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Abstract— The object reference recognition task in human-
robot interaction (HRI) consists of identifying the object
to which a human is referring, based on communicative
cues, including gaze and pointing, which is particularly
challenging under ambiguous non-verbal behavior. This paper
proposes a bio-inspired multimodal fusion algorithm to enable
robots to recognize object references based on human gaze
and pointing gestures. The proposed method integrates and
encodes sensory inputs into a dynamic neural field, allowing
the robot to adaptively resolve ambiguities in object refer-
encing. The model was evaluated in an experimental setting
where the participants interacted with a Furhat robot. The
results showed that the system identified referenced objects
with higher accuracy when both gaze and pointing cues
were combined. Additionally, subjective evaluations using the
Godspeed questionnaire indicated that participants perceived
the robot more favorably when it engaged in joint attention
behaviors. These results highlight the potential of dynamic
neural models in improving intuitive and seamless HRI by
addressing non-verbal ambiguity in shared workspaces. Fu-
ture work will explore improved gaze-tracking techniques and
closed-loop interaction models to enhance system robustness
and adaptability.

I. INTRODUCTION

The development of robots that can operate in shared
spaces and interact with humans should necessarily
address the problem of communicating and expressing
intention toward objects. Moreover, for such skills to be
effective, human social dynamics should be considered
by the robot. In this sense, according to research on
developmental and social cognition, most communication
and intention grasping in object-mediated interactions
emerge early in childhood and are based on elementary
sensory-motor skills (e.g., gazing, pointing, automatic
attunement, mimicry) [1]. Such skills are believed to
persist throughout life, allowing individuals to cope with
most ordinary situations [2]. Thus, social robots should
be able to handle non-verbal behavior and correctly
recognize and convey intention toward objects by sharing
attention to them with humans.
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Fig. 1. The interaction scene. The robot Furhat welcomes visitors
and explains the utility of objects as the person shows interest to
them.

In the human-robot interaction (HRI) literature, the
object reference recognition problem includes the study
of perception, decision-making, and behavior schemes to
provide the robot with the capacity to recognize and
respond appropriately to human communication related
to objects. The goal is to identify the object to which a
person is referring based on communication cues such as
gazing and pointing. Several studies have highlighted the
difficulty of reliably performing this task with verbal and
non-verbal communication, emphasizing the importance
of being able to count on flexible and adaptive means of
interpreting human gestures in real-life situations.

In less structured interactions, variability of personal
style makes it difficult for a robot to rely on a single
behavioral modality to correctly recognize the designated
object. Spontaneity of nonverbal behavior impacts the
robot’s sensory systems as a dynamic process, resulting
in multimodal ambiguous salience. Thus, the robot must
be able to fuse contextual information in order to act
congruently with the reference intention of the person
by conveying attention to that particular object.

Dynamic Field Theory (DFT) originates from the
hypothesis that interacting patterns in cortical neural
excitation play an essential role in information process-
ing. Such patterns can be described mathematically as
a dynamic neural system in which units in the field
represent the activity of a population of related neurons
at a macro-level of abstraction. The theory explains how
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stable states, known as attractors, emerge in cognitive
processes, which could account for the formation of
memories, spatial representations, and motor behaviors.

Inspired by DFT, in this study, we propose a novel ob-
ject reference recognition approach for HRI. We consider
a scenario where a robot welcomes visitors and explains
the utility of objects as the person shows interest to
them by pointing or gazing (seen Fig. 1). To do this, the
locations that people point to and look at are provided
as salience maps to a dynamic neural field encoding the
shared interaction space, where behavioral and object-
related information are fused. By carefully considering
compositionality in our architecture, we show through an
experiment how the robot is able to identify the object
being referenced in most cases. Moreover, according to
the subjects’ responses to a measure on their perception
of the robot, the results suggested that participants rated
the robot more positively when it conveyed attention by
gazing at the object being referenced, as compared to
only addressing the object verbally.

In summary, the main contributions of this work are:
(i) The proposal of a bio-inspired multimodal fusion

algorithm to provide the robot with attention
selection for object reference recognition under
non-verbal ambiguity and fluctuations in sensory
salience.

