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Human-Like Robot Action Policy Through
Game-Theoretic Intent Inference for Human—Robot
Collaboration

Yubo Sheng
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Abstract—Harmonious human-robot collaboration requires the
robot to behave like a human partner, which raises the critical
question of what factors make the robot do so. This article proposes
a series of policies based on empathetic and nonempathetic intent
inference, proactive and reactive action planning, and ego and
nonego action styles to examine, which modules enable robots to
exhibit human-like behaviors. Two series of experiments are con-
ducted with human subjects to test the performance of the proposed
controllers. In Experiment 1, the participant must identify whether
the collaborating partner is a human, similar to a turing test. The
classification results empirically verify that the designed empa-
thetic proactive policies enable the robot to exhibit human-like
behaviors. Experiment 2 indicates that the proposed policy can be
applied to complex collaborative tasks, and this result is consistent
with the findings of Experiment 1. From empirical evidence from
the experiments, we believe that empathy and proactive policies are
essential elements to enable robots to perform human-like actions.

Index Terms—Cognitive human-robot interaction, cooperating
robots, human factors and human-in-the-loop, physical human—
robot interaction.

NOMENCLATURE
RE Reactive ego.
RNE Reactive nonego.
PE Proactive ego.
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PNE Proactive nonego.

HH Human-human.

RCAH Robot is classified as the human.
RCAR Robot is classified as the robot.
HCAH Human is classified as the human.
HCAR Human is classified as the robot.

I. INTRODUCTION

OBOTICS has been widely applied in various fields such
Ras medical [1], industrial [2], and intelligent vehicles
sectors [3] in recent years. Since fully autonomous robots re-
main impractical in many scenarios, human-robot collaboration
(HRC), which combines the capabilities of both humans and
robots, is essential [4]. HRC requires the robot and the human
agents to collaborate as a team toward a common goal [5].
Research suggests that the performance of the collaboration
improves when robots exhibit human-like behaviors [6], [7].
Therefore, many researchers devote efforts to making the robot
behave like a human [8], [9] to achieve seamless HRC.

Research on human—human collaboration (HHC) suggests
that the ability to understand the intent of the partner is a
basic component of successful collaboration [10]. Hence, it is
critical for the robot agent to incorporate the human’s intent,
which is inferred from prior observations, into planning its
future actions properly [11]. Intent in collaborative robotics
usually includes the goal of the agent or the latent parameter,
which can be encoded as preferences that induce different ac-
tion trajectories [12], [13], [14]. The machine theory of mind
(ToM) discusses the capability of the agent to infer the other’s
intent [15]. First-order machine ToM enables the robot to infer
human intent based on observations, while second-order ma-
chine ToM allows the robot to take the human’s perspective
and infer the human’s understanding of the robot’s intent [16].
However, intent inference is challenging because collaborating
agents are generally unaware of each other’s intent, making it a
double-blind problem.

The study on a distributed multiagent collaborating system
with double-blind intents indicates that adopting a second-order
machine ToM mechanism, which allows all agents to take into
account others’ potential misunderstanding of their intents dur-
ing intent inference, can significantly improve the convergence
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of parameter estimation, while the first-order machine ToM
inference mechanism would cause the system unstable [13].
Therefore, the robot needs to empathize with the human’s per-
spective: they are unaware of the true intent of the robot and are
trying to infer it. By adopting this perspective to infer intent, the
robot becomes a more sophisticated and proactive system [17].

This article aims to design a control policy that enables the
robot to perform human-like actions in real-time in an HRC
scenario with double-blind intents and achieve effective collab-
oration. In this scenario, the goal of the task is clearly defined,
but the agents are unaware of each other’s action preferences.
Therefore, agents need to infer the preferences of collaborat-
ing partners so that they can adapt to each other’s actions for
task completion. Psychological research has shown that human
action tendencies in most scenarios can be categorized into
two types: the approach tendency, which drives individuals
to actively pursue a goal, and the avoidance tendency, which
enables individuals to evade potentially negative outcomes [18].
Accordingly, this article translates this dual tendency into two
action preferences to capture the agent’s behavior in the HRC
scenario: the active preference, which drives the agent to actively
advance the task, and the cautious preference, which encour-
ages the agent to avoid actions that could negatively impact
collaboration.

This article presents an empathetic intent inference archi-
tecture that utilizes observed human actions to infer human
intent based on the second-order machine ToM. The proposed
method combines a game theory-based intent-action model with
Bayesian prediction, enabling the robot agent to infer the human
agent’s intent by estimating the human’s understanding of the
robot’s intent. As a result, the probability distributions of the
human’s intent and the human’s expectation of the robot’s intent
can be obtained.

Based on the inference results, two robot controllers, referred
to as reactive and proactive policies, are designed accordingly.
The reactive policy directly utilizes the results of the inference
to plan the robot’s actions as similar to [16], while the proactive
policy takes into account the human’s dependency on the robot’s
next action when planning the robot’s actions. In addition, we
notice that few studies have discussed whether a robot should
be an ego agent. Therefore, we design not only the ego robot
employed in [17], but also a nonego robot for each strategy.
The performance of the ego robot and the nonego robot is
compared through experiments. In collaboration, the ego robot
takes actions with a fixed preset intent, whereas the nonego robot
adjusts its intent based on the inference outcome.

Two series of human subjects experiments are conducted to
evaluate the feasibility of the proposed method. Quantitative
metrics are defined to validate the effectiveness of the proposed
policies. Several studies comprehensively assess the perfor-
mance of the methods designed for the collaborative agent by
investigating user evaluation through subjective metrics [19],
[20], [21]. Therefore, subjective metrics are adopted to measure
the subjective evaluation of the designed policies.

In Experiment 1, participants are required to identify whether
their collaboration partners are humans or robots, similar to

a turing test. The results of the partner classification empir-
ically demonstrate that the proposed PNE method can make
the robot’s behavior align with the human behavioral patterns
in the participants’ cognition. The quantitative results indicate
that the proposed PNE policy can achieve well-performed HRC.
The subjective results show that the designed strategy can
enable a good user evaluation. To provide some insights into
HRC, synthesis metrics are derived from the classification re-
sults to identify the behavioral characteristics that could lead
users to perceive their collaboration partner as human.

The role of an agent represents a behavioral pattern that nat-
urally emerges during collaboration [21]. As suggested in [22],
role can be categorized as leader and follower, where the leader
puts more effort into performing the task than the one as a
follower. Inspired by prior work, Experiment 1 employs role
as a metric to investigate the behavioral patterns of agents under
different collaborative conditions. We define the role index based
on the recorded actions of agents and analyze the role exchanges
during the collaborative process.

An important application scenario of collaborative robots is
robot-assisted surgeries, which aim to enhance surgical precision
and dexterity and reduce surgeons’ workload [23], [24]. For
a surgical robot, recognizing the surgeon’s intent to execute
the correct actions is critical for ensuring the success of the
surgery [11]. Soft tissue manipulation is a common yet chal-
lenging task in surgical procedures [24]. Therefore, Experiment
2 investigates whether the robot can collaborate with the opera-
tor using the proposed policy to improve tissue manipulation
performance while ensuring a good subjective evaluation. A
virtual environment is designed to simulate the surgical scenario
for this purpose. The experimental results demonstrate that the
proposed policy improves the performance of goal tracking in
the indirect simultaneous positioning task for soft tissue. A
combined analysis of quantitative and subjective evaluations in-
dicates that the proposed PNE strategy enables a more accurate,
effortless, and satisfying collaboration than the nonempathetic
ego baseline strategy. These findings validate the potential of the
proposed method for application in a complicated collaborative
task.

