ¬en ∪ ¬pf

Every classified action â coming from the Natural Language Understanding com-
ponent is inserted into the set of future observations Of . Due to how partially
instantiated actions are treated inside P ′ and P ′′, these actions receives an addi-
tional effect of the type

∧i (xâi = argâi) → fâ, (7)

with fâ entering the set of goal predicates when computing C[G+O]. In this way,
when computing this cost, the planner will also attempt to satisfy the actions â
with the generated plan. For C[G + ¬O] instead, the planner will be asked to
not take actions â. Notice that Eq. 7 is applied only to the parameters that are
being specified in the action â, and for which a valid semantic role was classified.

To compute the probability distribution for the goals, and hence of the
intents, we pass the cost difference through a softmax layer obtaining P (Gi|O) =
γe−θΔCiP (G), being ΔCi = C[Gi + ¬O] − C[Gi + O], γ the normalizing factor
and θ an hyper-parameter of the model, P (G) the prior probabilities of the goals.

4 Evaluation

The evaluation of our proposed system is divided into two parts. Firstly, the
developed plan recognition algorithm is evaluated statistically on different plan-
ning instances of high complexity. Statistical evaluation is done to quantify how
partially instantiated actions alone contribute in the recognition of the correct
goal. Then, we implement speech recognition together with image recognition
on a Pepper robot, and evaluate intent recognition in human-robot interaction
trials.
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4.1 Evaluation of Plan Recognition with Partially Instantiated
Actions

We evaluate our modified plan recognition algorithm, using only partially instan-
tiated actions as observations, on the following planning domains. Our goal is to
show how partially instantiated actions scale (i.e. how many specifications the
user should give) when inferring goals in complex domains.

Logistics. In this well-known domain, a fleet of trucks and airplanes has
to deliver packages from starting locations to destination ones. There exists
different roads or flight routes in which subsets of trucks or airplanes belong
to, and trucks and airplanes can move only in between nodes belonging their
corresponding route system. The domain has 10 goals, each of them requiring
to deliver 2 packages randomly picked from a set of 10 packages. There are 6
possible actions: load-truck, load-airplane, unload-truck, unload-airplane, drive-
truck, fly-airplane, each of them having 3 arguments.

Blocks World. In this domain there is a table and several blocks on it.
Blocks can be stacked on top of each other with the help of a gripper. There are
5 possible goals each of them being a set of towers of blocks. Only one action is
possible, stack-from-to, that has 3 arguments.

Hospital. In the hospital domain a nurse has to inject drugs to the patients
admitted at the hospital. Several rooms are dedicated for the patients and are
spread over 3 floors. A set of elevators allow the nurse to change floor. The
drugs are all initially stored in a storage room, and every patient requires a
specific mixture of drugs. In addition, time constraints determine at which hour
of the day the patients should receive their injections. The domain has 12 goals,
each of them being the treatment of 2 patients. Patients, rooms, drugs and
hours are chosen randomly when the domain is generated. There are 5 possible
actions: take-medicine, wait-for-hour, inject-drug, move, take-elevator, with a
mean number of arguments of 3.2.

For the three domains, each trial is carried as follow: a random goal is selected
and an optimal plan A for it is generated. With a parameters α ∈ [0, 1] we
selected the percentage of actions in A to keep and use for Of (always at min-
imum one action was kept), with another parameter β ∈ [0, 1] we specified the
percentage of parameters to keep for every action. Retained parameters and
actions are randomly selected at every trial. Every goal was tested in equal
measure, and for every possible combination of α and β 10 trials were averaged.

Statistical results (Fig. 2) show how both α and β are important in plan
recognition. When no parameter is specified (β = 0) the recognition gives the
lowest accuracy values independently of α. In blocks world, being only one action
present, this results in random guess performance; in logistics, this performance
is slightly above random guess. Given that at least a parameter is specified
(β ≥ 1

3 in our proposed scenarios), α becomes the dominating factor for the
recognition accuracy, as better shown in the right column of Fig. 2.

For practical scenarios, a relevant case is when only one action is speci-
fied together with few parameters (e.g. α = 0, β ≥ 1

3 ). In this case in the
obtained accuracy is in the 20–60% range. Thus, if we expect a limited amount
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Fig. 2. Results of the statistical evaluation. The matrix on the left shows the tested
combinations of values for α and β. Color, from black to white, indicates the obtained
accuracy for every combination. On the right is plotted the accuracy in finding the
correct goal using different values of α. Every different line correspond to a different
value of β. (Color figure online)

of uttered commitments, the introduction of the set of ordered observations Op

is an important factor for achieving high accuracy. Nevertheless, notice that this
is a pessimistic measure as in the benchmarks, actions and parameters are cho-
sen randomly, while during real interactions we can expect the observed agent
more likely to communicate informatively rather than randomly. Additionally,
having the possibility of selecting the classifiable actions, we can ensure that only
the actions that are pivotal for the plan recognition problem are expressible an
utterances. No such constraint was present in the benchmarks.

4.2 Evaluation in an HRI Setting

In order to test intent recognition in an interaction with a robot, we implemented
the described system in an HRI setting using a Pepper robot. In the proposed
scenarios, an experimenter stands in front of Pepper and interacts with it using
speech. Utterances are detected through the Google Speech API, and classified
into PDDL actions using Algorithm 5. Additionally, based on the presence of
different objects in the current visual scene, the truth value of selected predicates
inside the planning instance is modified. Visual objects are detected using a
classifier pre-trained on the YOLO dataset [13]. Figure 3 shows the full developed
architecture.

Two different scenarios are evaluated: a Groceries scenario where inference
on contextual elements is used to discriminate between the user intentions buy-
ing food or buying cigarettes. The second Cups scenario is created to verify
how, given an utterance with partial specifications, missing parameters in the
corresponding PDDL action are correctly inferred.

Groceries Setting. In this hypothetical setting the planning instance is pro-
grammed to detect whether the speaker in going to buy groceries or cigarettes.
Through every trial, the user is asked to state what he is going to do. The pos-
sible choices are to buy from the grocery store, to eat food, or to smoke. The
possible goals are to eat or to smoke.

Depending on the presence of food on the table in front of Pepper, the corre-
sponding predicates expressing availability for that particular food are set inside
the planning instance.



Intent Recognition from Speech and Plan Recognition 221

Automatic
Speech

Recognition

Object
Detection

SRL
Classification

in PDDL
Action

PDDL
Domain and

Problem

Plan
Recognition

Inferred
Plan

"I'll buy some rice"
I: ARG0
buy: V
some rice: ARG1

buy-from rice ?shop

at rice table
sells rice shop0
sells cigar shop1
...

lbl:rice
X: ...
Y: ...

Sentence
Semantic roles

Action Frames

Detected objects Planning Instance

Video
Audio

Raw Inputs

User

Pepper ...
buy-from rice shop0
...
smoke cigar

Inferred Plan

NLU

Fig. 3. Main architecture of the implemented system. Audio and video from the Pepper
robot are streamed to a workstation where visual objects are identified and audio
converted to text. Detected objects are used to modify the planning instance, while
speech is classified into partially instantiated actions. The result is used to infer the
speaker’s intent through plan recognition.

The annotation of the PDDL domain and problem with semantic roles and
bag of words is performed in a similar fashion as the one shown in Fig. 1. The
expected outcomes of the trials are:

– If the user utters that he wants to go to the supermarket or buy food, the
inferred goal depends on the predicate (at rice fridge), which is set to true
if a visual object of type cup or bowl is detected. In such case, the inferred
goal is set to smoke, and otherwise to eat.

– If the user utters that he wants to cook or eat, the inferred goal is to eat,
expressed by the predicate (consumed rice).

– If the user utters that he wants to smoke, the inferred goal is to smoke,
expressed by the predicate (consumed cigar).