(ii) Evaluating the model with a sample of participants,
where the robot Furhat provided information about
object addressed by subjects through pointing and
gazing.

This manuscript is organized as follows. Section II
presents theoretical principles and research related to our
study. In Section III we describe our architecture that
allows combining information about objects and subject’s
behavior from a lightweight two-camera sensors arrange-
ment. Section IV presents the details of the experiment
design, including the acquisition of self-reported and
behavioral data. The results of the study are discussed in
Section V, while conclusions and perspectives are given
in Section VI.

II. PREVIOUS WORK
A. Object reference recognition

Object reference recognition (ORR) is a fundamental
research problem in the field of human-robot interac-
tion. ORR enables robots to acknowledge and respond
appropriately to human instructions regarding objects
in shared environments. Here, we review in a non-
exhaustive manner previous research that has addressed
the challenges of ambiguity and alignment in ORR in
online HRI.

The study of [3] proposed to combine verbal and non-
verbal gestures to model communicative behavior around
object references. This method integrates bottom-up
saliency and top-down context cues to predict and guide
user’s attention toward a referenced object and maximize

the likelihood of recognizing the correct object reference.
Another study focused on how human-robot alignment
(emphasizing or using the same gesture and words)
can enhance shared understanding in object reference
recognition [4].

A significant challenge in ORR is ambiguity resolution.
The work of [5] introduced a fuzzy logic-based system
that determines ambiguity in robot object selection
tasks and assesses human attention before engaging in
disambiguation. This approach ensures that the robot
only seeks clarification when necessary, reducing redun-
dant interactions. Another study leveraged augmented
reality-powered techniques to resolve ambiguous object
references by employing graph-matching methods to fuse
visual and spatial information in order to achieve ORR
in shared workspaces [6].

Human gaze and attention estimation have also been
studied as key factors in ORR. A pipeline is proposed
in [7] to estimate human attention toward objects with
on-board cameras on the iCub humanoid robot. This
system integrates face detection, gaze tracking, and
object detection to predict which object a human is
focusing on, thereby enhancing robot responsiveness in
collaborative tasks.

Beyond gaze estimation, lexical entrainment plays a
role in reference resolution. The work of [8] investigated
whether humans adapt their vocabulary to robots during
interactions, which has implications for how robots
should process and generate object references. In addi-
tion, referent identification strategies have incorporated
ontological reasoning and perspective-taking mechanisms
to enhance the robustness of reference resolution [9].

In general, previous work highlights the importance of
a multimodal approach that integrates visual perception,
linguistic alignment, ambiguity management, and atten-
tion estimation; to obtain effective recognition of object
references. Thus, most of the research has focused on
improving the fluidity and naturalness of human-robot
communication in shared environments. However, the
research on how to handle information ambiguity of non-
verbal modalities in ORR has gained, in our opinion,
less attention in the HRI literature, an issue on which
we focus in this work.

B. Dynamic field theory

DFT is a framework that allows the study and model
of cognitive processes through the temporal evolution of
neural population activity in continuous feature spaces.
It describes how neural activation patterns emerge and
stabilize as peaks in dynamic fields, representing cog-
nitive states such as perception, working memory, and
decision-making.

In DFT, a typical neuron model encoding spatial-
temporal relations in a 2D topological space is derived
from the formalism proposed by [10], such that:
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τ u̇(x, y, t) = −u(x, y, t) + h+ S(x, y, t)

+

∫
w(x− x′, y − y′)f(u(x′, y′, t))dx′dy′

+ Cmemumem(x, y, t).

(1)

Here, u(x, y, t) represents the neural activation level at
position (x, y) and time t, while τ is the time constant
governing the speed of neural dynamics, h is the resting
level, at which the activation level settles in the absence
of external stimulation. The term S(x, y, t) represents
external stimulus input, encoding sensory or motor in-
formation. The lateral interaction kernel w(x−x′, y−y′)
defines local excitation and global inhibition, influencing
the stability of activation peaks. Ricker wavelet, as
shown in Eq. 2, is one of the commonly used interaction
kernels. This interaction kernel induces strong excitation
at the location where the stimulation is applied, strong
inhibition in the vicinity of the stimulation, and weak
inhibition at larger distances.

w(x− x′, y − y′) =
2√

3σπ1/4

(
1−

(
d

σ

)2
)
e−

d
σ ,

where d =
√
(x− x′)2 + (y − y′)2.