The main contributions of this article can be summarized as
follows.

1) An empathetic intent inference framework is developed
using a game theory-based human-robot collaborative
model to address the double-blind issue.

2) APNE action policy is proposed to implement human-like
actions, validated through human subjects experiments.

3) Key characteristics that could contribute to the robot
agent being subjectively perceived as human are identified
through synthesized results.

4) The designed PNE policy is shown to enable effective
HRC and handle a complex collaborative task.

The rest of this article is organized as follows. Section II
provides an overview of the related works. Section III intro-
duces the empathetic intent inference method and the robot
action planning policies in the discussed scenario. Section IV
details the human subjects experiment setup. Section V presents
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the experimental results, and discusses the findings. Finally,
Section VI concludes this article.

II. RELATED WORK

A. Intent Inference in HRC

Diverse methods based on the first-order ToM have been ap-
plied to the intent inference in HRC. Various bioelectric signals
generated by the human body, such as electroencephalogram and
electromyogram, have been widely used for intent prediction
in HRC [25], [26]. These acquired signals can be classified
into different human action preferences using signal process-
ing methods such as support vector machine [27] and neural
network [28]. Observed human actions also serve as implicit
indicators of human intents [29]. Hidden Markov model and
partially observable Markov decision process model are often
applied to model human intent based on past actions of both
agents [11], [12]. Predicted human intent can be obtained by
calculating the Markov model’s transfer and observation proba-
bility matrices. Similarly, Bayesian prediction has been widely
used in tasks where observed human actions are utilized to infer
human intent [29], [30], [31]. Moreover, the data-driven intent
and action prediction approaches, e.g., based on deep neural
networks [32], [33] also provide promising solutions. Besides,
game-theoretic models have garnered much interest in describ-
ing interactive behaviors between robot and human agents in
collaborative tasks with incomplete information [34], [35]. In
game theory, the high-level intents and low-level actions can be
formulated as the cost functions of the agents [13]. Pezeshki
et al. [36] modeled the assist-as-needed robotic rehabilitation as
a nonzero-sum game.

Recent works begin to design more sophisticated intent infer-
ence frameworks based on the second-order ToM. The “blame
all” strategy presented in [13] has been proven to make the
multiagent system stable. However, the constraints set during
the proof limit the complexity of the system. In a two-agent
interaction scenario, Sun et al. [37] considered the impact of the
robot’s future actions in inferring human actions. However, the
inference was based on the assumption that the human was clear
about what actions the robot would take. The game-theoretic
method in [17] enabled a courteous driving policy during vehicle
interactions through an empathetic intent inference algorithm
where the intents of both agents were jointly inferred. However,
this method was only validated by simulating the human as a
rational agent.

B. Control Policy Enabling Human-Like Behaviors

Recent work has incorporated human-like elements into the
robot’s body motion planning to improve the recognizability
of robot behavior [38], [39]. A common technique relies upon
empirical criteria extracted from the recorded human motion
data. For instance, Lauretti et al. [40] used joint characteristics
and human pose-to-target relationships in Cartesian space to
compute a compatible desired trajectory for the robot. Alterna-
tively, based on biomarkers and physical laws extracted from
captured human motion, such as elbow elevation [41] and wrist

position [42], biomimetics has been used to enable the robot to
mimic the arm trajectories. To get rid of the dependence on large
quantities of data, Micheal et al. [8] proposed an algorithm to
automatically synthesize human-like variants of input motions,
improving the clarity of the social robot’s motions.

The goal of this article is to enable the robot to exhibit
human-like behavioral characteristics in joint actions, even when
a human collaborator has difficulty observing the robot’s body
motion. For example, in collaborative transport of a large,
elongated object to a desired position, the robot’s body motion
may be obscured. Nevertheless, the robot can still enhance the
human’s understanding of its actions through human-like behav-
ioral characteristics, such as the coordination ability to keep the
ends of the object aligned and the magnitude of the force exerted
on the object, to achieve successful collaboration. Therefore, we
focus mainly on the robot’s action decision-making policy rather
than motion planning. Behavior cloning based on imitation
learning is a promising approach for replicating human-like
behavior [43], [44]. However, learning-based decision-making
methods remain constrained by dataset quality and require fur-
ther improvement [9], [44].

Decision-making algorithms that generate human-like actions
take into account human action characteristics and styles [45],
[46]. Jiang et al. [47] incorporated the psychological factors
influencing human decision-making to enable the robot to make
decisions in a human-like manner. In [9], human preferences for
safety, comfort, and efficiency were incorporated in designing
the robot’s action strategy. Compared to these studies, this article
empirically validates that the proposed policy can lead users
to perceive the robot’s behavior as human-like through human
subjects experiments. In addition, we identify key characteristics
of human-like behaviors that could align with user knowledge.

[II. METHODOLOGY

This section presents an approach based on a game-theoretic
model, enabling the robot to infer human intent for the scenario
in which two agents have to accomplish a task by collaborating.
Then, the robot action controllers are designed using the infer-
ence results. The robot’s decision-making process is depicted in
Fig. 1.

A. Task Scenario

Fig. 2 shows the task scenario where a human and a robot try
to achieve a common goal 240, in a task space (e.g., moving an
object) with state x € R™. The dynamics of the system in the
discrete-time domain are presented as

w(k+1) = f(z(k), un(k), ur(k)) (M

where x(k 4+ 1) € R™ is the system state at time step k + 1.
Both agents can observe the state and apply different inputs
to the object. Equation (1) indicates that the inputs of both
agents jointly determine the state of the object, necessitating
collaboration to accomplish the task.

Let the human and the robot be denoted as agent i and
agent 7, respectively. The candidate action u; € R! of agent
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Policy

Fig. 1. Diagram illustrates the decision-making process. The robot infers
the human’s intent empathetically according to the estimation of the human’s
understanding of the robot’s intent. The robot takes actions according to the
inference results.

N Goal .
uy (k) un (k)
At
Task Space

w(k + 1) = f(w(k)a uh(k)v ur(k))

Robot Agent Human Agent

Fig. 2. Human-robot collaborative task is set up.

i € {h,r} is selected from a finite set U;, which is specified
asU; = { RIS u(.”)}.

B. Model of HRC: A Game-Theoretic Approach Based on
Nash Equilibrium

The collaboration model is formulated as a noncooperative
two-player nonzero-sum game. When both agents know each
other’s intent, their optimal actions based on the Nash equilib-
rium are computed.

