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Abstract: Within human Intent Recognition (IR), a pop-
ular approach to learning from demonstration is Inverse
Reinforcement Learning (IRL). IRL extracts an unknown
reward function from samples of observed behaviour. Tra-
ditional IRL systems require large datasets to recover the
underlying reward function. Object affordances have been
used for IR. Existing literature on recognizing intents
through object affordances fall short of utilizing its true
potential. In this paper, we seek to develop an IRL sys-
tem which drives human intent recognition along with
the capability to handle high dimensional demonstrations
exploiting the capability of object affordances. An archi-
tecture for recognizing human intent is presented which
consists of an extended Maximum Likelihood Inverse Re-
inforcement Learning agent. Inclusion of Symbolic Con-
ceptual Abstraction Engine (SCAE) along with an advi-
sor allows the agent to work on Conceptually Abstracted
Markov Decision Process. The agent recovers object af-
fordance based reward function from high dimensional
demonstrations. This function drives a Human Intent Rec-
ognizer through identification of probable intents. Perfor-
mance of the resulting system on the standard CAD-120
dataset shows encouraging result.
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1 Introduction
Within human Intent Recognition (IR), a popular ap-
proach to learning from demonstration is Inverse Rein-
forcement Learning (IRL) which extracts an unknown re-
ward function from samples of observed behaviour. A ba-
sic assumption in IRL is that expert’s intent is embedded
within their trajectories which could be expressed through
the reward function [1]. However, very large datasets are
required to recover the reward function. Further, tradi-
tional IRL systems possess shortcomings in tackling high
dimensional demonstrations such as a video stream. Sup-
pose, an IRL system has been trained on demonstrations
shown by a left-handed person performing a particular
task. It may so happen that the same algorithm may be-
have differently if it is being trained by a right-handed per-
son for the same task. Multiple experts introduce differ-
ent ways to perform an activity. However, abstraction is
a key capability to human cognition [2] and generating
high level context dependent abstract concepts allows us
to generalize to new situations from very few examples.
Several approaches ranging from classical symbolic AI,
qualitative representations and relational learning enrich
the traditional IRL systems for handling high dimensional
state space. These approaches exploit statistical regular-
ities present in the training data by operating at higher
level of abstraction [3]. However, such approaches have
not been employed in the IRL literature for tackling high
dimensional demonstrations. Our aim is to recognize hu-
man intents from videos. Major focus is to highlight the
role of semantic object affordance in arriving at a human
intention. Algorithms for IRL are developed for extracting
an unknown reward function from samples of observed
behaviour.

Varieties of definition for object affordance prolifer-
ates the literature. Here, object affordance refers to “prop-
erties of an object that determine what actions a human
can perform on them” [4]. Our motivation of considering
object affordance is two-fold. First, in a particular demon-
stration, object affordances can help the IRL system in
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tracking the optimal user preferences. These preferences
in turn would help recognize human intents. Use of ob-
ject affordance helps to reduce agent environment inter-
actions [5]. Next, we would like to testify the robustness
of this claim in high dimensional demonstrations. Over-
coming brittleness in generalizing various experts (per-
sons) and generating state abstraction technique for re-
ducing state space is of prime importance. To learn skills
over various tasks involving different objects, a common
understanding (between robot and human) for associated
actions with various other objects would be beneficial. In-
troducing object affordances within IRL framework could
address this issue.

The research question being addressed here is: How
does object affordances induce high level intentions from
the visual input of human demonstrators? We bring to-
gether high level reasoning and inverse planning through
IRL and semantic object affordance reasoning. Object af-
fordance could be a relevant transferable knowledge from
the expert demonstrations which links to the expert’s re-
ward function and subsequent intentions. This makes fu-
sion of object affordances within an IRL framework in-
teresting. Towards this end, an architecture is presented,
which consists of a novel pipeline for the IRL agent. The
IRL agent drives the Human Intent Recognizer (HIR). It
works on top of the extended version of Maximum Likeli-
hood IRL (MLIRL) [1]. Instantiation of the architecture has
been shown on the standard CAD-120 dataset [6].

2 Related work
It is challenging for existing IRL techniques to work
on high dimensional demonstrations involving high
level human behaviours [7]. Exploring the capability of
IRL to recognize human intents from high dimensional
demonstrations such as video data is a promising re-
search direction. There are typically infinite number of
reward functions that yield a given behaviour [8]. One
would definitely like to examine those reward function
parameters which: a) adapts to different human be-
haviour, b) minimizes agent environment interactions
without losing expressiveness and c) tightly couples the
action and perception. Object affordance is a familiar
term within developmental robotics [9, 10] which pos-
seses these attributes [5, 9]. We attempt the human IR
problem within IRL by considering two aspects: a) the
usefulness of having abstract high level information
to the IRL framework and b) testify object affordance’s
credibility as reward function parameters in adapting to

the changing human intentions. Enabling abstraction
through high level perceptual knowledge will help the IRL
frameworks to deal with high dimensional states. This
kind of knowledge helps them to better understand the
similarity of previously encountered states. Apart from
this, the presence of an advisor will help the IRL agent
to tackle the less training data for this learning from
demonstration (LfD) application scenario.

Object affordances from video data: The concept
of object affordance has evolved since Gibson [4] pro-
posed the elementary idea [11].Work on object affordances
involving video data has been reported [5, 6, 12–14]. Re-
search group from Cornell [6, 12] have pushed vision
based object affordance research. They have provided
a universal benchmark through CAD-120 dataset. New
research on grasping affordances or grasp dependent
tool affordances from videos have also been reported [15].
Affordance works reported in [16, 17] are based on static
images.
Object affordance research in RL: There is hardly
any work which combines object affordance within an
IRL framework for studying human-object interactions
involving common household environment. Nevertheless,
affordance has been used in the context of imitation
learning [18–20]. Lopes et al. [20] demonstrates the work
in “real environment”; however, it involves very less
number of simple object affordances in activities like
grasp, tap and touch. The importance of object affordance
in inferring the task from expert’s demonstration has
not been reflected. Further, there is no provision for han-
dling multiple objects in a video frame or understanding
demonstrations involving multiple experts.
IRL and video understanding: Extending IRL framework
to high-dimensional systems (like video understanding)
and unrestricted reward representations is extremely
challenging [21]. Initial work in this area was done by
Kitani et al. [22]. Progress has been made in improving
IRL systems by addressing new mechanisms to handle
noise and hidden data which is common in real world
applications [23, 24]. Bogert et al. [24] use a motion
capture system coupled with a video camera to perform a
ball sorting task. Their approach addresses the problem
of hidden data in the expert’s trajectories. Deep learning
revolution has lead to substantial work in this area
[21, 25, 26]. Work reported by Sermanet et al. [21] claims
to be the first vision-based reward learning method that
can learn a complex robotic manipulation task. Monfort
et al. [27] present a continuous inverse optimal control
(IOC) approach using Linear-Quadratic Regulation (LQR)
for intention recognition and evaluates their approach on
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CAD-120 data set. However, they have considered different
sub-activities as different intentions. In contrast, we seek
to develop IRL system which work on high level intents.
Incorporating advises within IRL: Incorporation of ad-
vises within IRL has already been studied [28, 29]. Most of
the algorithms within the IRL literature assume access to
optimal number of trajectories; this makes learning of the
expert’s reward function somewhat easier. Kunapuli et al.
[28] relaxes the “optimality of the trajectories” assumption
by considering the presence of a human expert’s advice.
Advices were included as preferences over states and
actions. Their work was inspired from the preference
elicitation frameworks [30]. Kunapuli et al. assume the
presence of a domain expert to furnish advices as pref-
erences in action, state or reward spaces [28]. Odom and
Natarajan [29] introduce active advice seeking by comb-
ing active learning and advice based learning; wherein
domain experts are replaced by machine learning thereby
eliminating the requirement of listing all the advices, a
priori.
Object affordance and human IR: The relation between
object affordance and human intent has been explored
by some researchers in [6, 13, 31–35]. Few existing works
on object affordance from video data have considered
temporal relations [6] in their models. Temporal aspect
of object affordances has also been studied by Koppula
and Saxena [12]. However, temporal sequence of activated
object affordances in understanding high level behaviour
has not been studied properly.