(2)

The nonlinear activation function f(u) is often selected
as the sigmoid function as shown in Eq. 3, ensuring
threshold-dependent responses.

f(u) =
1

1 + e−β(u−θ)
(3)

In DFT, it is possible to define hierarchical models by
layering fields in order to account for distinct spatial-
temporal dynamics. Hence, a memory field umem(x, y, t)
(see Eq. 4 [11]) can be defined to persist neuron activity
as a short-time memory. This allows to maintain the field
activation for a while after the external stimulation has
ceased.

τmemu̇mem(x, y, t) = −umem(x, y, t) + f(u(x, y, t)) (4)

DFT has been applied in robotics, particularly in
perceptual decision-making, action selection, and sensori-
motor control. In human-robot interaction, it enables the
integration of sensory cues for adaptive responses [12].
In object grasping and motion planning, DFT allows for
the dynamic representation of targets, facilitating real-
time grasp adaptation [13]. In autonomous navigation,
decision fields regulate movement selections based on
environmental sensory inputs [14]. Due to its continuous
and adaptive nature, DFT is well-suited for real-time
robotic applications that require flexible decision-making
under uncertainty.

C. Joint attention and DFT
Joint attention (JA) is a fundamental social skill that

allows partners to share and establish common ground
about objects mediating interaction. Although some
theoretical perspectives have circumscribed coordination
in JA to the alignment of inferred mental or psychological
states (e.g. [15]), we explore an embodied cognition
perspective for JA, according to which coordination in
attention sharing is grounded in sensory-motor recip-
rocal movements, where perceptual processes are not
considered to be inferential, but emerge online in direct
interaction [16].

Previous works have employed DFT to study JA skills
in HRI. In [17], a model was designed to track JA
typologies online, organized in a continuum from lack
of jointness (or individual attention) to a highest degree
of knowledge and attention sharing. In [18], a neural
network architecture was proposed to track individual
attention selection in sensory ego–spheres, which allows
adaptation and perspective taking in object referencing
by pointing gestures. These previous researches did
not explore the problem of object referencing under
ambiguity, which is our main focus in this work.

III. PROPOSED METHOD
We propose a model for object reference recognition

that can process ambiguous non-verbal information. In
this section, the components of the ORR model are
detailed, as well as the robot behavior model for the
interaction task.
A. Proposed model

Figure 2 shows the architectural view of our ORR
model that included the five information processing
components detailed next.

1) Gesture stimulation: This component processes the
non-verbal information a person conveys and computes
attention saliency to locations in the field. First, from
sensory acquisitions on body posture, the robot estimates
a projection in the field. This estimation is subject to
stochasticity, which is assumed to follow a Gaussian
distribution with distinct variance per gesture modality.
In the example shown in Fig. 2, the variance in gaze
location estimation is expected to be higher than that of
pointing location estimation. As a result, the stimulation
map for the gaze location is applied more broadly across
the field than the stimulation map for the pointing
location. Finally, a general formulation for computing
the stimulation map for m behavior modalities (m ∈
{gaze,pointing} in this study), with the normalization
function f . is obtained such that

Sgesture = f

(∑
m

Sm

)
(5)

This fusion component enables the flexible inclusion
of additional non-verbal modalities into the gesture
stimulation saliency map.
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Fig. 2. Architecture of the proposed method and interaction scenario. DFT is used for multimodal saliency information fusion and
attention selection.

2) Environmental stimulation: In this component,
the robot observes the surrounding environment and
computes the Senv saliency map from the estimation
of the localization of stimuli in the field. In this study,
this component is used to track object spatial references.
This calculation produces a map showing which objects
in the environment attract the most attention. For more
implementation detail, please refer to Sec . IV-B.

3) Attention saliency stimulation: This component
takes the Hadamard product of the calculated gesture
stimulation map Sgesture and the environmental stimu-
lation map Senv as shown in Eq. 6. The calculated map
provides information on attention behavior correlates in
relation to object locations.