Cups Setting. In this setting the user can ask for a drink from three different
cups on the table, each one with a different associated cost to reach. The only
action that is accessible through speech is drink, with one optional parameter
specifying which cup to use. There are three possible goals, achieved by the drink
action using the different cups. The expected outcomes of the trials are:

– If the user says that he wants to drink, without specifying a cup, the goals have
equal probabilities as no discriminating information is present. The inferred
goal is returned as to drink from the blue cup.

– If the user specifies any cup for drinking, the inferred goal is to drink with
the mentioned cup.

During the experiments the algorithm behaved as expected, and the robot
inferred different intentions based on the perceived contextual variable.
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A video showing the different experimental trials for both scenarios is avail-
able at https://youtu.be/33Dinfh7 0Y (please make sure the address is properly
typed).

5 Conclusions

W proposed an algorithm to infer a speaker’s intention from utterances and con-
text. The proposed method is based on the classification of the utterances into
PDDL actions, followed by a plan recognition algorithm using classical plan-
ning. Matching of parts of the utterance to actions and parameters is done
using semantic role labeling. Recognized utterances are used to infer the par-
tial plan and goal of the speaker, or to guide execution of actions when part of
the information is missing. The proposed system allows to utilize utterances in a
contextual way, and depending on the state of the planning instance they lead to
different inferred intentions. In our HRI experiments the robot reacts to the user
utterances by simply telling the goal it inferred. More complex type of reactions
are also possible and are left for future research. The major benefit with our
approach is that the intentions do not have to be hardcoded for combinations
of a large number of contextual states, but is rather intelligently inferred by the
robot in a way that scales both with number of possible intents and contextual
variables.

We discuss the issue that when instantiating robot commands all of required
parameters must be present in order for the commands to be executed. With the
support of a planning domain, partially instantiated actions allow instead to take
advantage of the principle of rational action, thus inferring missing parameters as
the ones that would yield the most optimal intention. This method is in contrast
with other approaches where the combinations of available objects are exhausted
or searched in order to find the best match.

Evaluation showed how partially instantiated actions positively contribute to
inference of the correct goal. For complex scenarios they yield a fair accuracy only
when present in fairly large numbers. Additionally, the system was implemented
in an HRI setting using a Pepper robot, and we verified its correct operation in
several simplistic but relevant experiments.

Future research include incorporation of a dialogue manager to cre-
ate/mediate intentions, of multiple agents in the inferred intentions, and col-
lection of a structured knowledge-base for planning domains and annotations,
possibly testing grounding algorithms that generalize over them.
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Abstract

Affordances denote actions that can be per-
formed in the presence of different objects,
or possibility of action in an environment.
In robotic systems, affordances and actions
may suffer from poor semantic generaliza-
tion capabilities due to the high amount of re-
quired hand-crafted specifications. To allevi-
ate this issue, we propose a method to mine for
object-action pairs in free text corpora, succes-
sively training and evaluating different predic-
tion models of affordance based on word em-
beddings.

Affordance; Natural Language Processing;
Robotics; Intention Recognition; Conditional Varia-
tional Autoencoder;

1 Introduction

The term “affordance” was introduced by the Amer-
ican psychologist Gibson (Greeno, 1994) to describe
what an animal can do in a given environment. It
has since then been extensively utilized, interpreted,
and re-defined (see (Çakmak Mehmet R. Doğar et al.,
2007) for an overview) in fields such as robotics (Zech
et al., 2017), human-computer-interaction (Schneider
and Valacich, 2011) or human-robot-interaction (HRI)
(E. Horton et al., 2012). Several interpretations for af-
fordance exist in the literature, we use the term in a
loose way to denote actions that can be performed with
objects. As a simplified first approach we assume a
one-to-many mapping G: Objects→ Affordances. The
object “door” may, for example, be used to perform the
actions “open”, “close”, and “lock”.

This paper presents how G may be learned from
free-text corpora. The results show how it is possi-
ble to learn a generative model G that, given an object
name, generates affordances according to a probability
distribution that matches the used training data. Quali-
tatively results also indicate that the model manages to
generalize, both to previously unseen objects and ac-
tions.

The paper is organized as follows. In Section II and
III we give a brief literature review on affordances from
different fields. The developed method is described

in Section IV, and results from the evaluation are pre-
sented in Section V. The paper is finalized by conclu-
sions in Section VI.

2 Affordances
When learned, the mapping G can be used in several
ways in artificial systems, for example, by visually
identifying objects in the environment or in the ver-
bal dialogue with the user, suitable actions can be in-
ferred by applying G to the observed objects. The ob-
jects and actions can then be used for shared planning
or intent recognition (Bonchek-Dokow and Kaminka,
2014), thus allowing closer cooperations with the user.

For example, the mapping G may be used in a robot
to decide how it should act within a given context that
affords certain actions. In HRI, a service robot may for
example suggest its user to read a book after it being
visually detected or mentioned. Affordances may also
be useful for object disambiguation. When a robot is
told to “pick it up!”, the robot only has to consider ob-
jects that are “pickable” in the current scene (E. Hor-
ton et al., 2012). Alternatively, affordances may be
used to infer the human’s intention, which may guide
the robot’s behavior (Bonchek-Dokow and Kaminka,
2014). If a user expresses will of talking to his children,
a robot may infer that the user want to call them, and
suggest making a phone call. Inference of affordances
may also be used to design robots that are understand-
able by humans, since mutually perceived affordances
may contribute to explaining a robot’s behavior (Hell-
ström and Bensch, 2018), and thereby increase interac-
tion quality (Bensch et al., 2017).

Classical planning require knowledge about the ac-
tions that are possible in a certain situation, i.e. its af-
forded actions. For simple scenarios, it could suffice to
enumerate all objects in the current scene, to later score
their affordances and finally select the most promising
to activate.

Affordances can be organized in a hierarchy, thus ex-
posing relations or subsumptions between actions (An-
tanas et al., 2017; Zech et al., 2017). Assuming that
a door affords the action open, it is clear that in order
to be opened, several actions must be performed in a
precise sequence (e.g. turn the handle, push the han-
dle). Objects that offer the same grouped sequence of
actions could then be represented as similar in a latent



space.
Antanas et al. (Antanas et al., 2017) relate affor-

dances to the symbol grounding problem. In the at-
tempt of grounding the object door, we could say it is
an object affording open, close, etc.: it is grounded over
those actions. Further stress is also put on describing
affordances as relations between objects and qualities
of objects. A pear can be cut with a knife because it’s
soft, while a hard surface could instead be just scraped.
The blade of the knife affords cut only if used in con-
junction with soft enough objects. This relational hy-
pothesis is supported by neuroscience studies showing
how motor cortices are activated faster if a tool is pre-
sented together with another contextual object, rather
than alone (Borghi et al., 2012).

Depending on the desired level of abstraction, af-
fordances can be represented on different levels (Zech
et al., 2017). We broadly distinct two categories,
namely symbolic and sub-symbolic. In symbolic form,
affordances are expressed through symbols, and ev-
ery symbol enjoys certain relations with other sym-
bols. This usually gives rise to the possibility of hav-
ing a knowledge-base, containing entities such as af-
fords(knife, cut, pear), and organizing them in a graph.
Sub-symbolic encodings (such as through neural net-
works) are instead useful to obtain percepts (Persiani
et al., 2018). By clustering the perceptual/procedural
space, we obtain entities (the centroids) that may or
may not be utilizable as symbols, depending on the na-
ture of the input space and subsequent calculations.

Inference of affordances from images (Zech et al.,
2017) is an example of sub-symbolic approach. This
is related to object recognition/segmentation, and cor-
responds to associating afforded actions to different vi-
sual regions of the object. Recognized affordance re-
gions can be used for object categorization (Dag et al.,
2010). For example, in a kitchen environment objects
having two graspable regions could be identified as
pans or containers. This is especially useful for robotic
manipulation tasks (Yamanobe et al., 2017): a planner
for a gripper must have knowledge about the geometric
shape of the parts that can actually be grasped.

