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Abstract: Human-robot interaction research could bene-

fit from knowing how various parameters of robotic eye

movement control affect specific cognitive mechanisms of

the user, such as attention or perception. In the present

study, we systematically teased apart control parameters

of Trajectory Time of robot eye movements (rTT) between

two joint positions and Fixation Duration (rFD) on each

of these positions of the iCub robot. We showed record-

ings of these behaviors to participants and asked them

to rate each video on how human-like the robot’s behav-

ior appeared. Additionally, we recorded participants’ eye

movements to examine whether the different control pa-

rameters evoked different effects on cognition and atten-

tion.We found that slowbut variable robot eyemovements

yielded relatively higher human-likeness ratings. On the

other hand, the eye-tracking data suggest that the human

range of rTT is most engaging and evoked spontaneous in-

volvement in joint attention. The pattern observed in sub-

jective ratings was paralleled only by one measure in the

implicit objectivemetrics, namely the frequency of sponta-

neous attentional following. These findings provide signif-

icant clues for controller design to improve the interaction

between humans and artificial agents.
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1 Introduction
The human eyes play a special role in daily interactions

with others. With gaze, we efficiently communicate to oth-

ers our internal mental states and our interest in the ex-

ternal environment [1, 2]. Sometimes, just by looking at a

person’s eyes, we are able to infer the other’s intentions,

emotions, or action plans [3, 4]. During interaction with

another human, the eye region typically is the most at-

tended of all facial features and the most used source of

information, independent of the specific characteristics of

the interaction [5]. In order to improve the quality of the in-

teraction, Pelachaud and Bilvi [6] proposed a communica-

tive model of gaze for embodied conversational agents.

The authors claimed that simple variations in the tem-

poral components of gaze behavior might induce differ-

ent attributions toward the artificial agent. Other authors

tested the implementation of gaze behavior in artificial

agents during different activities, such as storytelling, con-

versation and reading (for a review, see [7]) and concluded

overall that this implementation requires integration of

knowledge froma large number of disciplines, fromneuro-

science to computer graphics. In order to design such be-

haviors, a better understanding of human gaze is needed.

From a practical point of view, robot designers developed

several tools to improve the naturalness of their artifi-

cial agents’ behaviors. Biologically plausible controllers

might facilitate communicationduringhuman-robot inter-

action. Indeed, the implementation of human-like behav-

ior in an artificial agent might encourage the adoption of

the samemental models humans spontaneously adopt to-

wards their conspecifics. However, additional studies are

needed in order to test this hypothesis and provide de-

signers additional guidelines defining the best design of

such controllers. In this context, we present a systematic

approach of exploring not only the reliability of theoreti-

cal models but also participants’ perception of an artificial
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agent displaying various types of gaze behaviors. We use

objective (eye-tracking) and subjective measures (ratings)

in order to obtain a comprehensive picture of how various

gaze behaviors are received by the user.

1.1 Aims

In this work, we investigate how different configurations

of the same robot controller may affect cognition and at-

tentional engagement of the user, as well as subjective im-

pression of the robot’s human-likeness while maintain-

ing the same task for all the conditions. We aim to pro-

vide roboticists with novel methods, grounded in cogni-

tive psychology, for developing customizable controllers

and for using effective strategies to configure the existing

ones. To address the aims of our study, we filmed an iCub

robot [8, 9] that was systematicallymanipulated to display

two specific parameters of eyemovements in the iCub con-

troller: Trajectory Time (rTT) and Fixation Duration (rFD).

rTT refers to the time required for the robot’s pupil to shift

fromonefixedposition to oneother fixedposition in space.

rFD refers to the amount of time that the robot’s pupil

spends on a given target before moving again. We admin-

istered a rating scale to examine how thesemanipulations

affected subjective attributions of human- likeness. Fur-

thermore, to tease apart how human cognitive and atten-

tional mechanisms are affected by these manipulations,

we tracked participants’ eyemovements, as eyemovement

patterns are closely related to attention and cognition [10].

We expected variations in rTT and rFD to affect subjec-

tive attributions of human-likeness as well as character-

istic features of attentional engagement and cognitive re-

sources related to observing the robot behavior.