3 Architecture for human IR
Figure 1 shows the architecture for recognizing human in-
tents from video data. Within the architecture, a novel
pipeline is proposed for the IRL agent which drives the
HIR. The IRL agent receives sensory input from the envi-
ronment and return the affordance based reward function.
This reward function is being utilized by HIR for identify-
ing probable human intents corresponding to a particular
demonstration.

3.1 Inverse reinforcement learning agent

This IRL agent is an object affordance driven IRL agent.
Extensions to the original MLIRL [1] is achieved through
the novel pipeline. Our motivation to include object af-
fordance has already been provided in the section 1. The
pipeline presented within the architecture (Figure 1) con-

sists of a traditional Markov decision process (MDP) solver
module. The other two components namely: a) SCAE and
b) advisor help to extend the original MLIRL [1]. This
pipeline further allows us to address the research question
in an organized manner. Intuition behind SCAE and advi-
sor is discussed below.

3.1.1 SCAE: Symbolic Conceptual Abstraction Engine

Representation of environment is crucial for designing ro-
bust algorithms in learning from demonstration or learning
from observation. Employing quantitative representa-
tions (using real numbers for co-ordinates, positions,
orientations etc.) will enable one to design precise state
representations [36]. However, IRL system over such
representation formalism fails to identify conceptually
similar states which triggers exponential increase in state
space. SCAE is introduced to eliminate this problem so
that IRL agent can identify conceptually similar states
from high dimensional demonstrations. Mapping high
dimensional raw input from video frames requires us
to continuously generate symbolic context dependent
summaries. These would help one in tracking probable
states and actions as well as tracing their similarities.
Qualitative abstraction: Qualitative approach for spatial
reasoning, Qualitative Spatial Reasoning (QSR) [37] helps
to abstract away the precise metric information of a
scene involving human-object interactions. Qualitative
Distance Calculus (QDC) proposed by Clementini et
al. [38] is a qualitative relational calculi which expresses
the qualitative Euclidean distance between two points
depending on defined region boundaries [39]. A set of
QDC relations between human-object and object-object
can represent a scene and changes in these relations
can be used to explain relative motion. Generating QDC
based qualitative symbolic representations from high
dimensional demonstrations allows one to reduce the
state space. These state abstraction mechanism allows
IRL agent to improve comprehensibility of similar states.
Variations introduced by multiple experts can also be
reduced with the help of it.
Context dependent summary: IRL agent is endowed
with symbolic context dependent summary generation
module. Human decision-making is influenced through
intuitive cognition. Linking ongoing demonstration to
previously acquired background knowledge helps one
to generalize to new situations perfectly. Endowing IRL
agent with such cognitive capability in sensory input
processing phase would help to curb the curse of di-
mensionality. However, we are interested in employing
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Figure 1: Architecture for human IR consisting of a novel pipeline for the IRL agent.

background knowledge corresponding to human object
usage in performing various activities. High dimensional
demonstrations in our case involves human-object in-
teractions. This module of SCAE generates a symbolic
context dependent summary which involves: a) activated
qualitative distance relations and b) properties of objects
for each frame of the video. Properties of objects have
been inferred from Object Property Ontology (O-PrO) [11].
This summary is being utilized by Markov Logic Network
(MLN) [40] which is a Statistical Relational Learning
(SRL) scheme. It can also be considered as a knowledge
representation language which can combine symbolic
information fromhousehold domain (background) knowl-
edge and information generated by processing the videos.
This summary will remain consistent whenever similar
objects are present in the scene and qualitative relations
between object-object and human-object do not change.

Apart from this, it also helps us to identify probable ac-
tions in a particular state. Activated object affordances can
be inferred from this module which helps one to identify
probable actions as well. Instead of considering velocity
of human hand or positions of objects in the scene to iden-
tify action selection; this scheme is less burdensome as the
number of object affordances is less. MLN uses symbolic
causal rules to infer object affordances from sub-activities.
Employing symbolic causal rules enables conceptual ab-
straction as well as analogical reasoning. This is found to
be helpful in reinforcement learning [3].

3.1.2 Advisor

Researchworks in thefield of learning fromdemonstrations
involves learning complex manipulation tasks from real

life scenarios and it is characterized by access to less train-
ing data. This direction will help to emulate human learn-
ing capability within IRL. Several algorithms in the IRL lit-
erature assume that they have access to optimal number
of the expert trajectories. This makes the learning of the
expert’s reward function easier. High dimensional demon-
strations in our case must consist of multiple experts as
well as object affordance annotations for achieving our
aim.

In our case, one advisor is going to communicate with
the SCAE and MDP solver module. Through this advisor,
we have incorporated advicewithin the MLIRL formalism.
SCAE needs to communicate with the advisor regarding
qualitative relations and background knowledge. On the
other hand, MDP solver needs to communicate with the
advisor for action/state/reward spaces over MDP. The ad-
visor can be thought of as a domain expert while commu-
nicating with the SCAE. The same can be considered ama-
chine learning expert while communicating with the MDP
solver. It can also act as a service provider for the MDP
solver with the help of SCAE.

3.1.3 MDP solver

In our case, the MDP solver present within the IRL agent
needs to solve forward reinforcement learning (RL) prob-
lem repeatedly. Conceptually Abstracted Markov Decision
Process (CAMDP) allows the IRL agent to work upon finite
andabstract state and action space from the demonstrated
trajectories. However, it avails the service offered by SCAE
and advisor to solve CAMDP.

The domain upon which the architecture is instanti-
ated consists of finite number of objects and human joints.
Predicates of various types are defined over these enti-
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ties using the syntax of first order logic (FOL). Under this
knowledge representation (KR) scheme, grounded QSR re-
lations provide useful information about the state of the
environment. Similarly, logical rules are grounded to pro-
videus substantial clue about the possible actions in apar-
ticular state. In grounding the FOL constructs for state rep-
resentation, IRL agent needs to communicate with SCAE
and advisor. In grounding the FOL rules for action identi-
fication, IRL agent queries the advisor after receiving con-
text dependent summary. To answer the query, advisor
acts as a machine learning agent (specifically speaking
statistical relational learning agent) for identifying highly
probable action in that specific state.

3.2 Human Intent Recognizer (HIR)

Figure‡ 2 is presented to briefly discuss the problem
addressed in this work. Our aim is to recognize human
intents from video data. It is basically a three step process
shown in Figure 2. Step 2 and step 3 of HIR is driven by
the novel pipeline introduced in Figure 1. IRL agent pro-
cesses the environmental data (video frames) and learns
a object affordance driven reward function. Suppose,
person shown in Figure 2 demonstrates a high level ac-
tivity called “microwaving food”. This high dimensional
demonstration is processed by IRL agent to learn the
reward function. Activated object affordances from this
set of demonstrations can be identified from this reward
function.