1) Cost Functions: The cost function of agent ¢ should con-
sist of two parts: the cumulative sum of the payoff of approaching
the goal and the cost of actions, which is expressed in a finite
horizon quadratic form as follows [48]:

H-1
Ch="> (& (k+n)Qni(k+n)+0yuj (k+n)up(k+n))
n=0

@)

H-1
Cr= (@7 (k4+n)Q, 2 (k4+n)+0,ul (k+n)u,(k+n))
n=0
3)
where Z(k) = (k) — 2gou is the error between the current and

target states of the object. H € NT represents the control horizon
of the system. (); € R™*"™ isaconstant weighting matrix, which
penalizes the error between the current and target states of the
object. §; € R is an intent parameter, which represents the
preference in executing the action for each agent. The sequence
of u; in the control horizon is defined as the action trajectory
(k) = {ui(k),u;(k+1),...,u;(k+ H —1)}. When neces-
sary, the dependence of the variables on time step £ will be
omitted for brevity.

2) Nash Equilibrium Sets: The set of Nash equilibrium so-
lutions based on the joint intent (6, 6,.) at time & is defined as
Q(0y,0,, k) ={(&;, &)} According to the definition in [49],
each element of Q is a pair of action sequences from both agents,
satisfying the following conditions:

& (k) = argminCy, (x(k), En(k), &.(), 0n) “4)

gh(k)GEh

& (k) = argminC,(x(k), &, (k), & (k), 0r) @)

&r(k)EE,

where =; is the set of permissible action sequences for the two
agents. The first element of each optimal trajectory &} (k)[0] is
selected as the agent’s current probable action. -[0] represents
the first element of the set. When both agents have full knowl-
edge of each other’s intents, they take actions according to (4)
and (5).

C. HRC With Unknown Intent

In practice, neither the robot nor the human knows the intent
of the other, rendering the Nash equilibrium solution derived in
the previous section inapplicable. Therefore, the agent needs to
infer the partner’s intent to take actions. From the perspective of
the robot, the solutions in (4) and (5) can be rewritten as

&, (k) = argminCy (x(k), & (k), & (k), On) (6)

gh(k})GEh

& (k) = arg minC, (z(k),
&r(k)EE,

E (k), &0 (), 6,) )

where éh represents the robot’s inference of human intent, and
é;i (k) is the human’s planned action inferred by the robot. From
(6) and (7), it is worth noting that the robot needs to derive
the Nash equilibrium set from the human agent’s perspective,
which means the robot should empathetically understand how
the human perceives its intent in order to infer the human’s
intent. Since the human is unaware of the robot’s intent and the
planned action, 6,. and &, are modified to ,. and £, respectively,
to represent the robot’s empathetical inference of the human’s
inference of the robot’s intent and the planned action. In addition,
Q(, 0, k) is rewritten as Q(0y,, 0, k) = {(é;, £9)} to denote
the Nash equilibrium set after the robot takes the perspective of
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the human. Hence, the modified Nash equilibrium satisfies

€.(k) = argminGi (a(k), (k). & (). 0n) @)

& (k) = arg minG, ((k), & (k), & (k),0,). (9
&r(k)EE,
To avoid an infinite iteration of the inference process, the robot
operates under the following assumptions.
Assumption 1: The human selects actions uniformly from
Q(6, 0., k). This implies that from the robot’s perspective, the
human’s actions follow the probability function:

1
"]

& € (€n, &) and (€4, E,) € Q(0h, 0, k)

where | - | is the cardinality of a set.

Assumption 2: The human also assumes that the robot takes
actions according to the same policy in (10).

Assumption 3: During collaboration, the two agents infer
each other’s intents at time k by observing each other’s actions
at time k£ — 1.

(é-ha 9h7 97‘7 k

(10)

D. Inference of Intent and Action

As the following equation shows, the inference problem is
solved by identifying combinations of human and robot intents
such that the inferred action sequence of the human attime k£ — 1,
denoted as &, (k — 1), should align its first element (denoted
as Uy (k — 1)) with the observed human actions at time k — 1
(denoted as uy (k — 1)). In other words, the robot’s inferred es-
timation of what the human could have done should correspond
to the human’s actual actions

min_|[a,(k — 1) —up(k —1)[3

(éh:er)
st dy = &[0] and (&,,6.) € Q(0h, 0,k —1).  (11)

As mentioned in Section I, the action preferences of both agents
in the collaboration are categorized into two types, implying
that the intent set © is finite. The joint intent space © x ©
is used to describe combinations of the human and robot’s
intents. Since both © and = are finite, the combinations of
inferred intents that satisfy (11) can be obtained by enumerating
over © x ©. The result of the enumeration is denoted as a set
S(k) = {(0;,0:),})_,. Since each combination of intents is
independent of the others, equal probability mass (1/N) is as-
signed to each element of S (k) as follows in order to quantify the
uncertainty of the inference results and integrate the uncertainty
into action planning

o L it (6,,6,) € Sk
p(ehﬁr;km{N i (O br) & 5K) (12)

0, otherwise.

Equation (12) shows the computation of the empirical joint
distribution p(0y,, 6,; k) defined on © x O. In addition, the
marginal distributions p(6,; k) and p(6,.; k) defined on © can

OR HUMAN-ROBOT COLLABORATION
ienna, Austria. Cite as T-RO pap

be obtained as follows:

p(On;k) = > plbn,0,: k) (13)
0,0

pOr;k) = > p(On, 0,5 k). (14)
éhe@

Equation (13) is the distribution of the robot’s inference of the
human intent, while (14) represents the distribution of the robot’s
estimation of the intent that the human thinks the robot should
have.

From (10), each combination of intents (6;,6*) € S(k)
can derive a conditional distribution of human actions

(5}“ 9;‘1, 9,*, k) from the Nash equilibrium solution set
Q(GZ, 07, k). Then, the marginal distribution p(&,; k) can be
calculated based on p(&x; 05,0, k) and p(dy,; k). Similarly,
the marginal distribution p(g}; k) can be obtained. However,
the p(&,; k) is not the probability according to which the robot
will take actions, it only represents the robot’s inference of what
the human estimates the robot would do.

Itis worth noting that the agent with different intents may take
the same action u;(7) at time 7, so using previous observations
enables a more rigorous inference about the intent. Equation
(11) can be rewritten as the following:

min Z [|[Gn (7

{ér(T)}f— 1110h _

s.t. iy = Eh[O] and (fh,&«) € Q(Gh, QT(T),T).

As amatter of fact, the solution of (15), represented by S (k),can
be found recursively based on the solution of (11). Specifically,
let an inferred intent ), exist in both S(k — 1) and S(k). The
solutions in S(k — 1) that contain 0, can be written as (a, 0),),
where a = [ay,...,ar_1] € A C ©F 1 is a sequence of robot’s
intents. In the same way, the solutions in S(k) that contains 0,
can be written as (b, 6 ), where b is a robot’s intent. Appending
b to the array a yields [a, b]. Then, ([a, b],0),) is a solution of
(15) for all a € A and b € 5. Following this property, it can
be obtained that p(; k) o p(0n; k — 1)p(0n; k). If the inferred
intent 6, does not exist in S(k — 1) or S(k), it will not exist
in S(k) and its deduced probability mass in p(6y; k) will be
zero. The update of ﬁ(éh; k) leads to the updates of the joint
probability p(éh, 0, k) and the marginal probability p(éh; k),
which are represented as [)(éh, 6, k) and ﬁ(é n; k), respectively.
Specifically, the updates of these distributions are as follows:

i)(éha ér? k‘) X p(é;“ ér? k)f)(éh; k)
k)= > p(&niOn. 0r,k)p(0r,0n: k).