2 Methods

2.1 Participants

Thirty-four participants were recruited for this experiment

(mean age = 25; S.D. = 3.9 years; 21 females). All partici-

pants reported normal or corrected-to-normal vision and

reported no history of psychiatric or neurological diagno-

sis, substance abuse or psychiatric medication. Our ex-

perimental protocols followed the ethical standards laid

down in the Declaration of Helsinki and were approved

by the local Ethics Committee (Comitato Etico Regione Lig-

uria). Each participant provided written informed consent

to participate in the experiment. Participants were not in-

formed regarding the purpose of the study before the ex-

periment but were debriefed upon completion.

2.2 Stimuli

In the current study, we estimated an average human-like

TT by applying themodel proposed by Baloh et al. [11], us-

ing the following formula: TT = 37ms + 2.7 * |α|, where
α represents the visual angle (in degrees) between two

targets. For small angles, the calculated trajectory times

would be beyond the iCub physical constraints, thus we

selected a visual angle of 60 degrees between the two joint

positions. Based on this angle, an average TT of 200 ms

was estimated. In the present study, we manipulated the

velocity profile and the periodic state of TT. While the first

refers to the speed of the eyemovement, the latter refers to

the variability displayed during the trial. Overall, we con-

sidered the implementation of the following behaviors in

the iCub robot:

1. A fixed, behavior, showing no variability, calculated

as an “average human behavior”.

2. A “human-range variable” behavior based on litera-

ture and human’s eye models, showing variability.

3. A “slow-range variable” behavior, designed to be con-

siderably slower than the human-range behavior.

This design allowed us to define the effect of periodic state

manipulation by comparing behavior (1) and (2), and the

effect of velocity profile by comparing behavior (2) and (3).

Consequently, we defined three conditions for rTT: a fixed

behavior (F
TT

during which rTT was constant, a human-

range variable (HRV
TT
) behavior and a slow-range vari-

able behavior (SRV
TT
). With regard to rFD, previous stud-

ies suggested that for humans, the typical pause time be-

tween two subsequent eye movements (i.e. fixation dura-

tion) is approximately 200 ms [12]. We decided to refer to

this lower bound and to explore the same variability range

adopted for rTT. Therefore, we adopted the same approach

used for rTT, defining three conditions for rFD: a fixed be-

havior (F
FD
) during which rFD was constant, a human-

range (HRV
FD
) behavior during which rFD was variable

[13], and a slow-range variable behavior (SRV
FD
). Then, we

combined these two factors in a 3 X 3 repeated-measures

design, generating 9 final conditions (Table 1).

Based on our experimental conditions, we imple-

mented the nine different behaviors in the iCub robot. The

behaviors were filmed using a 4K Handycam FDR-AX53

by Sony (Minato, Tokyo, Japan). Each video started with

the robot looking straight-ahead (2 sec). Then, the eyes

started moving from the initial position (I) to either posi-
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Table 1: Summary of the experimental conditions for rTT (Robot Tra-

jectory Time) and rFD (Robot Fixation Duration).

rFD

300ms 200-400ms 400-600ms

rT
T

200ms FrTT -FrFD FrTT -HR rFD FrTT -SRVrFD

100-300ms HRVrTT -FrFD HRVrTT -HRVrFD HRVrTT -SRVrFD

300-500ms SRVrTT -FrFD SRVrTT -HRVrFD SRVrTT -SRVrFD

tion A (right) or B (left). Then, the eyes moved from one

position to the other, for another ten seconds. Immedi-

ately after, the robot eyes returned to the I position. Sub-
sequently, the head of the robot turned either to the right

or to the left with a 70 degrees amplitude. Eventually, the

head and the eyes returned to the initial position. The ma-

nipulation of occasional head movement was introduced

in order to test whether participants would engage in a

spontaneous attentional following (measured by fixations

that would land laterally with respect to the face, in the

same direction as the head movement) and whether their

spontaneous attentional following would depend on the

robot behavior. Importantly, for the measures of the spon-

taneous attentional following, the stimuli remained iden-

tical across conditions (i.e., the head movement was al-

ways the same). Therefore, any differential effects would

be due to some sort of “priming” by preceding robot be-

havior (fixed, variable, human-range or slow-range). Each

behaviorwas filmed twice (one starting from I toA and one
starting from I to B). Consequently, we filmed 18 videos to

be used for the experiment.