Underlying criteria or preferences in a demonstrated
behaviour could be a cue to demonstrator’s intent. Opti-
mally finding these preferences in the form of activated
affordances could drive the ranking policy of various
human intents. IRL agent help us to retrieve these multi-
ple criteria or preferences. Analytical Hierarchy Process
(AHP) [41] is designed to solve multi-criteria decision
problems. Traditional AHP is utilized by HIR in step 3
(Figure 2) to rank various human intents.

4 Problem definition
In the problem of inferring human intents (high level in-
tentions); we assume that there are I or fewer intents
present in the RGBD video dataset,D. Each of such intent

‡ The source of the Robot picture corresponding to Figure 2 is:
https://www.keycdn.com/support/what-is-a-robots-txt-file/

can be represented by weight, ψI . The reward weights are
nothing but the semantic object affordance weights (Wt in
Figure 2). The ψI is to be determined from the dotted rect-
angle encapsulating the sequence of Wts. The IRL agent,
Ia is provided with a set of trajectories, T > I; where D =
{E1, E2, . . . ..ET} generated by the human (experts). Each
of such trajectories is generated by the expert during the
course of executing certain intents given by I. The goal of
Ia is to learn a reward function from the set of trajectories
corresponding to a particular intent I. This reward func-
tion is about optimally finding Wts which corresponds to
various object affordances. Goal of HIR Ha is to extract a
ψx from observed trajectory Ex ∈ D which best explains
the underlying intent, Ix ∈ I. Ha is dependent on Ia for
successful completion of its assigned task.

5 Methodology
Intuition behind each component of the architecture has
already been described in the previous section. This sec-
tion is more about the methods required to instantiate the
novel pipeline as well as the architecture.

5.1 Modeling

This is related to the initial setup of the IRL agent. Its
main task is to find out the right way to feed the high
dimensional raw information about the environment to
the IRL agent.

Video (RGBD) frames corresponding to a single per-
son performing various activities have been provided. In
this type of human-object interactions, two kinds of data
are available to be utilized. Firstly, skeletal data consists
of position and orientation of 15 joints of the person.
Secondly, co-ordinates corresponding to various objects
present in the scene are available to be utilized by the
IRL agent. State representation technique based on these
kind of highly precise metric information increases the
brittleness in IRL systems.

5.2 Extended MLIRL

Our work of human IR is based on extending the original
MLIRL algorithm proposed in [1]. This extension primarily
focuses on including advisor and SCAE into the original
MLIRL formulation. This section consists of twomain com-
ponents namely: a) advisor and b) environmental observa-

https://www.keycdn.com/support/what-is-a-robots-txt-file/
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Figure 2: Human Intent Recognizer (HIR) (video frame source: CAD-120 [6]).

tion. The formalization of the advisor and the discussion
related to SCAE help one to understand the conversion of
sensorimotor level continuous input from video data to
low dimensional symbol level output. Second phase dis-
cusses the episode generation procedure. The success of
this procedure will depend on the active communication
between advisor and SCAE.

5.2.1 Formalization of the advisor

“Advice” provided by the advisor is utilized by the other
two components of pipeline shown in Figure 1. In our
setting, the expert and the advisor are two completely
different entities and their roles can not be replaced by
one another.

Advice is defined to be 4-tuple < As ,Aa ,Ar ,Ai >
where As denotes State advice, Aa denotes Action advice,
Ar denotes Reward advice andAi denotes Intent advice.
– State advice As: To generate qulitative relations from

sensory inputs, range corresponding to QDC has to
be specified beforehand. This advice corresponds to
range specification by the advisor. It indirectly helps
in state abstraction.

– Action advice Aa: High dimensional demonstration
corresponding to a high level intent such as “mi-
crowaving food” consists of various base level actions
such as move, reach, place etc. This advice is utilized
by the IRL agent for tracing base level actions in a sate.

Advisor in this case provides Aa through an “auto-
mated inferencing agent”. This agent can be consid-
ered as a machine learning agent.

– Reward advice Ar: This corresponds to one shot ini-
tial advice. The weight of various object affordance
parameters are initialized from the first trajectory of
the expert demonstration. This advice is related to
the “automated inferencing agent”. This agent is an
one shot learning agent which can infer weights from
handful of training examples. The service provided by
this agent is fully based on SCAE (O-PrO+QDC+MLN).
This agentworks on sequence of temporal segments of
a particular trajectory to generate this reward advice.
Thus, the advisor acts as a service provider to MDP
solver through SCAE.

– Intent advice Ai: This advice is required by the HIR
(Figure 1) for identifying probable intents. Ai is about
quantifying the importance of a particular criterion
corresponding to available alternatives.

5.2.2 Environmental observation

High dimensional input provided in the format (men-
tioned in the sub-section 5.1) is the only input to the IRL
agent. Usefulness of knowledge representation is made
available to the IRL system through SCAE.
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Figure 3: Grounded symbolic snapshot corresponding to the video
frame (video frame is taken from CAD-120 [6]).

Phase 1: Context dependent grounded symbol gener-
ation

Generation of low level grounded symbols from a
particular video frame is achieved through SCAE. Figure 3
depicts the output of SCAE for a particular video frame.
Grounded symbol generation consists of two modules
namely: a) video processing module and b) ontology
processing module. Video processig module helps the
IRL agent to process the metric information and gener-
ate qualitative information for state space abstraction.
This abstraction will generate uniform representations
irrespective of variations introduced by different experts.
SCAE also consists of a ontology (O-PrO [11]) processing
module which generates grounded symbols correspond-
ing to various object properties.

Phase 2: Episode generation

For proper functioning of the IRL agent, sensory input
has to be in the form of <state, action> pairs. Each high
level demonstration corresponding to each high level in-
tent has to be in this format only. Episode generation is
entitled to perform this pre-processing task.

1. State generation: State generation internally involves
two processes: a) symbol generation and b) grounding
classifier. Symbols corresponding to the state space of
CAMDP will be provided by the advisor (domain ex-
pert). Grounding classifierwill first generate grounded
symbols through video processing and ontology pro-
cessing module. Afterwards, it has to assign a par-
ticular state label corresponding to a sequence of
video frames. Advisor has to track the change of snap-
shots generated across the sequence of frames. Un-
changed qualitative relations over a period of time
can signify a particular state. Suppose, another expert
demonstrates the same high level intent consisting of
same objects. Since, we are not using absolute posi-
tion of objects and skeletal joints; linking the ongoing
demonstration to previously encounterd state is eas-
ier.

2. Action generation: Similar to state generation, action
generation procedure internally involves symbol gen-
eration and a grounding classifier. Symbols corre-
sponding to the action space of CAMDP will be pro-
vided by the advisor (domain expert). Grounding clas-
sifier has to assign a particular action label corre-
sponding to a particular symbolic state. Advisor pro-
vides the action advice Aa through this grounding
classifier which is based on “automated inferencing
agent”. This agent is the statistical relational learn-
ing scheme called Markov Logic Network (MLN) [40].
This can also be considered as a knowledge represen-
tation languagewhich can combine symbolic informa-
tion from household domain knowledge and informa-
tion generated by processing the videos. It helps to
map the high dimensional input to low dimensional
context dependent snapshot. It can inform activated
object affordances within an unknown base level ac-
tion by using causal symbolic rules. Key object affor-
dance helps to detect the action during a particular
symbolic state (temporal segment).

Thus, advisor alongwithSCAEhelpus to guide the episode
generation process.