(é;nér)E@X@

(M3

_uh

15)

(16)

E. Action Controller

This section introduces two robot action controllers that
leverage the result of the intent inference from Section III-D,
namely, the reactive and proactive controllers. In addition, each
controller is further divided into an ego robot controller and
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a nonego robot controller depending on whether the robot has
a fixed intent or not. Under the ego control policy, the robot
has a specific intent 6,., and the loss incurred from taking an
action depends solely on the robot itself. In contrast, when
the nonego control strategy is adopted, the robot becomes
more adaptable. Its intent varies according to its inference of
the human’s estimation of the robot’s intent 9~,«, i.e., the robot
takes into account the human’s expectations when evaluating
the loss from its action.

1) Reactive Controller: When the distribution of the hu-
man’s future actions ]‘)(fh; éh, k) is obtained, a reactive robot
plans its actions by minimizing the expected loss in a control
horizon. Two reactive controllers are then given, depending on
whether the robot is ego, as follows:

RE controller:

nin CFes(6) = By ey [Cr (6n.60067)] A7)

RNE controller:

En.éln CI‘E&C[IVC nonego (57‘)
rS=r

=E¢ pénih) > p(0,)C; (5“&“ )

0,0

(18)

As Z, is a finite set, the solutions of (17) and (18) can be found
by enumeration. The same logic applies to a proactive robot.

2) Proactive Controller: A proactive robot agent takes an
action by considering the dependency of the human’s action
on the robot’s next action. In detail, the robot computes the
conditional distribution ;ﬁ(é n; &y k) according to &, and ;ﬁ(éh; k),
with the assumption that the human will promptly respond to &,..
For this purpose, the robot is required to obtain the set of optimal
human actions for each §;, € © when & 1s given. This set is rep-
resented by Q9 (§,) = Ué}LGQQh(ST’ 0y) where Qy(&,.,0,) =
{é}*w é,*l = argming, c=, C(&n, &, éh)} Then, for every ele-
ment é;‘L € Qn(&), it can be obtained

P(On; k) fh € On(&r,0n))
Z |Qh(€779h)|

P& k) (19)

where 1(-) is an indicator function. For &, € 2,/ Qj, (&,.), we set
ﬁ(éh) 57‘7 k) =0.

Then two types of proactive robot controllers are formulated
according to whether the robot is ego

PE controller:

min Cproactlve egO(g )
r) -

&r€Er

Eéh’”ﬁ(éh%é,.,k) [Cr (fra éh, 0r):|
(20)
PNE controller:

gnéln CprOaCtIVS nonego (57’)

:Eéh"’ﬁ(éh;fr,k) Z (é) (57“75]7,7 ) 21)

0,0

Unity Scene
W

@ ' (®)

Fig. 3. Setup of Experiment 1. Human operators can push the object created
by the UNITY 3-D physics engine with different forces through the joysticks.
Two computers are used as intelligent robots. The operator needs to push the
object to the target position through HRC or HHC. (a) PC1 side. (b) PC2 side.

IV. EXPERIMENT

In this section, two Institutional Review Board (IRB)-
approved human subjects experiments are conducted to evaluate
the performance of the designed robot action control policies
in comparison to the HHC. Experiment 1 tests whether the
proposed policy enables the robot to be subjectively recognized
as a human through a collaborative scenario of moving an
object to the target position. Experiment 2 further explores the
potential applications by considering a surgical task that involves
manipulating soft tissue to the desired location.

A. PFarticipant Recruitment

A total of 28 participants (17 males and 11 females; age
range: 20-34 years) from different backgrounds took part in
Experiment 1; 16 participants (9 males and 7 females; age
range: 23-35 years) were recruited for Experiment 2. Except
for two left-handed participants in Experiment 2, all others were
right-handed. None of the participants had prior experience with
HRC or any disabilities. Furthermore, they were all unaware of
the experiment’s purpose beforehand. The study was supervised
by the IRB of the Ethics Committee of Tongji Medical College,
Huazhong University of Science and Technology with permis-
sion No. IORG0003571.

B. Experiment 1: Moving an Object

Experiment 1 follows a Turing test approach, where partic-
ipants are tasked with identifying unknown collaborative part-
ners. The classification results are used to determine whether
the designed robot agent is perceived as exhibiting human-like
action characteristics.

1) Hardware Setup: The framework of the Experiment 1 is
shown in Fig. 3. The object moving task is developed using
the UNITY 3-D Physics Engine. The top view of the scenario
is shown to the user. Two Extreme 3-D Pro joysticks serve as
human input devices, which are connected to two PCs through
two USB ports. The black coordinates are the reference coordi-
nates for the scenario. Each operator can only apply a force
perpendicular to one end of the object by manipulating the
joystick. The user needs to press the button on the joystick
to push one end of the object with different forces. The force
applied by the operator is displayed on the screen to facilitate
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action adjustments. The two PCs used in the experiment are
connected via a network cable for HHC, and each PC can also
independently play the role of an intelligent robot to push the
other end of the object in HRC. As shown in Fig. 3(a), the
operator in PC 1 pushes the right end of the object, while in
Fig. 3(b), the operator in PC 2 pushes the left. Both collaborative
platforms are implemented using the robot operating system
(ROS).

2) Parameter Setting: The mass of the object is set to m =
0.1417 kg. Its center of mass position is denoted by a vector
P = [Pa, Pyl T The velocity at the center of mass is represented as
v = [vg, vy]T. The object’s orientation and angular velocity are
expressed as w and &, respectively. Then, the state vector v € RS
of the system can be defined as = = [p,, py, Vs, vy, w, W]’ . The
initial state of the object is setas xo = [0, 1.5,0,0,0,0]7, witha
goal state of Zgou = [0,0,0,0,0,0]7. The finite set of candidate
actions is defined as U; = {—1.3,—1.0,—0.8,0,0.8,1.0, 1.3}.
The penalty matrix @; is denoted as diag(30, 60, 1, 1,3000, 1).
The intent set, which describes the action preference of the agent,
is set to ©; = {0.001,1}. When 6; = 0.001, the agent takes
active actions, which means that the agent tends to use maxi-
mum force and actively advance the task during collaboration.
Conversely, when 6; = 1, the agent acts cautiously, preferring
minimal force or inaction to avoid excessive movement that
could disrupt collaboration.

3) Experimental Tasks and Conditions: The main objective
of this experiment is to verify whether the designed PNE action
control policy enables the robot to behave like a human during
HRC and achieve a good collaboration effect. Specifically, it
is necessary to verify whether the robot’s behavior under the
PNE condition makes participants perceive their partner as
human-like and whether collaboration under the PNE condition
achieves better collaborative effectiveness compared to other
collaboration conditions.

To fulfill this objective, participants are required to adhere to
the following guidelines.

1) Push the object to the target position as accurately as

possible while collaborating with the unknown partner.

2) Coordinate actions with the partner to keep the ends of the

object aligned along the y-axis as much as possible while
moving it.

3) Avoid moving the object backward, even if the object

surpasses the target position.

4) Identify whether the collaborating partner is a human

agent or a robot agent after each trial.