Ruggeri and Di Caro (Ruggeri and Caro, 2013) pro-
pose methodologies on how to build ontologies of af-
fordances, also linking them to mental models and lan-
guage. If we think at the phrase “The squirrel climbs
the tree”, we can create a mental image for it, imaging
how it reaches the top. If an elephant climbs the tree in-
stead, surely some semantic mismatch will soon arise.
The mental model doesn’t fit because the tree doesn’t
afford climbing to the elephant. The opposite might
instead apply for scenarios like “Lifting a trunk”.

3 Related work
Unsupervised extraction of object-action pairs from
free text corpora has been a relevant point in recent
Natural Language Processing (NLP) research. Differ-
ently from the other methods, corpora can be mined by

different techniques with the goal of finding in an unsu-
pervised manner relationships between objects, proper-
ties of objects and actions. Chao et al. (Chao et al.,
2015) show how in NLP objects and actions can be
connected through the introduction of a latent space.
They argue that building such a space is equivalent
to obtaining a co-occurrence table, referred to as the
“affordance matrix”. In their approach every object-
action word pair is scored through a similarity measure
in the latent space, and only the pairs over a certain
threshold are retained as signaling the presence of af-
fordance. The affordance matrix, together with other
automatically extracted properties and relations (alto-
gether referred to as commonsense knowledge), such as
expected location for objects, can be then used to build
PKS (Planning with Knowledge and Sensing (Petrick
and Bacchus, 2002)) planners (Petrick and Bacchus,
2002; Kaiser et al., 2014).

In (Chen et al., 2019), the authors map semantic
frames to robot action frames using semantic role label-
ing, showing how a language model can yield the likeli-
hood of possible arguments. Their proposed Language-
Model-based Commonsense Reasoning (LMCR) will
give as more probable an instruction such as ”Pour the
water in the glass.” rather than ”Pour the water in the
plate.”. The LMCR is trained over semantic frames
by using mined knowledge about semantic roles and
can be used to rank robot action frames by testing the
different combinations of the available objects. When
searching for an object where to pour water, the LMCR
is used to rank the available objects.

4 Method
We trained a generative model for the one-to-many
mapping G : Objects → Affordances using pairs of
the type <object, action>. These pairs were gener-
ated by semantic role labeling of sentences from a se-
lected corpus. Objects and actions were represented by
wordvectors throughout the process, as is illustrated in
Fig. 1. The model allows to rank the different affor-
dances for a given object name, as names of actions
that can per performed on it. By employing a neural
network model rather than a tabular model we investi-
gate whether wordvectors encoding allows for the gen-
eralization the in mapping object-action.

Corpus
Semantic

Role
Labeling 

Word
Embeddings

Generative
Model

(CVAE) 

Figure 1: Steps taken to obtain the generative model.

4.1 Corpus
As data source we used the Yahoo! Answers Manner
Questions (YAMC) dataset1 containing 142,627 ques-

1Obtained at https://webscope.sandbox.yahoo.com/catalog.php?datatype=l.
Accessed May 16, 2019.



tions and corresponding answers. The corpus is a dis-
tillation of all questions gathered from the platform Ya-
hoo! Answers during the year 2007. It is a small subset
of all questions, selected for their linguistic properties
such as good quality measured in terms of vocabulary
and length.

This specific corpus was selected due to the nature
of its content. Our hypothesis is that being a collection
of QA regarding daily living, the actions and objects
being mentioned are more closely related to affordance
than the ones in other corpora such as Wikipedia.

4.2 Semantic Role Labeling
In NLP, semantic roles denote the semantic func-
tions that words have in a given phrase (Carreras and
Márquez, 2004). For example, in the phrase “John
looks in the mirror”, the words “looks in” (denoted V )
refer to the action being performed. “John” identifies
the agent carrying out the action (denotedA0), and “the
mirror” is the object (denoted A1) being target of the
action.

Semantic role labeling (Gildea and Jurafsky, 2002) is
the task of assigning semantic roles to words or groups
of words in a sentence. A variety of tools exist for this
task, with different conventions for the associated roles.
As an example, for (Sutherland et al., 2015), the SE-
MAFOR parser (Das et al., 2010) was used to infer hu-
man intention in verbal commands to a robot. In the
current paper we used the parser in SENNA (Collobert
et al., 2011), which is a software tool distributed with a
non-commercial license.

After parsing the corpus using SENNA, phrases with
semantic roles A1 and V of size one were selected.
Each action V was lemmatized into the basic infini-
tive form since we were not interested in discriminating
temporal or other variants of the verbs.

Finally, all pairs (A1,V ) that appeared at least
seven times were used to create data samples <object,
action>. This number was found to filter out spurious
pairs. A fictional example illustrating possible gener-
ated sample pairs <object, action> is shown in Table
4.2.

Phrase <object, action>
Add flour. <flour, add>
Crack the egg. <egg, crack>
Set the mixer on two steps. <mixer, set>
Whip using the mixer. <mixer, use>
Open the oven. <oven, open>
Enjoy the cake. <cake, enjoy>

Table 4.2 Examples of object-action pairs generated
from phrases in a recipe.

Objects and actions are further filtered based on a
concreteness value (Kaiser et al., 2014), that corre-
spond to how close they are to being physical entities
rather than abstract ones. To do so, for every sense of
every object we navigate the WordNet entity hierarchy

and retain that sense only if it is a child node of physi-
cal entity. Only objects with a ratio of physical senses
above a certain threshold are kept. We apply the same
procedure to actions but regarding them as physical if
they are child of move, change, create, make.

4.3 Dataset
The words in each generated pair <object, action>
were converted to wordvectors to provide numeric data
to be used in the subsequent experiments. All data was
divided into a training set comprising of 734,002 pairs,
and a test set comprising 314,572 pairs. Special care
was taken to include different objects in training and
test data sets. This would allow us to test in a more
aggressive way the generalization capabilities of the
trained models. The data contained NO = 33,655 dis-
tinct object names and NA = 11,923 distinct action
names.

4.4 Word Embeddings
Word embeddings (Collobert et al., 2011) model every
word x as a dense vector Wx. Words that co-occur of-
ten in the corpus have similar associated vectors, and
enjoy linear or non-linear properties reflecting seman-
tic or syntactic relationships such as analogies(Drozd
et al., 2016). Wking −Wman ≈ Wqueen −Wwoman

(semantic analogy), or Wlift − Wlifted ≈ Wdrop −
Wdropped (syntactic analogy). Similarity of words is
often measured though cosine distance of the vectors.
For a review on analogy tests see (Finley et al., 2017).

GloVe (Pennington et al., 2014) and Word2Vec
(Mikolov et al., 2013) are common approaches to cre-
ate word embeddings. We trained Word2Vec over
YAMC to get embeddings for words that were most
specific for our dataset. The selected dimensionality
for the wordvectors was 100.

4.5 Generative Model
We compare three different models in how good they
are in predicting P (A|O) provided the evidence in the
data. A Conditional Variational Autoencoder (CVAE)
(Doersch, 2016) trained on off-the-shelf GloVe em-
beddings with dimensionality 200, a CVAE trained on
word2vec embeddings fitted on the YAMC dataset, a
K-NN model.

4.5.1 Conditional Variational Autoencoder
A CVAE is a trainable generative model that learns
a conditional probability distribution P (A|O) while
keeping a stochastic latent code in its hidden lay-
ers. They can be divided into two coupled layers:
an encoder and a decoder. The encoder transforms
the input distribution into a certain latent distribution
Qφ(z|A,O), while the decoder reconstructs the orig-
inal vectors from its latent representation z together
with the conditioning input o, with output distribution
equal to Pϕ(A′|z, o).