5.3 Extended MLIRL agent in action

Algorithms designed for IRL often takes a MDP without a
reward function as input. MDP∖r is a tuple (S,A, T, 𝛾)
where S denotes state space, A denotes action space, T
denotes transition function T : S × A × S → [0, 1] and
𝛾 ∈ [0, 1) denotes discount factor. These algorithms
also have access to the observed behaviour of the ex-
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pert in the form of a sequence of state–action pairs.
Thus, standard IRL agent have access to these trajectories
{E1, E2, . . . ..ET}where expert takes action in theMDP∖r.
This behaviour is assumed to be (nearly) optimal in the
MDP with respect to an unknown reward function [1].

IRL agent, Ia works on top of MLIRL algorithm [1]
which has been extended in two directions. Firstly, Ia
works on Conceptually Abstracted−MDP∖r (CA −MDP∖r)
rather than standard MDP∖r. The standard formulation
for an MDP consists of two types of ingredients: (a)
qualitative information (related to the state space, set
of available decisions (action space), the feedback that
can be received by the agent, etc.) and (b) quantitative
information (for example: transition probability) [42].
CA −MDP∖r aspire to work on the qualitative informa-
tion for creating conceptually abstract state space. IRL
agent, Ia in our setting works on these states; where each
state describe the world environment at a discrete time
step. Similarly, action space of CA −MDP∖r is different
from standardMDP∖r in the sense that Ia works on base
level actions (such asmove, reach, place etc.). In our case,
Ia has access to high dimensional demonstrations in the
form of trajectories {E1, E2, . . . ..ET} where expert takes
action in the CA-MDP∖r. Usefulness of this extension and
the procedure to realize it have already been discussed.

Other extension is related to addition of advisor within
the MLIRL algorithm. Inclusion of advisor helps MLIRL
formalism to interact with the expert and guide Ia for
generating better behaviour. Role of advisor for generat-
ing state and action space within CA-MDP∖r has already
been discussed.

Reward functions in MLIRL setting are parameterized by a
vector of reward weightsW applied to a feature vector for
each state-action pair ϕ(s, a) [1]. Thus, a reward function
can be written as rW(s, a) = WTϕ(s, a). Suppose, expert’s
reward function is WE. Now, Ia has to use information
from observed trajectories to infer parameters regarding
WE. Expert may be considering various features and
assign weights to them differently which give rise to a
particular trajectory. Ia can only hypothesize about these
weights (say, WA) of various features which maximize
the likelihood of the demonstrated trajectories. For de-
tailed understanding of the extended MLIRL agent, it is
assumed that the readers are well aware of value iteration,
Q-learning, linear function approximation and maximum
likelihood estimation. We briefly cover the relation among
these entities so that the readers can understand the
working principle of extended MLIRL agent reported in

this work.

Equation 1 is presented to show that the value func-
tion of a state can be represented through a linear
function of state features. For Q-values, we have equation
2. To solve a MDP, we need to find a policy and it is related
with the Q-values through equation 3.

V(s) = W0.1 +W1.ϕ1(s) +W2.ϕ2(s) + ... +Wn .ϕn(s) (1)

Q(s, a) = W0.1 +W1.ϕ1(s, a) +W2.ϕ2(s, a) + ...
+Wn .ϕn(s, a) (2)

π(s) = argmax
a

Q(s, a) (3)

In finding the policy through linear function approxima-
tion technique, we need to find out the updates in terms of
rewardweightsW (see equation 2). Equation 4 is related to
the standard Q-Learning update [43]. The updates will be
in terms of parameters of the reward function. Equation
4 can be re-written as equation 5 where the “max” opera-
tor has been replaced via Boltzmann exploration [44]. This
step allows one to make the likelihood differentiable [1].
The weight of the reward function parameters at each step
will help one to find out an estimate of the Q function. This
can be used to solve the CA −MDP∖r through equation 6.

Q(s, a) =
∑︁
s′
T(s, a, s′)[R(s, a, s′) + 𝛾max

a′
Q(s′, a′)] (4)

QWA (s, a) = W
T
Aϕ(s, a) + 𝛾

∑︁
s′
T(s, a, s′)

⨂︁
QWA (s

′, a′) (5)

πWA (s, a) = e
βQA(s,a)/

∑︁
a′
eβQA(s,a

′) (6)

Next,we shift our focus tomaximum likelihood estimation
whose goal is to find set of parameters given by equation 7.

̂︀W = argmax
θ

P(D|M, f ,W) (7)

Thus, ̂︀W is an estimate of experts reward weight, WE.
Within extended MLIRL setting, f (W) is expert’s reward
function. We are only able to find an estimate of the ex-
pert’s reward function, f ( ̂︀W). This estimate is related to
the process of finding optimal policy in our CA −MDP∖r.
From equation 7, it is visible that we want to find reward
function parameters that fits the given trajectories (D). Af-
ter finding QWA and πWA at each step, we can compute the
log likelihood of a particular trajectory. Afterwards, ̂︀W can
be determined by employing gradient ascent to maximize
the probability of the given trajectories.



Object affordance driven inverse reinforcement learning | 285

From the above discussion, one can observe that the
main principle behind MLIRL is kept intact in our setting.
However, introduction of CA −MDP∖r and advisor along
with object affordance leads to an the extension to the
original MLIRL algorithm [1]. One key difference with
standard MLIRL algorithm is that advisor provides one
shot initial advice Ar. Thus, Ia does not start with random
weights corresponding to the reward vector. Reward
shaping through Ar facilitates faster convergence rates.
Apart from this, for a robot to learn new diverse set of
tasks, one needs to think of features which could adapt
to various demonstrations involving different complex
tasks. We believe that object affordance could be a good
candidate for this purpose. Linking object affordance in
the IRL paradigm could reveal the true power of object
affordances.

Control loop of extended MLIRL agent Ia over the
proposed pipeline (Figure 1) is written in the following
abstract steps. Here, Ia has to assign weights of object
affordance based parameters in such a way that the likeli-
hood of the observed trajectory reaches the maximum.

Step 1. Acquire As from the advisor.

Step 2. Generate trajectories (E1, E2, . . . ..ET) in the
form of <state, action> pairs with the help of SCAE and
advisor(through As and Aa). This procedure adheres to
CA −MDP∖r formalism.

Step 3. Acquire set of trajectories (E1, E2, . . . ..EN)
corresponding to high level intent, Ii (where i ≤ 10).

Step 4. Initialize video domain with respect to
CA −MDP∖r (transition probability matrix) and ob-
ject affordance features ϕ.

Step 5. Initialize reward weights through the advisor
input (one shot initial advice, Ar).

Step 6. For each <state, action> pair corresponding
to each trajectory (Ej where j ≤ N); MDP Solver (Figure 1):
a) solves CA −MDP, b) compute log likelihood of tra-
jectory (Ej) and c) perform gradient ascent procedure.
To successfully complete each of these sub-steps, MDP
Solver communicates with SCAE and advisor frequently.

Step 7. Store learnt weights corresponding to the pa-
rameters of the reward function, WA. Thus, Ia generates
WA with respect to unknownWE. HIR Ha utilizesWA for
its own purpose.

Step 8. Goto step 3 for demonstrations corresponding to
high level intent, Ii+1.

5.4 AHP based HIR

AHP [41] has been widely used in multi-attribute decision
making. HIR Ha is based on AHP to find out the probable
intents from the set of available intents.Multiple attributes
in our setting are the object affordances. It is assumed that
human assigns various weights to these attributes to exe-
cute a particular intent.