2.3 The iCub’s gaze controller

In this study, we used the Cartesian 6-DoF gaze controller

developed for the iCub robot [14]. We implemented this to

control the trajectories of the neck (T
N
) and of the eyes

(T
E
) of the robot for looking at 3D Cartesian fixation points

in space. This controller fits well with our requirements

since it allows specifying the point-to-point execution time

for the neck (T
N
) and the eyes (T

E
). Therefore, we im-

plemented the robot’s eye movements simply by tuning

the TE parameter, considering the nine different condi-

tions shown in Table 1. We implemented a Python script

interfacing with the IGazeController Yarp class [15]. The

functions for controlling both the eyes and the neck are

shown in Listing 1. In themoveEyesmethod,we controlled

the robot to move the eyes between two pre-defined fixa-

tion points for a total duration of 10 seconds. The fixation

points are provided in relative angles (azimuth, elevation,

and vergence) according to the controller’s specifications.

Once 10 seconds had elapsed, the moveNeck method was

called for shifting the gaze in a pre-defined location (to the

left or right). In this case,we released the block on the neck

to let the robot rotate the head along the yaw angles.

Listing 1: Python functions for controlling the eyes and the neck of

the robot in the different condition of the task.

1def moveEyes (FD_MIN , FD_MAX, TT_MIN , TT_MAX ) :

2IGazeCont ro l . blockNeckYaw ( )

3IGazeCont ro l . blockNeckPitch ( )

4IGazeCont ro l . blockNeckRol l ( )

5while True :

6fd = random . uniform (FD_MIN , FD_MAX)

7t t = random . uniform ( TT_MIN , TT_MAX)

8fp = gaze_pos i t i ons . next ( )

9IGazeCont ro l . se tEyesTra jT ime ( t t )

10IGazeCont ro l . lookAtRelAnglesSync ( fp )

11time . s leep ( fd )

12

13def moveNeck ( ) :

14IGazeCont ro l . blockNeckYaw ( )

15IGazeCont ro l . lookAtRelAnglesSync (YAW_POS)

16time . s leep ( DISTRACTOR_TIME )

17IGazeCont ro l . lookAtAbsAnglesSync ( INIT_GP )

2.4 Apparatus

The experimental session took place in a dimly-lit room.

Stimuli were presented on a 22” LCD screen (resolution:

1366 x 768). A chinrest wasmounted on the edge of a table,

in order to maintain a distance of 63 cm between partici-

pants’ eyes and the screen for the entire duration of the ex-

periment. Consequently, the forward-looking robot’s face

subtended 5.5º by 7.1º of visual angle. Whereas a range

of eye-tracking techniques has previously been used in

robotics research (see [16] for review), infrared / near-

infrared videobased eye-tracking was deemed most suit-

able for our application [17, 18]. Therefore, we used a

screen-mounted SMI RED500 eye-tracker by iMotion (Sen-

soMotoric Instruments GmbH, Teltow, Germany) with a

sampling rate of 500 Hz and spatial accuracy of 0.4º

to record binocular gaze data. The experiment was pro-

grammed in and presented with OpenSesame 3.1.8 [19] us-

ing the Legacy backend and the PyGaze library [20].

2.5 Procedure

We instructed participants to carefully watch the videos

and to evaluate, on a 6-point scale how much the behav-

ior displayed by the robot was human-like (0=not at all,

5=extremely). Each video was repeated six-times across

thewhole experiment (108 trials in total) in a randomorder

of presentation. The experiment consisted of four blocks of

27 trials to allow for self-paced breaks. During each trial,

log messages were sent to the eye-tracker at the video on-

set, the onset of the robot head movement, and the video

offset. For details on the trial structure, see Figure 1. Prior
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to the task and before starting the second half of the exper-

iment, a 9-point calibration and 4-point validation thereof

were carried out (mean accuracy = 0.89°; S.D. = 0.70°).

Additionally, participants were recalibratedwhen deemed

necessary (e.g. when a participant moved their head from

the chinrest).

Figure 1: A planar view of the iCub robot used in this study. The pic-

ture depicts the typical trial sequence, illustrating the iCub’s behavior

(staggered panels) and the subsequent human-likeness rating screen

(bottom-right). In this example, the robotmoves from I to A and turns

the head to the right.