The encoder’s latent layer is regularized to be close
to certain parametric prior Qϑ(z|O). The lower-bound



loss function for the CVAE is:

LCV AE = E[log Pϕ(A′|z, o)]−
λDKL(Qφ(z|A,O)||qϑ(z|O))

(1)

The first term accounts for how good the autoen-
coder reconstructs the input given its latent represen-
tation. The second term regularizes the hidden latent
space to be close to a certain posterior distribution. The
factor λ balances how regularization is applied during
learning. Starting from zero it is linearly grown up to
one as the learning epochs advance. This technique ad-
dresses the vanishing latent variable problem and is re-
ferred to as KL annealing (Bowman et al., 2016).
ϕ, φ, ϑ denotes the three disjoint sets of parameters

of the components that are simultaneously involved
in learning. More specifically, they represent set of
weights for the three neural network composing the
CVAE. The CVAE was trained using the training set
generated as described above, and was implemented
using the Keras (Chollet et al., 2015) library for Python.

In order to search for a most direct relationship be-
tween objects and actions in wordvectors space, we
keep the autoencoder with one hidden layer in both en-
coder and decoder. Nevertheless, nonlinearity of the
output function of the hidden units proved necessary
to yield a high accuracy. We set the dropout value for
the hidden layers of the autoencoder to 0 (no features
are dropped during the training phase), as this setting
proved better performance in all of the experiments.

4.5.2 Nearest Neighbor
For a given input object o, the Nearest Neighbors model
predicts P (A|o) as P (A|o′), where o′ is the closest ob-
ject in training data. o′ is found by cosine similarity
of the wordvectors o and o′. P (a′|o′) is computed as
N(a′, o′)/N(o′), where N(.) is the counting of occur-
rences in training data.

Input Output
door open, pull, put, loosen, grab, clean, leave,

get, slide, shut
egg hatch, poach, implant, lay, crack, peel,

spin, whip, float, cook
wine pour, add, mix, dry, rinse, melt, soak, get,

use, drink
book read, get, write, purchase, find, use, sell,

print, buy, try
cat declaw, deter, bathe, bath, spay, pet, scare,

feed, attack
money loan, inherit, double, owe, withdraw, save,

waste, cost, earn, donate
knife scrape, cut, brush, chop, use, roll, pull, re-

move, slide, rub
body trick, adapt, tone, adjust, recover, starve,

cleanse, respond, flush, exercise

Table 4.5.2 Examples of actions generated by the
CVAE. For every input object the 10 most probable out-
puts are sorted from high to low probability.

5 Evaluation

By sampling the model, we obtain names of possi-
ble actions A. As described above, the sampling fol-
lows the estimated conditional probabilities P (A|O).
Hence, actions with high probability are generated
more frequently than actions with low probability.
Since the CVAE outputs actions in numeric wordvec-
tor format, these actions are “rounded” to the closest
action word appearing in the dictionary. This is equiva-
lent to a K-NN classification with K = 1. A few exam-
ples of the most probable generated actions for CVAE
are shown in Table 4.5.2.

Evaluation of generative models is in general seen
as a difficult task (Theis et al., 2015; Hendrycks and
Basart, 2017; Kumar et al., 2018), and one suggestion
is that they should be evaluated directly with respect to
the intended usage (Theis et al., 2015). In that spirit we
evaluated how often our models produced affordances
that were correct in the sense that they exactly matched
test data with unseen objects. For a model Pk(A|O) we
define an accuracy measure as follows:

Algorithm 1 Accuracy computation of a model
Pk(A|O)

1: procedure ACCURACY(Pk(A|O), l,m,test set)
2: s← size(test set)
3: x← 0
4: for (oi, ai) ∈ test set do
5: Ao ← Pk(A|oi) . Output of the k-th

model, sampled m times, with m >> 1
6: SORT(Ao) . The list of actions is sorted in

descending order
7: selil ← FIRST(Ao, l) . The most frequent

actions up to l are kept
8: if ai ∈ selil then
9: x← x+ 1 . x is increased when ai is

contained in selil
10: end if
11: end for
12: accuracyk ← x

s
13: end procedure

This measure tests how good a model replicates test
data, and is meant to be a quantitative evaluation. Two
different CVAEs are evaluated, the first with data en-
coded with GloVe-200 embeddings, the second with
word2vec embeddings obtained over YAMC. We eval-
uated CVAE, K-NN and a baseline model by the de-
scribed procedure. As baseline model we used a prior
P (A|O) = P (A), that is the probability distribution of
actions over all objects. For every action a, P (a) =
Na/Ntot, where Na is the number of times a appeared
in the dataset. Accuracy computed on the test set for
the different models are presented in Figure 2.



Figure 2: Computed accuracy for the different models.
The X axis shows different percentages of retained out-
put actions, starting from the most probable ones (pa-
rameter L). The Y axis shows the obtained accuracy.

The K-NN model fails to generalize the task: jump-
ing to the closest object and outputting the empirical
probability for it yield performances just above zero,
also lower to the baseline.

We explain the K-NN performance as being this low
due to the fact that similarity of objects (using cosine
distance) does not encode similarity of associated ac-
tions. Supporting this hypothesis there is also the ne-
cessity of having nonlinear layers in the autoencoder in
order to achieve high accuracy values. From this con-
sideration we conclude that in word embedding space
the mapping object-action is non-linear using the off-
the-shelf embedding features.

The two CVAEs performance is higher, reaching a
score of 0.35 with the off-the-shelf wordvectors. Ad-
ditionally, we observed that training word2vec embed-
dings over the corpus lead to overfitting: performance
computed over the test set comprising unseen objects is
lower than the performance obtained with general pur-
pose wordvectors.

6 Conclusions

With the goal of mining knowledge about affordance
from corpora, we presented an unsupervised method
that extracts object-action pairs from text using Seman-
tic Role Labeling. The extracted pairs were used to
train different models predicting P (A|O): two Condi-
tional Variational Autoencoders and one K-NN model.
The presented results show that, on unseen objects, a
CVAE trained on off-the-shelf wordvectors performs
significantly better than the other tested models. Fur-
thermore, we show how the K-NN model fails to gen-
eralize on our specific benchmark task, having perfor-
mance even lower than the baseline model.

Knowledge about affordance, even in simple forms
such as a object-action mapping, is relevant for appli-
cations such as inference of intent or robot planning. In
robotics, planning requires a high amount of specifica-

tions inserted in the domain description, usually result-
ing in most of the decision rules being hand-crafted.
With this paper, we present an algorithm allowing the
leverage of knowledge about affordance present in cor-
pora, thus allowing for a method of generating of at
least a part the domain automatically.

Future work related to this research will be about im-
proving the method by which the object-action pairs are
mined, followed by reasearch on how this knowledge
can be transformed to be used for robotic planning and
intent recognition problems.
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Şahin. 2007. Affordances as a framework for robot
control. In Proceedings of the 7th international con-
ference on epigenetic robotics, epirob07.

Tomas Mikolov, Kai Chen, Gregory S. Corrado, and
James A. Dean. 2013. Efficient estimation of word
representations in vector space. CoRR.

Jeffrey Pennington, Richard Socher, and Christo-
pher D. Manning. 2014. Glove: Global vectors for
word representation. In In EMNLP.

Michele Persiani, Alessio Mauro Franchi, and Giusep-
pina Gini. 2018. A working memory model im-
proves cognitive control in agents and robots. Cog-
nitive Systems Research, 51:1–13.

Ronald PA Petrick and Fahiem Bacchus. 2002. A
knowledge-based approach to planning with incom-
plete information and sensing. In AIPS, volume 2,
pages 212–222.

Alice Ruggeri and Luigi Di Caro. 2013. How af-
fordances can rule the (computational) world. In
AIC@AI*IA.

C. Schneider and J. Valacich. 2011. Enhancing the
Motivational Affordance of Human–Computer Inter-
faces in a Cross-Cultural Setting, pages 271–278.
Physica-Verlag HD, Heidelberg.

Alexander Sutherland, Suna Bensch, and Thomas Hell-
ström. 2015. Inferring robot actions from verbal
commands using shallow semantic parsing. In Pro-
ceedings of the 17th International Conference on Ar-
tificial Intelligence ICAI’15, pages 28–34.
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Abstract

This paper describes ongoing work on the development of a service robot for serving drinks to people sitting at tables, for
example in the recreation room of a care-house. The robot, denoted the Traveling Drinksman, should be able to detect the
occupied tables, navigate safely according to defined policies, and interact with the humans sitting to serve them a drink.
We present initial results addressing all of these problems with different sub-modules, including numerical results for the
human detection module.