HIR Ha has to work on the learnt reward function to
find out the probable human intents. More specifically,
variousWAs are present for different demonstrations cor-
responding to various high level intents. These are ob-
tained from extended MLIRL agent Ia by instantiating the
novel pipeline (Figure 1). Advisor provides Ai to the Ha.
This helps HIR Ha for pairwise comparisons between at-
tributes (preferences / criteria) and alternatives (intents).
Apart from this advice, annotations corresponding to high
level intents have not been utilized by Ia.

Following equation gives the overall procedure fol-
lowed to rank various intents to identify probable intents

Ri = aijwj

where, Ri is the rank of the Iith intent (alternatives), aij
is the actual value of the Iith intent (alternative) in terms
of the the jth criterion (object affordance) by considering
other intents as well, and wj is the weight (importance) of
the jth object affordance. Please note that wj is obtained
dynamically from WA (extended MLIRL agent Ia) corre-
sponding to Ii. On the other hand, aij is obtained by the
first two steps of the standard procedure involved with re-
spect to AHP. Ri corresponds to ψx in the problem formu-
lation.

6 Experimental evaluation

6.1 Dataset description

The experiments are conducted in the CAD-120 dataset
[6]. To the best of our knowledge, this is the only publicly
available benchmark dataset for object affordance anal-
ysis from video. Ground-truth temporal segmentation is
assumed to be available for our approach. Higher level
activity labels are being considered as the human intents.
No “intent” label is provided a priori to our computational
approach. Few more information about this dataset are
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given below:

– 4 experts (two female, two male, one left-handed)
demonstrates high level activities.

– 10 high level activities are present in CAD-120. These
are: arranging objects, cleaning objects, having a
meal, making cereal, microwaving food, picking ob-
jects, stacking objects, taking food, taking medicine,
unstacking objects.

– 9 base level actions are considered: reach,move, pour,
eat, drink, open, place, close, scrub.

– 11 object affordance labels: reachable, movable,
pourable, pourto, containable, drinkable, openable,
placeable, closable, scrubbable, scrubber.

6.2 Results

Before we present the results, a note on certain assump-
tions underlying the experimental evaluation is prudent.
During the dataset description, we havementioned that 11
object affordance labels are present. However, Ia provides
information regarding 9 object affordances only.
Assumption 1: “Pourable” and “scrubbable” have been
eliminated as presence of “pourto” and “scrubber” can
nullify their presence.
Stand-alone SCAE is able to infer object affordances
from video data. It can produce 100% accuracies for 5
affordance labels over CAD-120 dataset. Following as-
sumptions have been put forward to maintain uniformity
of the experiment.
Assumption 2: We assume that SCAE can also recognize
remaining 4 object affordances with 100% accuracy.
Assumption 3: SCAE is assumed to detect key object
affordances from the set of activated object affordances
corresponding to a particular temporal segment.
Following assumption is related to handling of long
sequence of high level activities.
Assumption 4: Ground truth temporal segmentation is
being used from the dataset for generating the trajectories
for Ia.

SCAE is composed of three components: a) ontology
processing module b) video processing module and c)
MLN. Ontology processing module has been implemented
in Java using OWL API 3.4.3 and Hermit 1.3.8.1 (reasoner).
The video processing module has also been implemented
in Java. Alchemy‡‡ has been utilized to get the func-

‡‡ https://alchemy.cs.washington.edu/

tionality of MLN. Advisor and MDP Solver components
presented in the pipeline have been implemented in Java.
Traditional BURLAP [45] has been modified to realize the
extended MLIRL agent, Ia.

Let us start with the first set of demonstrations corre-
sponding to high level intent Ii, where i = 1, i ≤ 10
fed to our architecture. Figure 4a and Figure 4b corre-
sponds to the output produced by the extended MLIRL
agent Ia (grey colored graph) and HIR Ha, respectively.
Thus, Ha is not able to clearly distinguish between

three high level intents namely: a) arranging object, b)
stacking object and c) unstacking object. However, Ia
recovers the reward function parameters where it assigns
positive weights (higher preferences) to three object affor-
dances namely: a)movable, b) reachable and c) placeable.

Consider the coupled graphs shown in Figure 4c and
Figure 4d. These two correspond to second set of demon-
strations corresponding to high level intent Ii, where
i = 2, i ≤ 10 fed to our architecture. It can be observed
from Figure 4d, Ha is able to clearly recognize the high
level intent, “cleaning object intention”. Ia also recovers
the reward function parameters. From Figure 4c, one can
see that Ia assigns positive weights (higher preferences) to
five object affordances namely: a) reachable, b) scrubber,
c) openable, d) cloasable and e) placeable.

Refer to Figure 4e and Figure 4f. These correspond to
third set of demonstrations corresponding to high level
intent Ii, where i = 3, i ≤ 10 fed to our architecture. Thus,
Ha is able to clearly recognize the high level intent, “hav-
ing meal intention”. According to Figure 4e, Ia recovers
the reward function parameters where it assigns positive
weights (higher preferences) to four object affordances
namely: a) movable, b) reachable, c) placeable and d)
drinkable.

Figure 5a and Figure 5b are obtained by feeding the
fourth set of demonstrations to our architecture. This
demonstration corresponds to high level intent Ii, where
i = 4, i ≤ 10. Thus, it can be seen from Figure 5b that Ha
is able to clearly recognize the high level intent, “making
cereal intention”. Ia recovers the reward function parame-
ters where it assigns positive weights (higher preferences)
to four object affordances namely: a) movable, b) reach-
able, c) pourto and d) placeable.

Figure 5c and Figure 5d correspond to fifth set of demon-
strations corresponding to high level intent Ii, where
i = 5, i ≤ 10 fed to our architecture. Thus, Ha is able to



Object affordance driven inverse reinforcement learning | 287

(a) Learnt Reward Function, R(s) (demonstration 1) (b) Probable intention discovered (demonstration 1)

(c) Learnt Reward Function, R(s) (demonstration 2) (d) Probable intention discovered (demonstration 2)

(e) Learnt Reward Function, R(s) (demonstration 3) (f) Probable intention discovered (demonstration 3)

Figure 4: This figure consists of three pair of graphs originated from three categories of demonstrations of CAD-120 dataset. Each pair cor-
responds to a particular category of demonstration. The first graph (dark one) of each pair is obtained due to Ia and it shows the learnt
reward function. The second graph of each such pair is present in the right hand side of this graph (dark one). It is obtained due to Ha. It
shows the probable intentions discovered by our approach. Various legends have been used for representing the attribute values of both
the graphs of each pair. In Figure 4a and Figure 4b, the meaning of the legends (markers) have been provided in the figure itself. The leg-
ends in Figure 4c and Figure 4e carries the same meaning as annotated in Figure 4a. Similarly, the meaning of the legends in Figure 4d and
Figure 4f carries the same meaning as annotated in Figure 4b.
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(a) Learnt Reward Function, R(s) (demonstration 4) (b) Probable intention discovered (demonstration 4)

(c) Learnt Reward Function, R(s) (demonstration 5) (d) Probable intention discovered (demonstration 5)

(e) Learnt Reward Function, R(s) (demonstration 6) (f) Probable intention discovered (demonstration 6)