2.6 Analyses

In order to explore the potential effects of rTT and rFD on

participants’ ratings, a mixed model was applied in R Stu-

dio [21]. We considered participants’ responses as the de-

pendent variable and intercept as a random factor. Then,

we computed rTT and rFD as fixed factors of the model.

This procedure allowed us to explore the main effects of

the single factors and the effect of interaction between

the two. Pairwise post hoc comparisons were estimated

using the Tukey method. For the purpose of investigat-

ing whether the eye movements implemented in the iCub

controller affected participants’ eyemovements during the

videos, analyses on the eye-tracking data were performed.

Three participants (mean age = 24.67; S.D. = 1.53; 1 female)

were excluded from these analyses due to technical errors

in the eye-tracker recordings. In order to facilitate process-

ing of the eye-tracking data, we defined an Area of In-

terest (AoI): the eye region of the robot. (see Figure 2 for

details). For each participant, we calculated proportional

dwell time (the amount of recorded gaze samples within

theAoI regardless of eyemovement type) and total fixation

count to investigate where our participants attended. We

examined the average fixation duration to underpin the

temporal characteristics of these mechanisms on the AoI

per conditionbetween the onset of the video and the iCub’s

head movement. Finally, we investigated whether a fixa-

tion lateral to the face occurred within 2500 ms after the

robot head movement in each trial as a measure of spon-

taneous gaze following.We thenprocessed the landingpo-

sition -the horizontal vector- of the first lateral fixation in

the samedirection as the headmovement. Considering the

skewed distribution of our data, we computed these met-

rics as the dependent variables of different Mixed Mod-

els. Each model’s output provided us with predicted val-

ues of all the metrics input as dependent variables. Such

predicted values derive from raw data and were corrected

based on the effects taken into account in the Mixed Mod-

els. In order to maximize comprehensibility and graphical

rendering of the effects, we plotted predictive values in-

stead of the raw data. Subsequent pairwise post hoc com-

parisons were estimated using the Tukey method.

Figure 2: A frame of the trial sequence depicting the iCub robot. The

figure indicates the Area of Interest (AoI) used for the analyses, de-

fined as the yellow rectangle.

3 Results

3.1 Subjective reports

For the human-likeness ratings, we found that the slow-

range variable (SRV) condition was evaluated as most

human-like. We observed a main effect of condition both

on rTT (F=7.67, p<0.001, Figure 3 left) and on rFD (F=34.61,

p<0.001, Figure 3 right). Post hoc comparisons revealed

that our participants evaluated the SRV condition signifi-
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Figure 3: Human-likeness ratings across the study. Predicted values

are plotted on the y-axes in order to facilitate the interpretation of re-

sults. Vertical bars denote +/- 1 standard error. Horizontal bars denote

differences surviving post hoc comparison. Figure on the left shows

Robot’s Trajectory Time (rTT) main effect on participants’ ratings (F:

Mean=2.08, S.D.=1.30; HRV: Mean=2.12., S.D.=1.29; SRV: Mean=2.25,

S.D.=1.32). Figure on the right shows Robot’s Fixation Duration (rFD)

main effects on participants’ ratings (F: Mean=2.02, S.D.=1.12; HRV:

Mean=2.08., S.D.=1.35; SRV: Mean=2.35, S.D.=1.33).

Table 2: Z ratio and p values resulting from the post hoc comparisons

for the human-likeness ratings; asterisks denote the significant re-

sults.

Contrast z.ratio p.value

Fixation Duration
FrFD vs HRVrFD -1.377 0.3528

FrFD vs SRVrFD -7.803 <0.0001*

HRVrFD vs SRVrFD -6.419 <0.0001*

Trajectory Time
FrTT vs HRVrTT -0.614 0.8123

FrTT vs SRVrTT -3.660 0.0007*

HRVrTT vs SRVrTT -3.046 0.0066*

cantly more human-like than the other two conditions. No

significant differences were found between the fixed and

human-range conditions (see Table 2 for detailed compar-

isons).

3.2 Objective measures: eye-tracking data

The eye-tracking data is visualized in Figure 4. Heat maps

suggested the presence of differences in fixation patterns

due to TT manipulation. Our results in the objective im-

plicit eye-trackingmeasures showed a somewhat different

pattern than the subjective explicit reports.