Sattention = Sgesture

⊙
Senv (6)

4) Dynamic neural field computation: The neuron
model in Eq. 1 is computed by receiving as input
the attention saliency stimulation map Sattention. As a
dynamical system, the neural field is a causal system that
depends on the current and past stimulation received.
Due to this property, it allows tracking the current atten-
tion under fluctuations in saliency maps computations.
Also, by considering the memory component in Eq. 4, the
dynamic neural field activation is preserved for a while
and slowly fades away. This helps to improve consistency
in ORR.

5) Object reference recognition: We carefully consid-
ered the aspect of compositionality from sub-symbolic
representations to a process of emergent recognition
of the referenced object. Thus, ORR is computed by
applying the softmax function to the dynamic neural

field and obtaining the location ûx,y of the most activated
unit encoding a region in the interaction space, such that

ûx,y = argmax
(x,y)

(
softmax(u(x, y, t))

)
. (7)

In case there is an object related to the unit’s location,
it will be selected as a candidate for the actual focus of
attention. For practical purposes, ORR is considered to
happen after n consecutive selections.

B. The robot behavior model
The robot was programmed to perform four behaviors.
1) Greeting the human: The robot turns to face the

human and greets them. It then asks the human if there
are any objects on the table that interest they.

2) Tracking the human: While gazing at the human,
the robot tracks human gestures from images obtained
from the RealSense D435 sensor (see Fig. 4). Then, it
computes saliency stimulation maps and updates the
neural field state for recognizing attention to objects on
the table.

3) Cuing attention: Once object reference recognition
is achieved, the robot turns its head towards the object
to signal its state of attention to the human.

4) Describing the object: The robot turns to face
the human and provides a description of the recognized
object.

IV. EXPERIMENT
We conducted an experiment in the LORIA lab with

9 participants, all students aged between 21-28 years old
and right handed, who voluntarily participated in the
study, no remuneration was provided. The experimental
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Setting of high sparsitySetting of low sparsity

5cm 15cm~

Fig. 3. Settings for the object sparsity experimental variable.

protocol strictly followed the lab’s code of ethics and
complied with the European General Data Protection
Regulation (GDPR).

A. Experimental design
The participants were provided with a short story

about a fictional robotic character named Junior (the
robot Furhat [19] was considered in the study) who is
learning to interact with humans for the first time and
is willing to show its knowledge on some objects on the
table (see Fig. 5). The participants were instructed to
stand up in front of the table to interact with the robot
(see Fig. 2 left for a third-person perspective of the
scene, and Fig. 4 for a first-person view). The duration
of the experiments was about 30 minutes, followed by
a 10-minute session, where subjects responded to a
Godspeed [20] measure on how they perceived the robot.

Three experimental variables were studied.
1) Object sparsity: In the condition of low-sparsity,

the Rubik’s Cube and Foam Brick objects where placed
side-by-side at 5 cm of each other. The same proximity
relation was adopted for Gelatin Box and Tuna Fish Can
(see Fig. 3). The condition of high-sparsity is shown in
Fig 4, in which there is a minimum distance of 15 cm
between objects.

2) Gesture modality: In the condition pointing-and-
gazing, subjects were asked to freely reference an object.
In the condition gazing, subjects were required to only
direct the head towards an object of interest. A pointing-
only condition was deliberately excluded. This decision
is based on the premise that when humans intentionally
point to an object, their gaze naturally follows, making a
pointing-only gesture a not realistic and less ecologically
valid task for participants. Our goal was to evaluate
the system in the context of more natural human
communicative behaviors.

 RealSense D435 

Base camera

Object placesment area

Fig. 4. First-person perspective view of the experimental scene.

Rubik's Cube Foam Brick Gelatin box Tuna fish can

Fig. 5. Objects used in the experiment.

3) Attention behavior: In the condition true, the full
robot behavior model was active, whereas in the condi-
tion false the behavior cuing attention was deactivated
(see Section III-B).