5) Avoid talking to each other during the whole experiment.

We acknowledge the inherent challenge in distinguishing
between HRC and HHC in our experimental scenario. If a
simple control policy can already convince participants that the
robot behaves like a human, the classification results would lose
significance. To address this concern, we introduce a baseline
robot action control strategy to assess whether users can easily
identify it as a robot. The baseline imitates a specific type of
human behavior—applying greater force to the object when it
is far from the target position and stopping when the object is
very close to the target position. However, unlike humans, this
baseline robot follows a fixed action policy solely based on the

TABLE I
QUESTIONNAIRE 1 OF THE HUMAN SUBJECTS EXPERIMENTS FOR SUBJECTIVE
METRICS

Question
Please assess your partner’s performance.
Please assess your performance.
Please assess the goal-tracking
achieved in this collaboration.
Do you think your collaborating partner is
a human or a robot?

Partner-rating
Self-rating
Overall-rating error

Classification

state of the object, without considering the action or intent of
the human agent.

Participants collaborate with five different robot agents, each
employing a distinct control strategy: RE, PE, RNE, PNE, and
a baseline control strategy. In addition, participants are required
to complete the task under an HH experimental condition. The
ego robot agents are designed to perform the task actively, with
their intent set to 6, = 0.001.

4) Procedure: Upon arrival at the experimental site, partici-
pants first completed the consent form. Then, the staff demon-
strated how to operate the joystick to push the object in the virtual
scenario. Participants were divided into 14 pairs, and each pair
was given a 5-min practice session before the experiment to
become familiar with the collaborative process by collaborating
with both human partners and robot agents.

During the experiment, two participants sat separately to
prevent them from seeing each other’s screens and motions.
Each participant completed a total of 35 trials (5 trials for each
HRC condition and 10 trials for the HHC condition). The trial
conditions were randomly assigned by the staff and were not
disclosed to participants. In the HRC conditions, each of the two
participants collaborated with the robot agent on their respective
PCs. In the HH condition, the screen of PC 2 was switched
to display the content of PC 1. Human actions in PC 2 were
transmitted via the internet cable to PC 1 and applied to the left
end of the object. The screens of the two PCs displayed the same
content to prevent participants at PC 2 from noticing the screen
switch.

Participants were required to start the trial together and to
complete the experiment within 1 min. Each participant was
accompanied by a staff. To conclude a trial, participants assessed
the object’s position on the screen and released the joystick
to stop the action. In the HRC conditions, completion times
could vary significantly between participants. To prevent un-
intended partner identification, participants were required to
remain seated quietly for the full one-minute duration, avoiding
any sounds or movements that could indicate whether their
partner was a human or a robot. When the time was up, the trial
was concluded regardless of the completion status. After each
trial, participants filled out Questionnaire 1 (shown in Table I)
and exited the experimental area together until the researchers
set up the experimental condition for the next trial.

Questionnaire 1 is used to collect participants’ subjective
evaluations of each experimental condition. The “partner-rating”
item is used to measure the participant’s satisfaction with the
unknown collaborative partner. The “self-rating” item is used
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to assess participants’ satisfaction with their own operations.
The “overall-rating” item is used to evaluate how much the
goal-tracking accuracy of each trial meets the participant’s ex-
pectations. Participants were required to rate the above items
on a scale from 0 to 10, allowing up to one decimal place. The
“classification” item is used to examine whether participants can
accurately distinguish between human and robot collaborators.

5) Metrics: Quantitative metrics: Quantitative metrics com-
pare the effects of HRC with that of HHC through the data
recorded in the human subjects experiments and compare the
performance of different robot control strategies.

Timestamps are recorded for each trial. The completion time
of each trial is measured as follows:

T = tend

where g, is the timestamp when one of the participants starts
to take actions and t,q is the timestamp when both participants
stop taking actions.

The metric measures the goal-tracking error for each trial
using the following equation:

(22)

- tstarl

C= ”xend - xgoa]” (23)

where x.,q € RS is the state of the object when the trial is
concluded. The smaller C is, the closer the object is to the target
position.

The coordination of actions between two agents is measured
with an alignment metric

_ o lw(®)]
H = ko#

where L represents the length of each trial. The better the
coordination between the agents is, the more aligned the ends
of the object will remain during movement, leading to a
smaller H.

The number of times the human agents adjust their actions
during the collaboration is counted according to the following
equation in order to analyze the efforts of the human agents
to adapt to their collaborating partners’ actions in the different
experimental conditions

L-1
N = c(k)
k=0
C(k):{1 it Jun(k+1) —up(k)| >0

(24)

. (25)
0 otherwise.

In the HH condition, V is calculated as the mean of the number
of times both human agents adjust their actions. The smaller
N reveals that it is easier for the human agent to adapt to the
partner’s action.

In the experimental scenario, the collaborators need to work
together to push the object to the goal. In each trial, the object
moves at a low speed, and the desired displacement of the
object remains constant. In addition, the action candidates set
outlined in Section IV-B2 ensures no significant disparity in the
magnitude of forces available to the collaborators. Therefore, it
can be approximated that the two agents perform equal work to

complete the task each time. The sum of the power of the two
agents during the collaboration process is calculated to evaluate
work efficiency

iz [t () + wrign (k)| v,
T
where wieri (k) and wign (k) are the forces exerted by the two
agents on the left and right ends of the object, respectively. The
larger the P is, the more efficiently the task is accomplished.
In addition, a metric denoting the agent’s role at the left end
of the object is formulated as follows:

|tiese (F)| — [urigni (k)| > 0
0 elseif |uleft(k‘)\ — |urigh[(k)| <0

(k)cos(w(k))

P (26)

1 if

aiere (k) = (27)

e (k — 1) otherwise.

When aje (k) = 1, the left agent is the leader, whereas when
auere (k) = 0, the left agent is the follower. The role of the right
agent is denoted as cuign, Which can be calculated in the same
way as (27). Within the same trial, auigne + e = 1, indicating
that when the left agent acts as the leader, the right agent assumes
the follower role.

The proportion of time that the agent acts as the leader in
the entire trial is represented as pieaq. According to the location
of the agent, pieyq is divided into plef; and pf=Y, which can be
calculated as follows:

c
left > k=0 et (k)

= 28
Pleader = r ( )

right 1— left
leader — leader*

(29)

Pread denotes the general role of the agent. Inspired by informa-
tion entropy [50], the frequency of role exchanges between the
two agents throughout the collaborative process under different
experimental conditions is analyzed as follows:

left

Jefi ht
&=— (plgalder 10g Pieader + pleader log pi-;ider) . (30)

A smaller £ indicates a lower frequency of role exchanges.

Subjective metrics: Subjective metrics analyze participants’
satisfaction with their collaborating partners, their own perfor-
mance, and task completion across experimental conditions by
calculating the average ratings for items in Table I. Furthermore,
participants’ classifications of collaborating partners are tallied
to determine, which action control policy is most likely to be
perceived as human.

Synthesized metrics: The agent’s classification of the collab-
orating partner results in four categories: “RCAH,” “RCAR,”
“HCAH,” and “HCAR.” The synthesized metrics summarize the
quantitative metrics according to these four categories to analyze
the performance of the agent when perceived as a human and to
identify the characteristics that might make the user believe that
the collaborating partner is a human.