3.2.1 Human-range variability condition (HRV)

Importantly, the eye-tracking data showed that at the im-

plicit level of processing, human-range variability (HRV)

Figure 4: Fixation heatmaps for each rTT condition across the exper-

iment. On the left: trial onset until headmovement; on the right: head

movement until the end of the trial).

engaged participants’ attention more than the slow-range

variability (SRV) – a differential effect on fixation dura-

tions, and evoked higher degree of spontaneous joint at-

tention than the other two conditions – an effect on the

range of lateral fixations and speed of attentional follow-

ing.Inmore detail, our results showed that participants fix-

ated on the eye region longer for the HRV condition, as

compared to SRV, as evidenced by the significant main ef-

fect of rTT for the eye region (F=4.84, p=0.01) in the average

fixation duration, and significant difference between HRV

and SRV, (z=3.03, p=0.01), planned comparison. No signif-

icant differences were found between F and HRV (z=-2.13,

p=0.08) or between SRV and F (z=0.93, p=0.63) (Figure 5,

left). Furthermore, participants showed a higher degree of

spontaneous attentional following in the HRV condition,

relative to the other conditions: analyses on lateral fixa-

tions recorded after the robot head movement revealed a

significant main effect of rFD on the horizontal vector of

the first fixation location (F=4.41, p=0.01). Planned com-

parisons revealed a significant difference between F and

HRV condition (t=-2.81, p=0.01). Amarginal differencewas

found between HRV and SRV condition (t=2.24, p=0.07),

while no differences were found between F and SRV

(t=-0.58, p=0.83) (Figure 5, right).

3.2.2 Fixed-behavior condition (F)

Interestingly, also the fixed behavior condition elicited

distinctive gaze patterns, compared to other conditions,

which was also – similarly to the HRV condition – not
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in line with the subjective ratings. Specifically, we found

that participants’ gaze was directed toward the eye re-

gion significantlymore (in terms of dwell times) during the

Fixed-behavior condition, than during the other two con-

ditions, as evidenced by a main effect of rTT on partici-

pants’ proportion of dwell times on the eye region of the

iCub (F=4.01, p=0.02), and the significant differences be-

tween SRV (z=2.48, p=0.04) and HRV (z=2.43, p=0.04) con-

ditions (Figure 6, left). Analyses did not reveal any effects

of rFD on eye region dwell time or of either TT or FD on

the dwell time on the whole face. Furthermore, a signifi-

cant main effect of rTT was found on the number of fixa-

tions that occurred in the eye region (F=4.46, p=0.01). In

the Fixed-behavior condition, the number of fixations was

larger than in the HRV condition (z=2.96, p=0.01). No sig-

nificant differenceswere found between SRV and F (z=1.12,

p=0.50) or HRV and SRV (z=-1.82, p=0.16) (Figure 6, right).

3.2.3 Slow-range variable condition (SRV)

The slow-range variable condition elicited a distinctive

pattern only in the frequency of instances of attentional

following, and this is the only result from the implicit mea-

sures that follow the explicit subjective reports. The gen-

eralized linear model revealed a significant main effect

of rTT on the occurrence of spontaneous gaze following

(χ2 (2)=6.82, p=0.03). Specifically, planned comparisons

revealed a significant difference between SRV and HRV

(z=-2.46, p=0.04). No difference were found between F

and either HRV (z=0.48, p=0.88) and SRV (z=-1.97, p=0.11)

(Figure 7).

4 Discussion
The aim of our study was to examine how various pa-

rameters of humanoid eye movements affect the subjec-

tive impressionof human-likeness andattentional engage-

ment, measured with implicit objective measures (eye-

tracking). We manipulated the behavior of the iCub hu-

manoid to display either fixed patterns (fixed trajectory

times and fixed fixation durations) or variable trajectory

times and fixation durations with a human-range variabil-

ity (HRV) or a slow-range variability (SRV). Our results

showed that the SRV elicited the highest degree of human-

like impression, as reported in subjective ratings. Inter-

estingly, when asked to elaborate on their choices, 59%

of our sample reported that the “slower” behavior show-

ing variability seemed to be more natural than the oth-

Figure 5: Fixation patterns across the study. Predicted values are

plotted on the y-axes in order to facilitate the interpretation of re-

sults. Vertical bars denote +/- 1 standard error. Horizontal bars de-

note differences surviving post hoc comparison. Figure on the left

shows Robot’s Trajectory Time (rTT) main effect on participants’ fix-

ation duration (F: Mean=439ms, S.D.=309ms; HRV: Mean=460ms.,

S.D.=321ms; SRV: Mean=428ms, S.D.=275ms). Log-transformed (Ln)

predicted values are plotted on the y-axis in order to facilitate the

interpretation of results. Figure on the right shows Robot’s Fixation

Duration (rFD) main effects on the absolute horizontal vector of the

first fixation. (F: Mean=2.6°, S.D.=1.8°; HRV: Mean=4.2°., S.D.=3.0°;