Two experimental groups were formed to evaluate the
previous set of variables. Subjects were given, according
to their order of arrival, an integer index starting from
1, so odd numbers were assigned to Group A and even
numbers to Group B. The full conditions of the variables
object sparsity and gesture modality were presented
to both groups, whereas attention behavior=true was
presented to Group A (which had 5 participants) and
attention behavior=false was presented to Group B
(which had 4 participants).

B. Estimation of object location

The robot uses its base camera (see Fig. 4) to recognize
AR markers attached to objects (see Fig. 5) and to
estimate the location of objects [21] within the object
placement area.
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TABLE I
Parameters used in the experiment

Parameter value
h -0.05
τ 0.2
Cmem 0.2
τmem 2.0
dt 0.1
σ 0.7
β 50.0
θ 0.5
Number of neurons 800
σ2
pointing 0.06

σ2
gaze 0.03

C. Settings for the robot behavior model

Here, we provide more details on the implementation
of the behaviors described in Sec III-B. For the accom-
plishment of the behavior tracking the human. the robot
has to estimate the pointing and gaze direction, which
is detailed below.

1) Pointing estimation: We estimated the pointing
location based on the 3D human skeleton segmentation.
From images acquired from the RealSense D435 sensor
(see Fig. 4), first, we used OpenPifPaf [22] to perform
2D pose estimation. The obtained posture was then
extended to a 3D pose using depth information. Finally,
the pointing position was estimated by calculating an
intersection of the extending line from the elbow to the
wrist and the field.

2) Gaze estimation: In this research, we estimated the
gaze position assuming that the gaze direction aligns
with the head direction. We employed HopeNet [23] as a
head direction estimation. The estimated face direction
is then used to calculate the intersection point with the
field, which is considered the mean gaze position in a
Gaussian distribution.

3) Parameters of dynamic neural field: Table I shows
the parameters of the proposed method used in the
experiments. The dynamic neural field encodes the range
of the object placement area. As shown in Fig. 4, the
objects were placed in a 2.0 m width × 1.0 m height
surface. Thus, each neuron encodes a region of a 5 cm
× 5 cm in a rectangular grid, resulting in a total of
800 neurons (see Fig. 6, the resolution has been down-
sampled in Fig. 2 for illustration purposes). In Table I,
σpointing and σgaze denote the variance of the Gaussian
distribution for the pointing and gaze stimulation maps,
respectively. All parameters were manually selected for
this study.

4) Resources: The experiment was conducted on a
system with dual Intel Xeon Gold 5218R CPUs, 128
GB DDR4 RAM (3200 MHz), and NVIDIA RTX A2000
(12 GB VRAM). The software environment was Ubuntu
20.04-based virtualized ROS Noetic environment created
using Apptainer, and Python 3.8 was used for implemen-
tation.

TABLE II
Trials Success rate (SR) for object sparsity (OS), gesture

modality (GM) and attention behavior(AB)

Group Trial OS GM AB SR
A 1 high-sparsity pointing/gazing True 93.33%
A 2 high-sparsity gazing True 20.00%
A 3 low-sparsity pointing/gazing True 86.67%
A 4 low-sparsity gazing True 66.67%
B 1 high-sparsity pointing/gazing False 100.00%
B 2 high-sparsity gazing False 50.00%
B 3 low-sparsity pointing/gazing False 100.00%
B 4 low-sparsity gazing False 41.67%

TABLE III
Average Godspeed scores per group

Category Group A Group B
Anthropomorphism 2.60± 0.346 2.15± 0.300
Animacy 3.10± 0.190 2.37± 0.343
Likeability 4.24± 0.589 3.40± 0.673
Perceived Intelligence 3.48± 0.540 3.00± 0.673
Perceived Safety 3.66± 0.781 4.00± 0.272

D. Results
Table II presents the success rate calculated between

the object reference recognized by the robot and the
self-reported reference collected after each trial of the
experiment. Table III shows the average and standard
deviation of subjects’ evaluation per category defined in
the Godspeed measure.

V. DISCUSSION

The system proposed was able to achieve a consider-
ably high success rate in the free referencing behavior for
both low- and high-sparsity conditions. Interestingly, as
shown in Fig. 6, the model is able to handle ambiguous
saliency maps from gaze and pointing tracking, while
providing stable recognition of the object referencing
behavior in the relatively difficult condition of low object
sparsity.