Figure 5: This figure is similar to Figure 4. It consists of three pair of graphs originated from three categories of demonstrations of CAD-120
dataset. However, these three categories are different from the Figure 4. In Figure 4a and Figure 4b, the meaning of the legends (markers)
have been provided in the figure itself. The legends in Figure 5a, Figure 5c and Figure 5e carries the same meaning as annotated in Figure
4a. Similarly, the meaning of the legends in Figure 5b, Figure 5d and Figure 5f carries the same meaning as annotated in Figure 4b.
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(a) Learnt Reward Function, R(s) (demonstration 7) (b) Probable intention discovered (demonstration 7)

(c) Learnt Reward Function, R(s) (demonstration 8) (d) Probable intention discovered (demonstration 8)

(e) Learnt Reward Function, R(s) (demonstration 9) (f) Probable intention discovered (demonstration 9)

Figure 6: This figure is similar to Figure 4. It consists of three pair of graphs originated from three categories of demonstrations of CAD-120
dataset. However, these three categories are different from Figure 4 and Figure 5. In Figure 4a and Figure 4b, the meaning of the legends
(markers) have been provided in the figure itself. The legends in Figure 6a, Figure 6c and Figure 6e carries the same meaning as annotated
in Figure 4a. Similarly, the meaning of the legends in Figure 6b, Figure 6d and Figure 6f carries the same meaning as annotated in Figure 4b.
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Figure 7: This figure is similar to Figure 4. It consists of one pair of graphs originated from a particular category of demonstrations of CAD-
120 dataset. However, this category is different from demonstrations explained in the previous figures (Figure 4, Figure 5 and Figure 6). In
Figure 4a and Figure 4b, the meaning of the legends (markers) have been provided in the figure itself. The legends in the left hand side of
this figure carries the same meaning as annotated in Figure 4a. Similarly, the meaning of the legends in the right hand side of this figure
carries the same meaning as annotated in Figure 4b.

clearly recognize the high level intent, “microwaving food
intention”. Ia recovers the reward function parameters
where it assigns positive weights (higher preferences) to
five object affordances namely: a) movable, b) reachable,
c) openable, d) closable and e) placeable. There is a
close contest between “microwaving food intention” and
“taking food intention” in this set of demonstrations.

Figure 5e and Figure 5f are obtained after feeding sixth
set of demonstrations to our architecture. Both of them
correspond to high level intent Ii, where i = 6, i ≤ 10.
Thus, Ha is able to clearly recognize the high level intent,
“picking object intention”. Ia recovers the reward func-
tion parameters where it assigns positive weights (higher
preferences) to two object affordances namely: a) movable
and b) reachable.

Refer to Figure 6a and Figure 6b. These two figures
correspond to seventh set of demonstrations fed to our
architecture. It correspond to high level intent Ii, where
i = 7, i ≤ 10. From Figure 6b, it can be observed that
Ha is not able to clearly recognize the high level intent,
“stacking object intention”. Ha assumes “picking object
intention” is the underlying intent behind this set of
demonstrations. Ia recovers the reward function parame-
ters where it assigns positive weights (higher preferences)
to two object affordances namely: a) movable and b)
reachable.

The coupled graphs (shown in Figure 6c and Figure
6d) correspond to eighth set of demonstrations corre-
sponding to high level intent Ii, where i = 8, i ≤ 10 fed

to our architecture. In this case, Ha is not able to clearly
recognize this high level intent i.e. “taking food inten-
tion”. Ha assumes “microwaving food intention” is the
underlying intent behind this set of demonstrations. Ia
recovers the reward function parameters where it assigns
positive weights (higher preferences) to four object affor-
dances namely: a) movable, b) openable, c) placeable and
d) closable. Video frames involved in this demonstrations
consists of a person taking out his / her food from the
microwave. Thus, conceptually similar scene triggers this
recognition process.

Figure 6e and Figure 6f correspond to ninth set of
demonstrations corresponding to high level intent Ii,
where i = 9, i ≤ 10 fed to our architecture. Figure 6e
and Figure 6f are itself self-explanatory to track the
performance of Ia and Ha respectively. Thus, Ha is
able to clearly recognize the high level intent, “taking
medicine intention”. Ia recovers the reward function
parameters where it assigns positive weights (higher pref-
erences) to two object affordances namely: a) movable,
b) openable, c) placeable, d) drinkable and e) containable.

The coupled graph (shown in Figure 7) corresponds
to tenth set of demonstrations corresponding to high level
intent Ii, where i = 10, i ≤ 10 fed to our architecture.
Observing the right hand side of Figure 7, we see that
Ha is not able to clearly recognize this high level intent
(unstacking object intention). It assumes the underlying
intent behind this demonstrations is “picking object
intention”. On the other hand, Ia (see the left hand side
of Figure 7) recovers the reward parameters where it
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Table 1: Correctly recognized and incorrectly recognized intents
based on proposed approach.

Correctly recognized intents Incorrectly recognized intents

Cleaning object intention Arranging object intention
Having meal intention Stacking object intention
Making cereal intention Taking food intention
Microwaving food intention Un-stacking object intention
Picking object intention
Taking medicine intention

assigns positive weights (higher preferences) to three
object affordances namely: a) movable and b) reachable.

Figure 8 pictorially depict the performance of our HIR over
10 categories of demonstrations. Hidden intents present
within those input demonstrations are shown in the X
axis. For a particular demonstration presented in Figure 8,

Figure 8: Performance over 10 categories of demonstrations.

the vertical width of each color segment is associated with
the activation of the corresponding human intent. In the
positive direction of Y axis, the more the vertical width of
a particular colour segment, the more will be its chance
to be called as the detected intention. On the negative
direction of Y axis, the lesser the vertical width, the more
will be its chance to be called as the detected intention.
HIR is able to correctly recognize human intents hidden
in six different categories of demonstrations. Intentions
such as cleaning object, having meal, making cereal, mi-
crowaving food, picking object and taking medicine can
be correctly inferred fromdemonstration 2, demonstration
3, demonstration 4, demonstration 5, demonstration 6
and demonstration 9 respectively. Six intentions have

been recognized correctly. However, HIR is not able to
recognize four intents hidden inside four categories
of demonstrations (demonstration 1, demonstration 7,
demonstration 8 and demonstration 10). For example, the
output shown by our proposed approach corresponding
to input demonstration 1 can be visually observed from
Figure 8. Stacking object, unstacking object and arranging
objects have equal vertical width in the positive direction.
This concludes that our proposed approach is not able to
infer the hidden intent from input demonstration 1. Table
1 shows correctly and incorrectly recognized intents over
CAD-120 [6].

6.3 Discussion

Our work is towards providing an end-to-end inverse
reinforcement learning pipeline from high dimensional
demonstrations. Appropriateness of constructing con-
ceptual abstraction through symbolic representation has
been tested with respect to IRL systems working with
high dimensional continuous domain. Symbolic RL has
been explored in high dimensional demonstrations by
Garnelo et al. [3]. However, our problem formulation
along with proposed solution is unique in the sense that
symbolic IRL has not been studied in high dimensional
demonstrations. The recovered object affordance based
reward function can rightly point to high level intent with
60% accuracy. This is when we have not utilized high
level intent labels a priori. It shows that the effectiveness
of the extended MLIRL agent.

To evaluate our presented approach, we aim to an-
swer the following three basic questions.

Q1: How does the presented knowledge representation
scheme avoids including all possible qualitative relations
(QDC based) between objects and human-objects which
could result in a very large state space?

The knowledge representation scheme exploits the
conceptual neighbourhood of the QDC and only includes
possible qualitative relations which are conceptual neigh-
bours of a given relation instead of all the QDC relations.