SRV: Mean=3.8°, S.D.=2.4°). Location was estimated as the distance

from the center of the iCub face. Predicted Blom inverse normal trans-

formed values (INT) are plotted on the y-axis in order to facilitate the

interpretation of results.

Figure6:Fixationpatterns across the study. Predicted values areplot-
ted on the y-axes in order to facilitate the interpretation of results. Ver-

tical bars denote +/- 1 standard error. Horizontal bars denote differ-

ences surviving post hoc comparison. Figure on the left shows trajec-

tory Time (rTT) main effect on participants’ proportional dwell time

(eye region) (F: Mean=0.82, S.D.=0.27; HRV: Mean=0.80., S.D.=0.29;

SRV: Mean=0.80, S.D.=0.28). Normalized predicted values of dwell

time are plotted on the y-axis in order to facilitate the interpretation

of results. Figure on the right shows trajectory Time (rTT) main ef-

fects on participants’ amount of fixations (F: Mean=20.41, S.D.=9.89;

HRV: Mean=19.51, S.D.=10.11; SRV: Mean=20.03, S.D.=9.83). Predicted

values of fixation count are plotted on the y-axis in order to facilitate

the interpretation of results. Vertical bars denote +/- 1 standard error.

Horizontal bars denote differences surviving post hoc comparison.
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Figure 7: Spontaneous gaze following of participants during the

study. Robot Trajectory Time (rTT) main effect on participants’ on the

proportion of participants’ occurrence of gaze following behavior (F:

35.7% of total F events, HRV: 35.7% of total HRV events, SRV: 39.6%

of total SRV events). Logit transformed predicted proportion is plot-

ted on the y-axis. Vertical bars denote +/- 1 standard error. Horizontal

bars denote differences surviving post hoc comparison.

ers were. Some of them reported that this specific behav-

ior seemed to be fluid, while the “faster” behavior seemed

“glitchy”. We speculate that when humans approach a

robot, they automatically adopt most available strategies

to interpret and predict robot behavior (see [22] for a more

elaborate argumentation along these lines). These strate-

gies might be influenced by prior assumptions, knowl-

edge¹, expectations (all not necessarily realistic) that par-

ticipants have regarding how a human-like behavior looks

like. Importantly for the purposes of our study, the im-

plicit objective measures showed a different, more infor-

mative, pattern. The eye-tracking data indicated that HRV

attracted more attention and evoked more attentional en-

gagement, as evidenced by longer fixation durations on

the eye region in this condition, compared to the SRV

condition. Furthermore, the human-range variability af-

fected joint attention, as participants showed a larger de-

gree of following iCub’s directional cues (further location

of a lateral fixation elicited by the iCub’s headmovement),

as compared to the other conditions. These results show

that participants’ implicit (perhaps more automatic) at-

tentional mechanisms became (socially) attuned with the

robot behavior when it displayed human-range variability

and that this kind of behavior elicits more attentional en-

gagement. On the other hand, the fixed, repetitive, “me-

chanical” behavior of the robot, although also showed a

divergent pattern of results than the explicit subjective

1 Our participants’ education, for example, negatively correlated

with the ratings, suggesting that themore a personmight be informed

about technology, science or research, the more s/he avoids attribut-

ing high human-likeness toward an artificial agent (r=-0.35, p=0.04).

measures, affected the cognitive mechanisms of partici-

pants in a different way than the HRV condition. Specif-

ically, it induced a larger number of fixations and visits

(proportional dwell times), as compared to the other con-

ditions. This might indicate that participants “scanned”

iCub’s face more (showed a higher number but shorter fix-

ations) in the mechanistic condition, perhaps because the

brain perceived it as unnatural and unfamiliar behavior.