C. Experiment 2: Manipulating Soft Tissue

Indirectly positioning internal feature points on the surface of
soft tissue to the desired locations by manipulating the edge of
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Fig. 4. Setup of Experiment 2. Human operators can stretch the soft tissue
created by the SOFA with the virtual forceps through the joystick. The white
coordinates are the reference coordinates for the scenario. The computer is used
as an intelligent robot. The operator needs to stretch the tissue to the target
position through HRC or HHC. (a) Scenario description for Experiment 2.
(b) Experimental setup.

the tissue is a common task in laparoscopic surgery, enabling
subsequent surgical tasks such as needle insertion or tissue
dissection [51]. However, the highly nonlinear dynamic prop-
erties of soft tissues lead to unpredictable deformations, which
complicates precise localization [24]. Experiment 2 validates
the applicability of the proposed PNE strategy by extending it
to this tissue manipulation task.

1) Hardware Setup: A virtual environment is constructed
to simulate the surgical scenario using the simulation open
framework architecture (SOFA), which is commonly employed
to validate robot control algorithms in tissue manipulation tasks
due to its high-quality simulated deformation behaviors of the
soft materials [24], [52]. As shown in Fig. 4(a), soft tissue is
modeled to represent human tissues in laparoscopic surgery,
such as the kidney or peritoneum, and is fixed by four red forceps.
The soft tissue can be stretched by the green and blue forceps,
both of which are constrained by the remote center of motion
points. The internal markers deform when the edge points are
moved. The white coordinates serve as the reference coordinates
for the scenario. Fig. 4(b) shows the experimental setup. In the
HRC condition, the user manipulates a joystick to control one
of the virtual forceps, and the robot, simulated by the computer,
controls the other forceps to collaborate with the user. For HHC,
two participants control the two forceps using separate joysticks.
The inputs of the agents are the velocities of the forceps along
the x- and y-axis. Participants need to control the joystick to pull
the tissue at different velocities. The screen displays the current
velocity of the forceps to guide users to adjust their actions. The
joystick communicates with the SOFA through ROS.

2) Parameter Setting: The central positions of Marker 1 and
Marker 2 are denoted as p1 = [ps,, Py, |7 and p2 = [Pay, Pys ]’
respectively. Then, the state vector 2 € R* of the task can
be defined as = = [py,, Py, Prs» Pys) - The initial state is set
to zo = [~15,0,15,0]7. The central position of Target 1,

>

pi, = [—35,20]7, and the central position of Tar-
get 2, pg, = [35,20]7, together form the goal state
Tgoal = [—35,20,35,20]. The finite candidate set of agent
actions representing the forceps control velocity is set to
Ul ={-1.5,-0.9,-0.4,0,0.4,0.9, 1.5}, where j € {p,,p,}
represents the direction of the velocity. The penalty matrix Q;
is denoted as diag(10,10,10,10). The intent set describing
the action preference of the agent is set to ©] = {0.001,1}.
When Of = 0.001, the agent prefers to manipulate the soft
tissue quickly and track the designated target actively. When
6] =1, the agent tends to manipulate the tissue slowly to
avoid negatively impacting the overall tracking accuracy. Since
Experiment 2 considers the agent ¢s actions and intents in two
directions, the cost function is formulated for each direction as
follows:
. H-1 . . .
CI =" (" (k+n)QiE(k+n)+0! (ul (k+n)) ul (k+n)).

n=0

3D
Because the robot agent needs to simultaneously infer the human
agent’s intents in two action directions, the joint intent space is
expanded to (O x O}Y) x (OF= x O7).

3) Experimental Tasks and Conditions: The primary purpose
of this experiment is to evaluate the potential application of the
proposed PNE action control policy in a complex HRC scenario.
Specifically, the aim is to assess whether the PNE strategy can
demonstrate good performance and ensure a good subjective
evaluation. To achieve this, participants are required to move
their respective markers as accurately as possible to the target
points of the same color by manipulating the soft tissue.

Participants conduct the experiment under both HRC and
HHC conditions. Under the HRC condition, the robot agent
performs the task using both the proposed PNE policy and a
baseline policy. The baseline is an ego nonempathic strategy,
which is formulated as follows:

: baseline /¢35 .
min C, =
fi = l ' (é"r )

Cr(gh&hotl) (32
where fgbs is the predicted human action trajectory based on the
observed human action, i.e., &, [0] = u(k — 1). The intent of
the baseline is set as #4 = 0.001 to enable the robot to actively
perform the task during the collaboration. The robot using the
baseline strategy plans its actions with a fixed intent, inferring
human actions directly from observation with the assumption
that the human knows the robot’s intent. In other words, the
baseline policy lacks empathy in collaboration.

4) Procedure: Asin Experiment 1, participants familiarized
themselves with the equipment under the guidance of the staff
after signing the consent form. Participants were divided into 8
pairs and shown the relative positions of the markers and targets
under a well-collaborated performance. Each pair was given
five minutes to practice under both HRC and HHC conditions.
Since the manipulated object was soft tissue, the actions of
Agent 1 would cause the marker controlled by Agent 2 to
move. Therefore, participants were reminded to avoid actions
that could compromise their partner’s target tracking accuracy
as much as possible when adjusting their own actions.
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TABLE II
QUESTIONNAIRE 2 OF THE HUMAN SUBJECTS EXPERIMENTS FOR SUBJECTIVE
METRICS

Question
Please assess your partner’s performance.
Please assess your performance.
Please assess the goal-tracking
achieved in this collaboration.
Please assess the effort you have put in to
achieve the performance you expect.
Please assess the frustration you felt during
the collaboration.

Partner performance
Self-performance

Overall performance error
Effort

Frustration level

Before the experiment, participants selected specific markers
to manipulate and were required to continuously operate those
markers until the experiment concluded. During the experiment,
participants took turns performing HRC tasks. Each participant
completed a total of 20 trials (5 trials in each HRC condition
and 10 trials in the HHC condition). The trial conditions were
assigned randomly by the staff. Participants were required to
complete each trial within 1 min, with the option to decide
whether or not to finish the trial based on the current positions
of the markers and the goals. When the time reached 1 min, the
trial ended regardless of completion status. After participants
finished each trial, they were asked to fill out Questionnaire
2 shown in Table II, which is adapted from the NASA TLX
questionnaire [53], and then leave the experimental area until
the researchers set up the next experimental condition.

5) Metrics: Quantitative metrics: In the task of indirectly
positioning soft tissues, target tracking accuracy is the primary
metric of interest [24], [S1]. The goal-tracking error C is defined
using (23). In addition, the metric used to evaluate the goal-
tracking error of agent ¢ for its designated target is formulated
using the following equation:

Cagent = [Pz — D1 || (33)

where z € {1, 2} represents the identifier of both the marker and
the target. p.,, € R? is the position of the marker z when the
trial is finished.

The effort exerted by the agent ¢ to achieve target tracking is
defined as follows:

Fi= 3

A larger F; indicates more effort that the agent puts into tracking
the designated target. The sum of the effort of the human agent
and the robot agent under HRC conditions is calculated as
Foum = Fn + Fr.