1 Introduction

With the globally growing elderly population foreseen for
the coming decades, the need for infrastructure dedicated
to elderly care has also increased [18]. As intelligent ser-
vice robots become increasingly available, there will be
many possibilities to delegate low-level, repetitive tasks to
the robots, thereby giving human workers more time for
interpersonal care.
Preliminaries user studies showed that robots can have a
positive impact on elder population in care-house environ-
ments. In [19], the authors show how the introduction of
a social robot strengthened the relationships between the
guests and overall increased well-being. While also nega-
tive responses to socially assistive robots have been mea-
sured by e.g. the study in [12] (such as psychological fac-
tors emerging from the need of using assistive machines),
the same study shows that, in general, there is a positive
correlation between age and robot acceptance by the el-
ders.
From a work perspective, it is still unclear the impact that
service robotics will have on human labor [3], and most
likely a balance between full automation and human-robot
collaboration contains the sweet spot for service robotics.
When seeing services as robot manufactured products,
there is a fairly low threshold above which it becomes im-
possible for untrained human workers to resolve problems
that might occur with the robot or with the provided ser-
vices. Hence, fully automated service robots should keep
a low level of complexity to avoid the constant need of ex-
pert personnel for the maintenance of the robots and their
procedures.
Along these lines, this paper describes ongoing work on
the development of a service robot for serving drinks, to
be deployed for example in the recreation room of a care-
house. However, the proposed solution can also in the fu-
ture be extended towards more social aspects, such as en-
tertainment or chit-chatting. The proposed robot - the Trav-

Figure 1 The robot is approaching a human to ask if he
wants to drink something.

eling Drinksman - is expected to take care of the drinking
needs of several people in a room. The robot’s task is to
continuously detect and serve people at all occupied tables.
We extend previously developed work [4] by implement-
ing two major components: a human tracker, that allows
to track in real-time the person positions in the room, and
a planning system, that is used to plan how to serve the
detected persons most efficiently.

2 Related Work

There is a fairly large body of research dedicated to service
robotics, with one of the factors driving the field being the
need for enhancing the infrastructure for the elderly care
[18, 8]. In this regard, robotics offers a wide range of pos-
sibilities to support the working staff in e.g. care houses.
Few examples of developed robots are nursing robots [7],
companion robots [19], or robots for assistance in handi-
capped mobility scenarios [5, 17].
Due to their inherent complexity, robot architectures for
service robotics should be able to be extended and to host
newly added components systematically and comprehen-
sively such that the provided services become easy to man-



age. The authors in [8] propose that languages such as the
Unified Modeling Language are suitable to support such a
requirement in architecture modularity, also for its suitabil-
ity for system engineering methods.
Since our developed architecture provides a single service,
we don’t provide such a high-level description of the sys-
tem and focus more on the implementation details. We use
the Robot Operating System (ROS) [13], which is modular
by construction and allows a seamless integration of com-
ponents through their defined ROS API. ROS is a well-
known robot development framework and is utilized by
many projects. Other robot architecture frameworks are
utilizable, such as ones developed in industry e.g. [7].
Two common problems in robotics that we also faced in
this work are detecting persons and planning sequences
of actions. Detecting humans can be necessary when the
robot is working in shared spaces, and several solutions
have been explored in past years using different combi-
nations of sensors. For example using video [20], lidars
[16], or sonars. Classification methods received an over-
all massive improvement in recent years due to the dawn
of deep learning methods. Given a properly supervised
dataset, these methods can provide reliable detections, also
in real-time due to the parallelizable computations of neu-
ral networks. With this respect, we utilize a YoloV3 [15]
classifier that provides bounding boxes for the trained im-
age regions.
Planning is the task of finding the optimal sequence of ac-
tions that from initial conditions to achieve a desired goal
condition. Many robotic applications using planners have
been developed in past decades such as based on STRIPS
[11], Hierarchical Task Networks, etc. For this work,
we selected the Planning Domain Description Language
(PDDL) [10], which is a standard language to specify plan-
ning domains for what is usually referred to as classical
planning.

3 Method

We utilize an existing service robot prepared for the task of
serving drinks [1]. The drinks are stored in plastic glasses
in the robot’s shelf-type hardware. The robot has an om-
nidirectional mobile base and uses a map to autonomously
navigate collision-free through the environment. For mak-
ing the robot approach and serve a given target position,
we applied a previously developed approach module [4].
When triggered, this module makes the robot to approach
a predefined area close to the person. By using an inte-
grated tablet computer, users can request any of the avail-
able drinks stored inside the robot. In the proposed sce-
narios this procedure repeats until all present persons have
been served.
We extend the functionalities offered by the approach mod-
ule by new methods to increase autonomy, robustness and
time efficiency. A robust human detection module (Sec-
tion 3.1) and a global path planning optimization (Section
3.2) have been emerged as useful during previous tests in
elderly care homes.
To realize the described robot behavior, we use the

open-source software framework Robot Operating System
(ROS) for development and testing. Figure 2 presents the
three main parts of existing and new ROS modules, as well
as their communication:

POI Storage Map Graph Service Planning
Instance

Path Planning

PDDL plannerHuman Detection

Initial Poses Approach Module

Points of
Interest

Global
Feature Map

Sequence
Planning

Figure 2 ROS software architecture of the high-level planning
components of the system. Each block corresponds to a devel-
oped ROS node. Edges indicate how messages flow in between
the nodes.

The first part provides the points of interest (POIs). In our
case, these correspond to the person positions, the robot
position, the glass refilling position, and the robot home
position. Initially, these poses are set manually. The human
detection simultaneously updates the person positions for
approach and the next serving.

Human Detection: This ROS-node subscribes to the
color and depth image of the robot for head detec-
tion. In the case of detection, the node provides the
position of the head from the perspective of the cam-
era. Using the transformation of the robot and from
the localization, the node transforms the position into
the global map frame.

Initial Positions: It provides the available sitting posi-
tions, the refilling, and home pose.

POI Storage: It publishes all the gathered detected posi-
tions. These include the person’s global positions ex-
tracted from their head positions, the robot position,
the sitting positions, the robot’s home position, and
the refilling position.

The second part of the architecture combines the global
grid map of the robot with the POIs and the robot poses
to approach these. Simultaneous Localization and Map-
ping provides the global grid map. Since the robot has to
serve the drink close to the person, the approach node uses
the costmap to provide the best not-occupied robot pose
around the person pose. During the robot approaches a
person, the approach module updates the best robot pose
based on the current sensor information and human pose.
This is required because of occluded and dynamic obsta-
cles.

Approach Module: This module takes the pose of the
person and returns the best robot pose for Robot Hu-
man Interaction as a ROS-Service.



Map Graph: Combines the robot map data with the ap-
proaching positions, the refilling and the home posi-
tion.

The third part calculates the optimal overall sequence for
serving the present people. First, the Map Graph node in-
terconnects all POIs and store them as edges on a graph.
Then, an external path planning service executes an A*
search algorithm on the costmap to provide an estimated
travel length. Afterward, we associate the travel length
as cost and assign them to the edges. Finally, the PDDL-
planner performs the overall planning, constraint by start-
ing at the current robot position and ending at the refilling
position. The PDDL-planner returns the optimal sequence
of poses, that executes the state machine of the robot to
serve all present person by a drink.

Path Planning: This node provides a path planning ser-
vice using the global costmap map, which is used to
compute the path length between two given sets of co-
ordinates. The service request includes the positions
and the service response includes the travel length.

Service Planning Instance: It is the node computing the
service planning instance, that is updated in real-time
using the global map. It allows us to plan for optimal
paths over the feature map. For every plan request,
a PDDL instance is generated using the feature map.
The obtained plan is then transformed into sequences
of approaches, refill, or go idle for the approach mod-
ule. An edge associates every pair of nodes with as-
sociated weight obtained by calling Path planning.