This is in line with literature investigating immediateness

of biological motion recognition, and suggests the exis-

tence of low-level processes that we use to discriminate

biological and non-biological motion [23]. We speculate

that humans require a higher amount of fixations to scan

an agent displaying unnatural behaviors, while fewer fix-

ations are needed when the behavior is biologically plau-

sible. Finally, the pattern of results observed in the subjec-

tive ratings was paralleled by only one implicit measure,

namely the proportion of instances of attentional follow-

ing (Figure 7). This indicates that perhaps the general fre-

quency of attentional followingwasdetected at thehigher-

level of cognitive processes, while other,more implicit and

subtle cognitive mechanisms were not. This speculation is

based on the following reasoning: explicit measures pin-

point cognitive processes that are accessible to conscious

awareness, hence they are higher-level than those that

can be captured by implicit measures. In our study, par-

ticipants reported that the SRV condition appeared most

human-like. This might have been a consequence of de-

tecting that at a lower level of processing, they followed

the head movements of the robot more when it displayed

a slower range of eye movements, relative to faster ranges.

In contrast, the other measures (i.e. fixation duration, pre-

dicted fixation location, Figure 5) – although clearmarkers

of attentional engagement–were too low-level to reach the

conscious (and thereby reportable) level of processing. An

alternative explanationmight be that at the higher-level of

processing, participants’ responses were prone to various

biases, such as assumptions regarding what constitutes

a “human-like” behavior or expectations related to robot

behavior. Those biases might have affected conscious re-

ports. As a consequence, the frequency of following the

head movements of the robot (Figure 7) was influenced

by those higher-level biases, which would be in line with

previous literature on top-down biases in attentional fol-

lowing [24–26]. Interestingly, the other mechanisms of at-

tentional engagement (reflected by fixation durations and

range of following) were not prone to top-down biases, as

theywere presumably at amuch lower-level of processing.

Overall, our results show that explicit subjective reports

alone do not provide a comprehensive picture of cogni-

tive mechanisms evoked by observation of (or interaction
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with) a robot. Objective measures are necessary to com-

plement subjective reports by addressing specific, and of-

ten low-level implicit cognitive processes, an argument put

forward in previous literature, due to a dissociation that

has been observed between explicit and implicit measures

[27]. Related to robot implementations directly, the differ-

ences we found in human attentional engagement, as well

as a subjective impressions evoked by superficially simi-

larly looking conditions hint, suggests that users’ interac-

tionwith a robot can be qualitatively affected by subtle dif-

ferences in its behavioral design. This will be investigated

further in our future work. Our findings suggest different

strategies to use for the iCub’ gaze controller depending on

the type of interaction the scenario requires to establish

with the user. TE values between 300-500 ms may evoke

the impression of more ’naturalness’ in the robot’s move-

ments. Faster eye movements may appear less smooth (TE

values below 300 ms), but if they involve human-range

variability (100-300 ms), they should evoke higher atten-

tional engagement. In this context, the TE default value

(TE = 250 ms) could be reconsidered to be increased. Im-

portantly, the variability of TE values among different fix-

ations is a parameter which should certainly be consid-

ered in robot behavioral design. Our results showed that

added variability induces a higher impression of human-

likeness, and is more attentionally engaging. A human-

like range of trajectory time elicits most attentional en-

gagement, and attunement in the form of spontaneous

joint attention.

5 Conclusions
In summary, our results confirmed that both implicit and

explicit measures need to be taken into account when

evaluating the user’s reception of a robot behavioral

design. Our data show that at the level of conscious sub-

jective impressions, the variability of behavior (trajectory

times in the case of our experiment) creates the most

human-like impression. Fixed-time mechanistic trajec-

tories do not only appear as least human-like, but they

also induce fragmented, scattered and short “glimpses”,

which might have a distracting effect on the user and

impair smoothness of interaction. Finally, variable robot

behavior with human-range of trajectory times attracts

attentional focus most, and thereby is most engaging,

even though this might not reflect in subjective conscious

impressions. Throughout the present study, we proposed

an approach that uses research methods from cognitive

psychology to test engineering parameters. Combining

such approaches is beneficial for the future of both dis-

ciplines, by facilitating the interaction between humans

and artificial agents and by improving our knowledge

about ourselves.
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