Subjective metrics: Subjective metrics are collected through
items in Table II. Participants rate their collaboration experience
across five dimensions on a scale from 0 to 10, allowing up to one
decimal place. The “partner performance” item is used to assess
the degree of agreement between the robots’ actions and partic-
ipants’ expectations. The “self-performance” item is designed
to evaluate participants’ satisfaction with their own operations.
The “overall performance” item aims to evaluate how much
the achieved goal-tracking accuracy meets participants’ expec-
tations. For the above three items, higher scores indicate better
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Fig. 5. Results of empathetic intent inference from the perspective of the

robot and actions taken by the human and robot agents are shown in the
figures. (a) Probability of the estimated human’s intent under empathic inference.
(b) Probability of the robot’s inference regarding the human’s estimated intent
of the robot. (c) Proportions of each force over the human’s action trajectory.
(d) Force proportions over the robot’s action trajectory.

collaboration effectiveness. The “effort” item is used to evaluate
participants’ self-assessment of their effort while achieving the
desired target tracking. A lower score indicates less effort exerted
by the participant, suggesting that the collaboration is easier. The
“frustration level” item is used to assess participants’ negative
emotions they felt during the task, with lower scores indicating
fewer negative emotions.

V. RESULTS AND DISCUSSION

This section presents and analyzes the results of the two hu-
man subjects experiments, and discusses the findings observed.
To enhance clarity, the previously defined abbreviations are
listed in the Nomenclature.

A. Results of Experiment 1

1) Results of the Performance Test: Prior to the human sub-
jects experiments, a performance test was conducted to evaluate
the effectiveness and applicability of the empathetic inference-
based method. During the test, the operator, positioned at
the right end of the object, collaborates with the PNE robot agent.
The goal was to maintain the object’s alignment while moving
and to ensure accurate positioning at the target, following the
same procedure as in the human subjects experiments.

Fig. 5(a) and (b) presents the results of empathetic intent
inference from the perspective of the robot. The proportions
of each force adopted by the two agents from the set U; over
their entire action trajectories are computed, and the results of
the calculations are shown in Fig. 5(c) and (d), respectively.
According to Fig. 5(a) and (c), it is evident that the operator
prefers to push the object with maximum force, from which the
robot infers that the operator generally acts with an active intent.
Meanwhile, Fig. 5(b) illustrates that in the robot’s inference,
the operator thinks that the robot’s intent is generally active.
As shown in Fig. 5(d), the robot adjusts its intent in alignment
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Fig. 6.

Location snapshots and the trajectories of the object are plotted. (a) Snapshot of the object (solid blue rectangle) moving toward the goal (dashed red

rectangle). (b) xz-direction displacement of the object. (c) y-direction displacement of the object. (d) Orientation of the object.

with this inference and generally applies maximal force accord-
ingly. The above results validate the applicability of the action
preference defined in Section IV-B2, demonstrating that, in a
practical environment, the set intent can effectively characterize
the agent’s action tendency.

Fig. 6 illustrates the snapshots and trajectories of the object
motion during the collaboration process. The object remains
well-aligned while moving forward and ultimately nearly co-
incides with the target position, suggesting that the proposed
empathetic inference-based control policy enables the robot to
achieve good collaboration with the operator.

2) General Results of Human Subjects Experiments: Quan-
titative results: The quantitative metrics of Experiment 1 under
different experimental conditions, as described in Section [IV-BS,
are plotted as boxplots and presented in Fig. 7. The performance
of different collaboration policies is compared based on the
following dimensions.

With inference versus without inference: The human can
adjust actions to adapt to different action strategies well to
accomplish the task. As the metric C in Fig. 7(b) shows, the
collaboration of the participant with the baseline policy is ca-
pable of achieving good goal-tracking accuracy. The ¢-test for
C indicates that the baseline outperforms the RNE (p < 0.05)
but does not show a significant difference compared to the other
robot control strategies (p >0.1). The boxplots for metric N’
indicate that participants frequently adjust their actions when
collaborating with different robot agents. The results of the
t-tests for AV in Fig. 7(d) indicate no significant difference in the
effort participants exert when adapting to the actions of robots
with or without inference (p >0.05). The above results suggest
that regardless of whether the robot employs intent inference or
follows a fixed-action strategy without inference, human partici-
pants can adjust their actions accordingly to ensure goal-tracking
accuracy. Fig. 7(c) highlights that the baseline robot, which does
not consider human actions, coordinates significantly worse with
participants’ actions compared to other designed robot agents
(p < 0.001). In addition, since the human has to conform to
the fixed manner of the baseline controller, the distribution of
T in Fig. 7(a) is the most centralized among all of the HRC
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Fig. 7. Boxplots of quantitative metrics across experimental conditions.

(a) Boxplots of completion times for each experimental condition. (b) Boxplots
of goal-tracking error for each experimental condition. (c) Boxplots of align-
ment for each experimental condition. (d) Boxplots for the number of action
adjustments under each experimental condition. (e) Boxplots of the summed
power of the two agents under each experimental condition. (f) Boxplots of the
role exchange frequency for each experimental condition.

conditions. This results in much lower collaborative efficiency
for the baseline strategy than for other robot agents (p < 0.001),
as illustrated in Fig. 7(e). Therefore, while human adaptability
ensures goal-tracking accuracy, the fixed action approach of
the baseline strategy imposes many limitations on achieving
efficient and seamless collaboration.
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TABLE III TABLE IV
RESULTS OF T-TESTS MEANS AND STD OF SUBJECTIVE RATING ITEMS UNDER DIFFERENT
CONDITIONS
C H N P £
PE vs. HH p=0.060 p<0.001 p=0.499 p<0.001 p<0.001 Condition  Partner-Rating Self-Rating Overall-Rating
PNE vs. HH  p=0.072 p<0.001 p=0.846 p<0.001 p<0.001 RE 8.6921+ 0.9338  9.06504 0.9253  8.8036+ 0.8875
PEvs. PNE p=0.853 p=0.756 p=0.645 p=0.875 p=0.544 PE 8.8721+ 0.9165  8.9900+ 0.8747  8.9407+ 0.9043
RNE 8.56144 1.0733  8.9979+ 0.8458  8.6550+ 0.8091
PNE 8.97864 0.9154  9.1150+ 0.8469  9.0450+ 0.9164
Reactive versus proactive: It is critical for the robot agent to Baseline 85321+ 1.2519  9.0650+ 0.8976 ~ 8.9264+ 0.9026
. s . HH 9.2400+ 0.8163  9.2904+ 0.7645  9.3675+ 0.6717
take into account the dependency of the human’s planning on
the robot’s next action when planning its own actions. As shown
TABLE V

in Fig. 7, proactive robot agents facilitate faster task completion
compared to reactive robot agents during collaboration. Signif-
icant differences in T are observed in the ¢-tests for PE versus
RE (p < 0.05), PE versus RNE (p < 0.05), PNE versus RE (p <
0.01), and PNE versus RNE (p < 0.01). As s clearly visible, the
proactive policies can generally achieve smaller goal-tracking
errors than the reactive policies. The ¢-tests for C reveal that
tracking accuracy in proactive conditions is significantly higher
than in reactive conditions (PE versus RE: p < 0.05; PE versus
RNE: p < 0.01; PNE versus RE: p < 0.05; PNE versus RNE:
p < 0.001). Furthermore, the ¢-tests for H show that proactive
controllers significantly outperform the reactive controllers in
terms of coordination with the human actions (PE versus RE:
p < 0.001; PE versus RNE: p < 0.001; PNE versus RE: p <
0.001; PNE versus RNE: p < 0.001). In summary, proactive
robot agents exhibit better adaptability to human actions than
reactive agents, leading to more appropriate behavior and better
overall performance.