Q2: Are the advices provided by the advisor effective?
There is no specific quantitative measure whose value

can signify the effectiveness of adding advisor. During
experimentation, it is found that inclusion of Ar helps us
in convergence. Presence of Aa and As definitely allows
the extended MLIRL agent Ia to work on less number of
states. The number of states in an MDP has big impact on
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the agent’s overall performance [46].

Q3: How does the available ground truths and assump-
tions made in the reported work impacts the effectiveness
of the overall proposed solution?

First three assumptions are related to object affor-
dances.We strongly believe that these assumptions can be
relaxed. In this reported work, readers might observe that
intricate details about SCAE has been avoided. The focus
is to understand the importance of object affordance in ex-
tending MLIRL to high dimensional states. Unrolling the
sub-modules of SCAEwould force us to explain eachmod-
ule separately and the results of SCAEneed to be evaluated
further. To avoid clutter,wemake these three assumptions.
It allows the readers to focus on the extendedMLIRL agent
in a better way. It also helps us to address the research
question in an organized manner.

The last assumption is about ground truth temporal
segmentation. QSR has been used widely in handling
noise in various applications involving indoor envi-
ronments (household domain [47]) as well as outdoor
environments (airport domain [48]) which consists of real
world videos. Although, we have assumed ground truth
temporal segmentation in our reported work; we argue
that the set of qualitative distance relations will help to
discriminate the temporal segmentations of input videos.
Work reported by Tayyub et al. [47] achieves automatic
temporal segmentation of sub-activities in CAD-120 data
set by adopting QSR approach.

Apart from these three questions, there are two more
general questions which may help the readers to judge
the presented work.

Q4: Why is Inverse Reinforcement Learning chosen
instead of going for supervised or unsupervised learning
paradigms for recognizing intents?

Human learn to perform a task through interacting
with the environment. Human intent recognition problem
can be casted as a classification problem and study either
in the supervised learning paradigm or unsupervised
learning paradigm. However, human learning capability
inspires our approach and lead us to study it within the
IRL paradigm. This approach further will inspire the IRL
researchers to build robots which can learn complex
manipulation tasks.

Q5: Why is AHP utilized to rank various human intents
instead of MLIRL agent handling this task as well?

Our interest to build an object affordance driven IRL
system allows us to scrutinize the role of sequence of ac-

tivated object affordances in visualizing an expert trajec-
tory. It further helps us to find out conceptually similar in-
tents such as “taking food” and “microwaving food”. De-
coupled solution in finding out multiple intentions is also
exercised in [1]. Utilization of AHP in our approach may
further turn on the discussion thatmulti-objectivization of
human intent recognition problem is necessary?

7 Conclusion
Before learning the complex manipulation skills for per-
forming similar activity, household robot has to inter-
pret human instructions conveyed through visual input.
Robots should also be capable enough to understand hu-
man’s conceptual abstraction ability in handling high di-
mensional visual input. In this work, traditional MLIRL al-
gorithm proposed by Babes et al. [1] is extended through
a novel pipeline. This object affordance driven novel
pipeline allows us to: a) show that symbolic conceptual
abstraction helps to curb curse of dimensionality issue
present in high dimensional demonstration, b) prove that
the sequence of object affordance can directly link to
higher level behaviours such as intents, c) include advi-
sor within MLIRL formalism which in turn helps to facil-
itate interaction between the learning algorithm and the
expert and, d) show the importance of object affordance
as a transferable knowledge from the demonstrations. One
weakness of this approach is that deterministic transition
has been considered here. This work assumes that there
is an automatic and correctly working grounding classi-
fier for the IRL agent. The working of this classifier has not
been demonstrated explicitly for state and action identifi-
cation. In the future work, we plan to extend this work by
describing the symbolic planner in detail for a generic IRL
agent in relational domain.
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References
[1] M. Babeş-Vroman, V. Marivate, K. Subramanian, M. Littman, Ap-

prenticeship learning about multiple intentions, In: Proceed-
ings of the 28th International Conference on Machine Learning
(ICML-11), 2011, 897–904

[2] L. Frommberger, Qualitative Spatial Abstraction in Reinforce-
ment Learning, Springer Science & Business Media, 2010



Object affordance driven inverse reinforcement learning | 293

[3] M. Garnelo, K. Arulkumaran, M. Shanahan, Towards deep sym-
bolic reinforcement learning, 2016, arXiv1609.05518

[4] J. J. Gibson, The ecological approach to the visual perception of
pictures, Leonardo, 1978, 11(3), 227–235

[5] T. E. Horton, A. Chakraborty, R. S. Amant, Affordances for robots
a brief survey, Avant, 2012, 3(2), 70–84

[6] H. S. Koppula, R. Gupta, A. Saxena, Learning human activities
and object affordances from RGB-D videos, The International
Journal of Robotics Research, 2013, 32(8), 951–970

[7] M. Wen, I. Papusha, U. Topcu, Learning from demonstrations
with high-level side information, In: Proceedings of the 26th In-
ternational Joint Conference on Artificial Intelligence, 2017

[8] J. Choi, K.-E. Kim, Hierarchical Bayesian inverse reinforce-
ment learning, IEEE Transactions on Cybernetics, 2015, 45(4),
793–805

[9] H. Min, C. Yi, R. Luo, J. Zhu, S. Bi, Affordance research in devel-
opmental robotics a survey, IEEE Transactions on Cognitive and
Developmental Systems, 2016, 8(4), 237–255

[10] P. Zech, S. Haller, S. R. Lakani, B. Ridge, E. Ugur, J. Piater, Com-
putationalmodels of affordance in robotics a taxonomy and sys-
tematic classification, Adaptive Behavior, 2017, 25(5), 235–271

[11] R. Bhattacharyya, Z. Bhuyan, S. M. Hazarika, O-PrO An Ontology
for Object Affordance Reasoning, Springer International Pub-
lishing, Cham, 2017, 39–50

[12] H. S. Koppula A. Saxena, Physically grounded spatiotemporal
object affordances, In: Computer Vision – ECCV 2014, Springer,
2014, 831–847

[13] S. Kim, Z. Yu, J. Kim, A. Ojha, M. Lee, Human-robot interaction
using intention recognition, In: Proceedings of the 3rd Inter-
national Conference on Human-Agent Interaction, ACM, 2015,
299–302

[14] N. Yamanobe, W. Wan, I. G. Ramirez-Alpizar, D. Petit, T. Tsuji, S.
Akizuki, et al., A brief review of affordance in robotic manipula-
tion research, Advanced Robotics, 2017, 31(19-20), 1086–1101

[15] A. Nguyen, D. Kanoulas, D. G. Caldwell, N. G. Tsagarakis, Detect-
ing object affordances with convolutional neural networks, In:
2016 IEEERSJ International Conference on Intelligent Robots and
Systems (IROS), IEEE, 2016, 2765–2770

[16] A. Nguyen, D. Kanoulas, D. G. Caldwell, N. G. Tsagarakis, Object-
based affordances detection with convolutional neural net-
works and dense conditional random fields, In: 2017 IEEERSJ
International Conference on Intelligent Robots and Systems
(IROS), IEEE, 2017, 5908–5915

[17] T.-T. Do, A. Nguyen, I. Reid, AffordanceNet: An end-to-end
deep learning approach for object affordance detection, 2017,
arXiv1709.07326

[18] L. Montesano, M. Lopes, A. Bernardino, J. Santos-Victor, Learn-
ing object affordances From sensory–motor coordination to im-
itation, IEEE Transactions on Robotics, 2008, 24(1), 15–26