PDDL Planner: This node provides a planner for PDDL
problems. It is connected to the Map Graph to receive
the graph and the travel lengths in between. After cal-
culation, it returns the optimal sequence to the state
machine.

More details on human detection and planning are given in
the following sections.

3.1 Human Detection
In addition to traditional robot vision challenges such as
obstacle detection, in our scenario, people are visible from
all orientations. They may also be partly occluded, for
example by a chair or other furniture. This causes prob-
lems for state-of-the-art approaches aiming at detecting the
whole body. The other constraint is the need for 3D infor-
mation. The robot needs to detect the precise position of
the person in 3D space to approach him optimally. There-
fore we decided to detect the head of people with an active
stereo RGB-D camera that provides color and depth im-
ages.
Creating and hence finding a realistic RGB-D head dataset
in uncontrolled environments is quite hard. Since the robot
operates in uncontrolled environments like nursing homes,
a deep network trained with a controlled dataset would not
generalize to our problem well. That is why we start with
the RGB-D human dataset [15] by Spinello et al., which
contains thousands of full-body annotated RGB-D images

from the people passing through a university hall. In the
dataset, the people are mostly walking, standing, and their
heads are visible from different angles to the camera. We
extend it by annotating the head bounding boxes on both
RGB and Depth domains.
We train two separate head detectors for RGB and Depth
domains since both RGB and Depth domains have their ad-
vantages and disadvantages. The head detectors are object
detection networks called YoloV3 [14]. RGB head detec-
tor is robust against sunlight but fails in the weak light.
The depth detector works well in low light but is sensitive
to sunlight due to the nature of the infrared-based depth
camera.
The resulting RGB head detector is robust against sunlight
but fails in the weak light. The depth detector works well
in low light but is sensitive to sunlight due to the nature
of the infrared-based depth camera. For these reasons, we
fused the outputs of the two detectors to improve robust-
ness. The fusion is done at the bounding box level, where
the bounding boxes generated by the two modalities are fed
into the SORT tracker [2], which then provides the fused
detections.
Lastly, we transformed the head positions from the cam-
era frame into the map frame to obtain all head detections
in one frame for path planning. The head detection pro-
vides bounding boxes around the head block. To capture
the distance of it, we calculate the median value inside the
bounding box, since the assumption is that the head must
be the most prominent and dominant object inside of the
bounding box. Median filtering eliminates the background
and provides us a simple, fast, and reasonably accurate es-
timation.

3.2 Planning
The robot has a map of the environment as well as the fixed
table positions. The robot continuously updates the map
with obstacles and persons by observing the environment
with its available sensors [1]. As several people may be
detected at the same time, a global planner determines the
order in which the sitting positions should be served. Only
sitting positions with at least a detected human are due for
serving.
The defined problem corresponds to the Traveling Sales-
man Problem (TSP), which is the problem of visiting a set
of points of interest while minimizing a cost metric (e.g.
traveled path length), returning then to the starting point.
In our case, there are additional constraints that the plan-
ner should consider, and for this reason, we used a general-
purpose PDDL based planner, rather than a specific TSP
algorithm. For example, only a limited number of glasses
are available inside the robot, and plans should include also
actions to refill the robot.
We selected Metric-FF [6] as a planner, which complies
with PDDL 2.1. As the search strategy, we selected Di-
jkstra’s algorithm. In our experiments the inclusion of a
heuristics (i.e. turning the algorithm into A*) decreases the
planning time but our tests showed that the planner also of-
ten returned sub-optimal plans. Our untested hypothesis
is that the planner’s available heuristics-based of deleting



Figure 3 Obtained service plan for a scenario with 7 persons.
From its initial position, the robot visits the refilling position,
marked by the bigger axes, to then pass by every sitting posi-
tion. Every plan ends with the robot reaching a predefined idle
position. Service plans are then transformed into sequences of
approaches for the approach module.

negative effects from the PDDL operators are sub-optimal
for TSP planning instances (see Section 4).
A PDDL instance based on the map of the environment is
continuously updated, and the planner is utilized to deter-
mine the path to follow in order to visit all currently de-
tected occupied sitting positions, i.e. positions with at least
a head detected in close proximity. While the goal of the
generated plans is always the one of visiting all occupied
sitting positions, the planning instance can be configured
to minimize a chosen metric such as required time, trav-
eled distance, a “First In First Served” policy, or a prior-
ity queue policy. The generated plans are dependent on
the selected policy and correspond to an ordered list of sit-
ting positions that is forwarded to the approaching module
described in previous work [4]. The approaching module
makes the robot approach the target position and start the
serving procedure. After a position is approached, getting
a drink or dismissing the robot through the tablet makes the
robot continue to the next position in the plan.

4 Evaluation

We implemented planning between different tables in a real
care house environment. Planning in a real scenario con-
firmed that our setting allows for the service robot to reach
all of the tables in the most efficient way (by minimizing
e.g. traveled length) from any position while avoiding ob-
stacles. Obstacle avoidance is provided by the local plan-
ner. The robot plans also successfully consider refilling
necessities by having the robot returning to its refilling sta-
tion when the drink storage is empty.
A video of the robot executing a plan to visit the ta-
bles of a re-creation room at a care-house facility is at
https://youtu.be/hofICXrIvhE. In the shown experiment,
head tracking is disabled and the robot always visits all of
the pre-programmed sitting positions.
We further compare the A* search strategy with Dijkstra

1 3 5 7 9 11
0

20

40

60

80

100

120

Num. persons

Planning metrics

Nodes
Edges
CA∗

CDi j
100 ·TA∗
100 ·TDi j

Figure 4 Metrics measurements for planning using the A*
search strategy and Dijkstra’s algorithm. C− is the cost in meters
of the obtained plans, T− the plan time in seconds. Nodes and
edges indicate the size of the planning instance.

Table 1 Average Precision (AP) for the RGB and Depth-based
head detectors, computed on the test set for different IoU thresh-
olds.

IoU AP for RGB AP for DEPTH
50% 0.90 0.89
60% 0.81 0.78
70% 0.68 0.58
80% 0.31 0.36

in scenarios of different sizes, up to 11 persons. If Figure 4
we show how A* provides plans that are in the most num-
ber of cases sub-optimal. On the other hand, the plans ob-
tained using Dijkstra are always optimal but, as the graph
shows, Dijkstra doesn’t allow to scale to scenarios with
many persons.
In order to test the human detector, we trained the head
detector based on YoloV3 to detect people sitting at ta-
bles. The dataset utilized to train the classifier contains
both RGB and Depth images. To compare and find the
optimal modality, we trained different detectors for each
modality. For training, we used 3043 RGB and Depth im-
ages, and for testing 351 images. Average Precision (AP)
for the test set is presented in Table 1. Each row in the
table shows the average precision (AP) for different val-
ues of Intersection Over Union (IoU). IoU quantifies how
well the detector’s predicted bounding box overlaps with
the ground truth bounding box. The results show that both
modalities work successfully.
The service robots always come to the proximity of the
people, since they need to interact with them. The distance
between humans and the robot would decrease less than
1m, and as the range reduces, the shadows in the depth
images increases, which makes it harder to detect heads.
Also, the dataset may not cover 360 degrees view of the
head. Therefore, we create the following test bench. A



Table 2 Close up Head detection results on the robot under
real conditions.