Gaze stimulation map

Ponting stimulation map

: Center of the attending
: Object location

Fig. 6. RViz visualization of an experimental trial. On the left,
the human’s frames show the pointing gesture toward the red-
circled object with the right arm, at the opposite side of the table
it is shown the robot’s head and real-sense reference frames. On
the right, it is shown how the model is able to handle ambiguity
between pointing and gazing object referencing behavior under a
low-sparsity scenario.
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Overall, the success rate obtained by pointing-and-
gazing gesture modality is considerably higher than gaz-
ing alone. Since gaze tracking could only be implemented
through head direction alignment, we hypothesize that
this resulted in a more difficult gesture to perform by
the human.

When analyzing the attention behavior variable, it
is observed that pointing-and-gazing gesture modality
performed slightly better when the cuing attention be-
havior was off. A possible explanation for this result
is the fact that, although the robot performed mostly
well in trials, since behavior control was only possible
in open-loop, due to restrictions on the platform; the
participants may have attempted to compensate for
perceived misalignment when engaging in JA with the
robot. Adaptation can also be observed in group A’s
higher performance on trial 4 over trial 2. Furthermore,
since this effect is not observed in group B, a plausible
explanation would be that subjects felt more motivated
to adapt to the robot in condition A.

Finally, when comparing the perception of the robot,
the participant’s rates in Godspeed’s measured categories
are consistently higher for group A compared to group B,
with the exception of perceived safety. We believe that
the latter can be explained by the fact that in group
B the robot moved less, to only gesticulate speech and
gaze the human, so the higher motion on group A could
have impacted the perception of safety in participants.
Overall, these results suggest that engaging in JA exerts
a positive influence on participant’s perception of the
robot.

We believe these result can be attributed to the
inherent characteristics of the DNF. Human non-verbal
cues, such as gaze and pointing, are not static but
fluctuate over time. The DNF can naturally handle these
temporal dynamics by integrating current stimuli while
retaining past input information, thereby forming stable
activity peaks that are robust against transient noise and
fluctuations. Furthermore, when presented with multiple
modalities of varying precision and characteristics, as in
this study (gaze and pointing), the DNF can represent
them on a common saliency map and fuse them non-
linearly. This allows the system to resolve ambiguity
and make robust decisions by integrating all available
information, even when one modality is ambiguous.
Therefore, we conclude that the DNF is a highly suitable
framework for object reference recognition based on
ambiguous non-verbal cues, which is the focus of this
research.

VI. CONCLUSION
In this study, we proposed a bio-inspired multimodal

fusion algorithm for object reference recognition in HRI,
designed to handle ambiguous non-verbal cues such
as pointing and gazing. Inspired by DFT, our model
integrates contextual information and adapts to fluctu-
ations in sensory salience, while allowing spontaneous

and effective object reference recognition in human-robot
interactions.

Experimental results shown that our approach
achieves high accuracy in object reference recognition,
particularly when both pointing and gazing cues are
utilized. The system performed robustly under varying
object sparsity conditions, effectively managing ambi-
guity in non-verbal referencing behaviors. Additionally,
user perception of the robot, assessed through the
Godspeed questionnaire, indicated that participants re-
sponded more positively when the robot actively engaged
in joint attention behaviors.

Despite these promising results, limitations remain.
The accuracy of gaze tracking was constrained by the
assumption that head direction aligns with gaze, which
may not always be the case. Furthermore, the system’s
open-loop behavior control may have influenced partici-
pants’ adaptation strategies. Another significant limita-
tion is the small sample size of our experiment, which
precludes inferential statistical analysis. Consequently,
our evaluation is confined to the scope of descriptive
statistics. Future work will explore improved gaze esti-
mation techniques and real-time closed-loop interaction
models to enhance adaptability and responsiveness. Fu-
ture studies should also involve a larger participant pool
and more realistic experimental scenarios to allow for
more comprehensive analysis.

Overall, our findings highlight the importance of
multimodal fusion and bio-inspired cognitive modeling
in improving HRI. By refining these mechanisms, we
can further bridge the gap between human and robotic
communication, fostering more intuitive and seamless
interactions in shared environments.
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