[19] V. Krunic, G. Salvi, A. Bernardino, L. Montesano, J. Santos-
Victor, Affordance based word-to-meaning association, In: IEEE
International ConferenceonRobotics andAutomation (ICRA’09),
IEEE, 2009, 4138–4143

[20] M. Lopes, F. S. Melo, L. Montesano, Affordance-based imita-
tion learning in robots, In: 2007 IEEERSJ International Confer-
ence on Intelligent Robots andSystems (IROS2007), IEEE, 2007,
1015–1021

[21] P. Sermanet, K. Xu, S. Levine, Unsupervised perceptual rewards
for imitation learning, 2016, arXiv1612.06699

[22] K. Kitani, B. Ziebart, J. Bagnell, M. Hebert, Activity forecasting,
Computer Vision – ECCV 2012, 2012, 201–214

[23] S. Shahryari P. Doshi, Inverse reinforcement learning under
noisy observations, In: Proceedings of the 16th Conference on
Autonomous Agents and MultiAgent Systems (AAMAS’17), In-
ternational Foundation for Autonomous Agents and Multiagent
Systems, 2017, 1733–1735

[24] K. Bogert, J. F.-S. Lin, P. Doshi, D. Kulic, Expectation-
maximization for inverse reinforcement learning with hidden
data, In: Proceedings of the 2016 International Conference on
Autonomous Agents and MultiAgent Systems (AAMAS’16), In-
ternational Foundation for Autonomous Agents and Multiagent
Systems, 2016, 1034–1042

[25] M. Wulfmeier, D. Z. Wang, I. Posner, Watch this Scalable cost-
function learning for path planning in urban environments, In:
2016 IEEERSJ International Conference on Intelligent Robots and
Systems (IROS), IEEE, 2016, 2089–2095

[26] C. Finn, S. Levine, P. Abbeel, Guided cost learning Deep inverse
optimal control via policy optimization, In: Proceedings of the
33rd International Conference on Machine Learning, 2016, 48

[27] M. Monfort, A. Liu, B. Ziebart, Intent prediction and trajectory
forecasting via predictive inverse linear-quadratic regulation,
In: 29th AAAI Conference on Artificial Intelligence, 2015

[28] G. Kunapuli, P. Odom, J. W. Shavlik, S. Natarajan, Guiding au-
tonomous agents to better behaviors through human advice, In:
2013 IEEE 13th International Conference on Data Mining (ICDM),
IEEE, 2013, 409–418

[29] P. Odom, S. Natarajan, Active advice seeking for inverse rein-
forcement learning, In: Proceedings of the 2016 International
Conference on Autonomous Agents andMultiagent Systems, In-
ternational Foundation for Autonomous Agents and Multiagent
Systems, 2016, 512–520

[30] C. Rothkopf, C. Dimitrakakis, Preference elicitation and inverse
reinforcement learning, ECML PKDD 2011 Machine Learning and
Knowledge Discovery in Databases, 2011, 34–48

[31] Z. Yu, S. Kim, R. Mallipeddi, M. Lee, Human intention under-
standing based on object affordance and action classification,
In: 2015 International Joint Conference on Neural Networks
(IJCNN), IEEE, 2015, 1–6

[32] M. Sindlar J.-J.Meyer, Affordance-based intention recognition in
virtual spatial environments, In: Principles andPractice ofMulti-
Agent Systems, Springer, 2010, 304–319

[33] H. S. Koppula A. Saxena, Anticipating human activities using
object affordances for reactive robotic response, IEEE Transac-
tions on Pattern Analysis andMachine Intelligence, 2016, 38(1),
14–29

[34] D. Xie, T. Shu, S. Todorovic, S.-C. Zhu, Modeling and inferring
human intents and latent functional objects for trajectory pre-
diction, 2016, arXiv1606.07827

[35] S. Holtzen, Y. Zhao, T. Gao, J. B. Tenenbaum, S.-C. Zhu, Infer-
ring human intent from video by sampling hierarchical plans, In:
2016 IEEERSJ International Conference on Intelligent Robots and
Systems (IROS), IEEE, 2016, 1489–1496

[36] J. Young, N. Hawes, Learning by observation using qualitative
spatial relations, In: Proceedings of the 2015 International Con-
ference on Autonomous Agents and Multiagent Systems, In-
ternational Foundation for Autonomous Agents and Multiagent
Systems, 2015, 745–751

[37] A. G. Cohn, S. M. Hazarika, Qualitative spatial representation
and reasoning An overview, Fundamenta Informaticae, 2001,



294 | Rupam Bhattacharyya and Shyamanta M. Hazarika

46(1-2), 1–29
[38] E. Clementini, P. Di Felice, D. Hernández,Qualitative representa-

tion of positional information, Artificial intelligence, 1997, 95(2),
317–356

[39] P. Duckworth, Y. Gatsoulis, F. Jovan, N. Hawes, D. C. Hogg, A. G.
Cohn, Unsupervised learning of qualitative motion behaviours
by amobile robot, In: Proceedingsof the 2016 International Con-
ference on Autonomous Agents and Multiagent Systems (AA-
MAS’16), International Foundation for Autonomous Agents and
Multiagent Systems, 2016, 1043–1051

[40] M. Richardson, P. Domingos, Markov logic networks, Machine
learning, 2006, 62(1-2), 107–136

[41] T. L. Saaty,What is the analytic hierarchy process, In:Mathemat-
ical models for decision support, Springer, 1988, 109–121

[42] B. Bonet, J. Pearl, Qualitative MDPS and POMDPS An orderof-
magnitude approximation, In: Proceedings of the 18th Confer-
ence on Uncertainty in Artificial Intelligence, Morgan Kaufmann
Publishers Inc., 2002, 61–68

[43] R. S. Sutton, A. G. Barto, Reinforcement learning An introduc-
tion, MIT press Cambridge, 1998

[44] G. H. John, When the best move isn’t optimal Q-learning with
exploration, In: AAAI-1994 Proceedings, 1464

[45] M. James, BURLAP (Brown-UMBC Reinforcement Learning And
Planning), 2013, [Accessed Online on 27-July-2017]

[46] S. Wintermute, Using imagery to simplify perceptual abstrac-
tion in reinforcement learning agents, Proceedings of the
24th AAAI Conference on Artificial Intelligence (AAAI’10), 2010,
1567–1573

[47] J. Tayyub, A. Tavanai, Y. Gatsoulis, A. G. Cohn, D. C. Hogg, Qual-
itative and quantitative spatio-temporal relations in daily living
activity recognition, In: Asian Conference on Computer Vision
(ACCV 2014), Springer, 2014, 115–130

[48] M. Sridhar, A. G. Cohn, D. C. Hogg, Unsupervised learning of
event classes from video, In: Proceedings of the 24th AAAI Con-
ference on Artificial Intelligence, 2010, 1631–1638


	1 Introduction
	2 Related work
	3 Architecture for human IR
	3.1 Inverse reinforcement learning agent
	3.1.1 SCAE: Symbolic Conceptual Abstraction Engine
	3.1.2 Advisor
	3.1.3 MDP solver

	3.2 Human Intent Recognizer (HIR)

	4 Problem definition
	5 Methodology
	5.1 Modeling
	5.2 Extended MLIRL
	5.2.1 Formalization of the advisor
	5.2.2 Environmental observation

	5.3 Extended MLIRL agent in action
	5.4 AHP based HIR

	6 Experimental evaluation
	6.1 Dataset description
	6.2 Results
	6.3 Discussion

	7 Conclusion