# of Images Correct Detection Rate
Trial 1 133 39 0.29
Trial 2 89 28 0.31
Trial 3 80 42 0.525

Figure 5 Success cases of the close-up head detection on
the robot.

person is sitting on a chair in front of a table, as in Fig-
ure 5 and Figure 6. Then, the robot starts moving around
the person so that it sees the head from every angle. The
distance between the robot and the person is around 1m to
2m throughout the experiment. In Figure 5, there are blue
bounding boxes around the head. These are the success
cases as opposed to Figure 6.
There are three trials with two participants. In total, the
robot collects 302 images. The results are presented in Ta-
ble 2. As seen, the results are dramatically deviating from
the dataset results. The foremost reason is that the head is
too close to the camera limits, but at the same time, these
are the situations that our service robots face during the
care-house tests. That is why we need to test it against
these situations as well. The main takeaway would be not
to rely on single-frame detection but to rely on the fusion
of detection over time.
The navigation stack on the robot calculates the accurate
position of the robot by using three lidar sensors. We use
this information to evaluate the depth estimation method.
That is why we calculate the mean and standard devia-
tion of the head position estimations through the time. The
standard deviation on X-axis is 0.49 m and 0.34 m on Y-
axis. Although these numbers seem huge, we need to con-
sider that the detection experiments are pushing the limits
of the camera, and there is an error caused by navigation.
Furthermore, the depth estimation algorithm is a simple,
fast, median value-based method. Also, this error can be
compensated by an adaptive approaching algorithm pre-
sented in [4].

Figure 6 Failures of the close-up head detection on the
robot.

5 Conclusions and Future Work

This paper describes ongoing work to design a service
robot that efficiently serves drinks to the people in a room.
We realized a human detection system based on depth and
video cameras, and a planning systems suitable for the en-
visioned application. While their integration is still miss-
ing, we tested their performances separately, as shown in
Section 4. The planning subsystem can be optimized in
two ways. The first is by implementing a heuristic that is
suitable for TSP problems. This would allow to use A*
instead of Dijkstra, thus improving how the plan computa-
tion times scale in the number of graph nodes. The second
way is to prune the search graph as right now the graph
has several edges that scales quadratically in the number
of nodes. Pruning the graph would allow to remove sub-
optimal edges, such as connecting nodes on the other side
of the room with each other.
We tested the planning system in a real environment and
verified its functioning. Preliminary results in real scenar-
ios proved to be promising. However, at the moment the
proposed system makes use of some simplifying assump-
tions. For instance, we explicitly assume that possible sit-
ting locations are known and fixed. This is believed to be
a realistic assumption since it is the case for most cafes,
restaurants, and canteens. Future versions of the proposed
system can remove this assumption to be able to serve also
people standing at any position in the room. Furthermore,
we identified cases where clustering persons and serving
the clusters altogether can be a better solution rather than
always serving individual persons. This can be the case
when several persons are seated very closely. We also as-
sume that no persons are walking during serving, and all
persons in the room are sitting down by a table. Additional
safety systems can be added to allow co-occupation of the
space in the room between robot and persons, for example,
[9] introduces six safety-related rules that the robot should
follow when navigating spaces that can be occupied.
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ABSTRACT
A necessary skill which enables machines to take part in decision
making processes with their users is the ability to participate in
the mediation of joint intentions. This paper presents a formal-
isation of an architecture to create and mediate joint intentions
with an artificial agent. The proposed system is loosely based on
the framework of we-intentions and embodied on a combination of
Plan Recognition techniques to identify the user intention, and a
Reinforcement Learning network which learns how to best interact
with the inferred intention.
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1 INTRODUCTION
The socio-technological evolution of human society has motivated
the integration of robots in social and personal spaces. Hence, it
is becoming a pressuring requirement for social robotics to under-
stand human intentions and adapt to social values and needs.

Among other reasons, humans interact to understand and me-
diate intentions with other human participants [16]. A successful
mediation of intention enable participants to decide profitable col-
laboration, to manage expectations, or to decide whether to trust
the other participant. Natural language dialogues are among the
primitive modes [4] of human-human interaction, and are also
consistently used to mediate intentions. Dialogue management
strategies have exploited joint intention theory for building team
dialogues [15]. However, this work views joint intentions with an
accent on joint task planning [13] for a human and a robot partici-
pant, rather than on the communicative protocols being involved.

The objective of this work is to model mediation of intentions
for Human-Robot Interaction (HRI) in a household scenario, and is
loosely based on the framework of we-intentions [17]. Within the
scenario, we explore the cases where a person could need assistance
from a robot such as: in cooking, finding different objects in the
house, preparing for a visit to the supermarket, doctor or a friend.
For instance, the person might say “I want to prepare a salad” to
a robot, possibly having an intention for the robot to help her in
cooking the dinner.

Hence, we explore the following research question: how to cre-
ate joint intention with machines? The motivation behind this
research question belongs to desired specifications of AI systems,
including the need of an integrated cognition and collaboration
mechanism, and a natural interaction between human and AI sys-
tems. Ultimately, it is about investigating the boundaries between
the Eco-system of AI with that of human-beings.

prepare
salad

prepare
salad

fry	eggs

prepare
salad set

table

prepare
salad

set
table

Ok,	I	can	fry
some	eggs

I	want	to
prepare	a	salad

No,	you	can	set
the	table	instead OK

Joint	Intention	π Joint	Intention	π

Joint	Intention	π Joint	Intention	π

Figure 1: Creation of a joint intention with a robot. During
its turn each participant adds and removes tasks (or primi-
tive actions) from the shared intention π . Participants spec-
ifywhat they or the otherwill do until a common agreement
is met.

To answer the research question, the formalisation of joint inten-
tions in the context of shared task planning, and defining dialogue
act functions [6] was done. This formalism offered a turn-based
interaction scheme that allows two participant (human and a robot)
to mediate an intention regarding a shared task.

2 METHODOLOGY

Some of the previous work [7, 11] proposed team rationality for
building collaborative multi-agent systems, for example, in [11] the
authors used Shared Plan [5] and Propose Trees to model collabora-
tion as multi-agent planning problem, where a rational team will
perform an action only if the benefits from performing an action
is less than its cost. In [2] the authors formalised communication
protocols using joint intention theory. The authors used joint per-
sistent goals and persistent weak achievement goals to build joint
intentions, and speech acts such as request, offer, inform, confirm,
refuse, acknowledge, and standing-offer for their mediation.

Copyright ©2020 for this paper by its authors. Use permitted under Creative Commons
License Attribution 4.0 International (CC BY 4.0).



Michele Persiani and Maitreyee Tewari

As later described, we propose certain assumptions to lift some
of the complexity that previous research utilizes in the—context
of joint intention theory. We believe that such complexities, while
theoretically sound, make implementations on real systems difficult
and brittle; for this reason, we utilize a simplification of previous
work’s formalization for our needs. The rest of the section provides
our simplified formalisation of mediating joint intention theory
and attempts to briefly reason about the constraints posed.

Our proposed approach is based on predicate logic combined
with planning, and is influenced by logic based semantics proposed
in [1, 2, 14]. Agents are represented by x,y, . . . x1, x2, . . .y1,y2, . . .
and their actions by a1,a2,an . An intention of a single agent x is a
plan π = {a0,a1, ...,an } of actions together with a goal д the agent
is committed to [16] and the intention is partially observed through
O ⊆ π .

Know(x,p) ≡ p ∧ Bel(x,p) represents the knowledge of agents
andMutBel(x,y,p) that x and y share a mutual belief about p—In
our formulation an agent’s intention is represented by the predicate
Intend(x,д,O) while a joint intention JointIntend(x,y,д,O). An
agent has an intention if following holds:

Intend(x,д,O) ≡ Know(x, ∃π O ⊆ π∧
Goal(π ) = д∧ (1)
Commit(x, π ))

i.e. not only is true that the agent has an intention and is committed
to it, but the agent also has a belief about it. The setO is an explicit
subset of π for which it is known that the agent already committed
to it, and contains past observations or declarations about future
commitments about π .

Eq. 2 expresses that to provide agents an intention doesn’t require
to explicit their full intention π , but only a part of it (see Figure 1),
with the full intention being instead inferred by grounding the
observed commitments in the task space.

A joint intention is an intention shared by the agents x and y
with the same goal д. Therefore, a joint intention is a plan π =
{ax0,ay0,ax1, ...,ayn } together with a goal д where the actions
in π can be allocated to either participants x or y. Furthermore,
the involved agents have a mutual believeMutBel about each oth-
ers’ commitments. Hence, two agents hold a joint intention if the
following holds true:

JointIntend(x,y,д,O) ≡ Intend(x,д,O) ∧ Intend(y,д,O)∧
MutBel(x,y, JointIntend(x,y,д,O)) (2)

By this formulation x andy are allowed to have separate beliefs and
inference mechanisms through which they find π ; but are bound
to have the same goal and observed commitments. Notice that this
is a simplification of how joint intentions have been previously
formalized in the literature, and to which we invite the reader. Nev-
ertheless, this formalization is sufficient for our purpose of creating
a dialogue manager that allows mediation of joint intentions. In
this context of a dialogue between—two agents x and y we further
make the following assumption:

|= ∃O∃д JointIntend(x, y,д,O) (3)

that translates as there is always a joint intention between x and
y. This assumption, while being quite strong, is quite reasonable
for our context as the proposed DM is specifically tailored to me-
diate joint intentions. During every dialogue a joint intention is
always obtained, and when the user leaves the conversation there
is always an intention that was formed and is shared with the DM.
Furthermore, it is always the case that the user utilises the DM to
instantiate joint intentions. We do not take into consideration the
cases in which the joint intention is bootstrapped or terminated as
for example shown in [1].

Following the given definitions, we propose an interaction mech-
anism that allows two participants to collaboratively build O , by
being able to add or remove actions from it. Currently, we have
the following assumptions: 1) for every trial two participants are
present, that is a human user and a Dialogue Manager (DM), that
can be integrated for example in a house robot. 2) the DM is mod-
elled to be user initiated, which always proposes the first action
that will enter the set O .

Having an observed setO in a form of a partial plan, the DM can
infer the most likely full intention π by utilizing plan recognition
techniques as later described. This inference is based on the current
state of the world that we assume to be available to the DM in the
form of truth predicates. A possible architecture for maintaining
an updated world description is not provided by this paper but can
be for example implemented as in [3].

2.1 Goal Recognition and plan generation
At every turn of the dialogue the agent is required to infer the joint
plan π to be able to participate in its mediation. For this purpose, we
utilize plan recognition techniques based on the Planning Domain
Definition Language (PDDL) [8]. PDDL belongs to the group of
planning techniques known as classical planning, and allows to
easily create non-hierarchical task domains.

For a given task domain we select the set of goals G as possible
goals a user can pursue. Example of possible goals for Figure 1
can be to prepare dinner, lunch or breakfast. Plan recognition is
achieved by a modified version of the method proposed in [10] with
the following differences: 1) we allow the PDDL planner to plan
using partially instantiated actions1, and 2) the observations O are
treated as a set rather than a sequence. Given an eventually empty
set of observations O , goal recognition is performed as:

д̂ = arдmax
д∈G

C(∅,д)
C(O,д) (4)

where C(O,д) is the cost of a plan achieving д and constrained to
containO ,C(∅,д) is the cost of an optimal plan achieving д without
being constrained by O . Hence, 0 ≤ C(∅,д)

C(O ,д) ≤ 1 gives indication
on how costly it is to deviate from an optimal plan achieving д for
compliance with O . Finally, for an inferred goal д̂ we obtain π as
the optimal plan achieving д while being constrained to contain
the observations O .

1We define a PDDL action as partially instantiated if not all of its arguments are
grounded in the task domain. An action is fully instantiated when all arguments are
grounded.
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Figure 2: A traditional Spoken Dialogue Management Sys-
tem.

2.2 Mediation of Joint Intention
The agent and the user have to use a medium to communicate their
joint intention, and to negotiate goals д and commitments O . In
order to do that, we formalise a finite-state negotiation dialogue
strategy with following dialogue acts: (offer, counter-offer, accept,
and reject). The dialogue strategies will be implemented with a
spoken dialogue management system (SDS) 2.

Traditionally, an SDS consists of speech synthesis that recognises
and generates speech, natural language understanding (NLU) trans-
forms the human generated natural language to knowledge for the
machine. A dialogue manager (DM) makes the decision based on
the NLU and other components such as previous history, database
etc, and natural language generation (NLG) receives the decision
from the DM, transforms it to human understandable format and
sends to speech synthesizer.

When the user generates its first utterance, it is transformed
from speech to text and arrives at the NLU component. The NLU
transforms the text to knowledge (semantic roles) and assigns a
dialogue act offer 2. An offer from the user instantiates the plan
π by performing plan recognition, and creates a joint intention as
described by JointIntend .

We define five dialogue acts Offera , Offerд , Counter-offer, Accept
and Reject with which both user and DM canmediate the intention’s
goal д and commitments O . Table 1 contains the effects of these
dialogue acts with respect to three sets: θ is a set of offers, R and
O are respectively the sets of rejected and accepted commitments.
An Offera represents offer about an action, Offerg indicates offer
about a goal, Counter-offer is an action a1 is not accepted and an
alternative a2 is instead proposed. An Accept and Reject can be used
to accept or reject proposed commitments.

2At this stage we define a finite state SDS and only the user can initiate a dialogue
only using offer together with a goal or an action.

Dialogue Act Precondition Effect
Offera, x,a a < θ ∧ a < R ∧ a < R a ∈ θ
Offerд, x, д̂ ∅ д = д̂

Counter-offer, x,a1,a2 a1 ∈ θ a2 < R ∧ a2 < O a1 < θ ∧ a2 ∈ θ
Accept, x,a a ∈ θ a < θ ∧ a ∈ O
Reject, x,a a ∈ θ a < θ ∧ a ∈ R

Table 1: Speech acts for the SDS that allow tomediate actions
with respect to the sets of offered, rejected and accepted com-
mitments.

Since a dialogue policy based on Finite-State-Machines is not
realizable as it would need to consider all possible intentions, also
based on the state of the task, we propose to learn the DM dialogue
policy with Reinforcement Learning methods. This approach is not
new in the context of dialogue management, and by this method
the user is simulated by an Agenda [12].

2.3 Learning the agent strategy with
Reinforcement Learning (RL)

At every turn, a Q-Network [18] evaluates the current inferred π
together with the actions in the sets θ,R and O and the current
PDDL state, selecting which dialogue act to perform by an ϵ-greedy
policy computed on the dialogue acts expected return. In RL, agents
learn which policy to adopt by maximising the reward they receive
during each episode. The current version of the reward function is:

R = −αT + β π ∩ π

π ∪ π
+ γ

C(π ,д)
C(π ,д) (5)

where π and д form the user’s original desired joint intention (held
by the Agenda). The first terms penalises every turn that the inter-
action takes, hence making interactions as short as possible. The
second term evaluates how the final resulting intention is similar
to the one the user had as objective for the interaction. The third
term evaluates instead the cost the resulting mediated intention
has, compared to the user’s original one. α, β and γ determine how
the three components of the reward function are weighted. Notice
that the system cannot access π and д, that are instead only used at
the end of every interaction for evaluation. Thus, the the DM learns
to mediate and improve the unobservable user intention π ,д.

3 FUTUREWORK

The research is still in its early stages and we are currently imple-
menting the described system. We developed the goal recognition
and the reinforcement learning components together with a simple
user Agenda. The Agenda is based on PDDL and simulates how the
user would modify the joint intention during its turn, while having
as objective a randomly generated joint intention.

Initial experiments gave positive results, in the sense that the RL
is able to learn the structure of the problem for simple scenarios, and
successfully maximises the possible rewards. Several investigations
are needed and are still open: what is the Q-Network learning?
Does our current setting allows any generalisation? The current
implementation requires hundreds of episodes to converge. Can
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the process be made faster/simpler? How to facilitate the online
adaptation over real users?

Encapsulation of the joint intention model with SDS is still to
be implemented. For early prototypes of the system we plan to
implement the dialogue manager as described in Section 2.2. Later
versions could see the implementation of a more complete SDS
through for example a POMDP model [9]. This could allow to have
dialogues that are not strictly related to the mediation of the joint
intention, but rather more flexible and intuitive for the user. Finally,
investigation about the soundness of this approach in real scenarios
for example in user studies is still to be performed.
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