HRC versus HHC: The frequency of role exchanges in HHC is
more diverse than in the proposed HRC conditions. As the metric
£ in Fig. 7(f) shows, role exchange occurs in most trials across
all experimental conditions. However, £, which measures the
frequency of role exchanges, is generally higher when humans
collaborate with the proposed robotic action policies compared
to HHC. The results of student ¢-tests conducted on the quanti-
tative metrics in the PE, PNE, and HH conditions are shown in
Table III. It is evident that £ in HHC significantly differs from
that in the PE and PNE conditions. In HHC, participants exhibit
both low- and high-frequency role exchanges, leading to greater
diversity in £. In the baseline condition, £ are significantly
different from that in other HRC conditions (p < 0.001), which
could indicate that humans could exchange roles with different
agents through different frequencies.

The t-tests for metric C show that PE and PNE robots, when
collaborating with humans, can achieve goal-tracking accuracy
comparable to that of HHC. Furthermore, the p values of PE
versus HH and PNE versus HH in metrics H and P, along
with Fig. 7(c) and (e), suggest that PE and PNE robot agents
significantly improve the coordination with the human actions,
and the collaborative efficiency, compared to the HHC.

Ego versus nonego: A nonego robot agent can further improve
the collaborative effectiveness compared to an ego robot agent.
The t-test results for the metrics in Table III reveal no significant
differences between the PE and PNE control policies, implying
that, from a statistical perspective, the ego robot and the nonego
robot have similar capabilities. However, Fig. 7(b), (c), and (e)
shows that the PNE robot agent generally performs better than

PARTICIPANTS’ IDENTIFICATION OF COLLABORATING PARTNERS

Condition RCAR RCAH Percentage of RCAH
RE 91 49 35.00%
PE 75 65 46.42%
RNE 102 38 27.14%
PNE 75 65 46.42%
Baseline 95 45 32.14%
Condition HCAR HCAH Percentage of HCAH
HH 88 192 68.57%

the PE robot agent. The PNE policy can coordinate with humans
better and achieve more accurate and efficient performance than
the PE policy.

Subjective results: The mean values and standard deviations
(STD) of the subjective rating items from Table I are presented
in Table IV. The partner-rating shows that the human is the
most preferred collaborating partner. Participants express the
highest confidence in their own performance and the greatest
satisfaction with task completion when working with human
partners, as reflected in the self-rating and overall-rating. Among
the proposed control policies, the PNE control strategy has the
highest ratings in all items, which implies that a proactive and
nonego robot agent is the most favored robot for participants.

The PE and PNE robot agents exhibit human-like behaviors
during collaboration. Table V presents the number of times
the collaborating partner is classified as a human or a robot in
each experimental condition. In the HHC condition, participants
perform a total of 280 recognitions. It can be seen that the
probability of a human being classified as human is higher than
the probability of a robot being classified as human. Notably,
under the PE and PNE conditions, the robot agent is significantly
more frequently classified as a human than under other HRC
conditions. This indicates that not all robot agents can be easily
thought to behave like humans in the designed experimental
scenario, which suggests that the classification results make
sense. Therefore, the classification results empirically show that
the PE and PNE robot agents’ actions can make participants
feel as though they are collaborating with human partners. This
suggests that when a robot considers the optimal human actions
corresponding to its future actions, it is perceived as more
human-like from the participant’s perspective.

Summary: The general analysis of quantitative and subjective
metrics indicates that the PNE robot agent demonstrates strong
performance when collaborating with different participants. It
closely approximates participants’ perceptions of a human part-
ner and achieves the highest collaborative effectiveness and
user satisfaction among the HRC conditions. This suggests that
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Fig. 8. Means of subjective scores corresponding to the classification cate-
gories in HRC and HHC conditions. These results reveal that participants think
that human partners could perform better than robot partners. (a) Results of
partner-rating. (b) Results of self-rating. (c) Results of overall-rating.

the PNE action control policy enables the robot to behave like
a human. Moreover, while HHC achieves good goal-tracking
accuracy, the PNE robot agent outperforms it in terms of collab-
oration efficiency and coordination. This highlights the potential
of the PNE control policy in scenarios where fluid collaboration
is crucial, such as jointly transporting an object on a large tray.
Based on the synthesis metrics, the following context will study
the characteristics that could make the participant believe the
partner is a human.

3) Hypothesis Testing: To analyze the association between
classification results and user evaluations, the means and
STDs of participants’ subjective ratings are calculated for
instances where collaborating partners are categorized into
RCAH,RCAR, HCAH, and HCAR entries under HRC and HHC
conditions. To ensure consistency in comparisons, the 62 trials
in which both agents correctly classified their partners as human
out of 140 trials in the HH condition are categorized as HCAH.
The baseline policy is excluded from the HRC condition. As
illustrated in Fig. 8, participants consistently preferred partners
identified as humans over those identified as robots in both HRC
and HHC conditions. The partner-rating results show that human
agents are perceived to perform better than robot agents. The
self-rating results reveal that participants are more satisfied with
their performance when they perceive their partners as humans
rather than robots. The overall-rating results indicate that partic-
ipants believe human partners achieve better goal-tracking accu-
racy than robot partners. These findings empirically indicate that
human-like behavior, under subjective cognition, enhances user
evaluations. Therefore, identifying the behavioral characteristics
that lead users to perceive their collaborating partner as human is
crucial for developing human-like behavioral strategies in HRC.
To address this, this section also tests a series of hypotheses using
synthesized metrics.

The metrics (25), (26), and (30) formulated in Section IV-B5
are implicit collaborative performances that participants cannot
directly observe. The following hypotheses are tested to examine
whether these metrics affect the classification results.

Hypothesis I (H1): When there is a time limitation, the agent
that accomplishes collaborative tasks with the user efficiently is
more likely to be perceived as human.

Hypothesis 2 (H2): When the user exerts less effort in adjust-
ing actions during the collaboration process, the collaborating
partner is more likely to be perceived as human.

Hypothesis 3 (H3): When role exchanges occur less fre-
quently throughout the collaboration, the user is more likely
to perceive the partner as human.
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Fig.9. Under RCAH, RCAR, HCAH, and HCAR categories, the mean values
of the summed power of both agents, the number of action adjustments, and
the frequency of role exchanges in the HRC and HHC conditions. (a) Aver-
age values of the summed power. (b) Average number of action adjustments.
(c) Average values of role exchange frequency.

Results: To test the above hypotheses, the means of the
summed power P, the action adjusting number A/, and the
frequency of role exchange £ under RCAH, RCAR, HCAH,
and HCAR in HRC and HHC conditions are plotted in Fig. 9.
As illustrated in Fig. 9(a), the summed power is higher when
participants classify their collaborating partners as human rather
than robot. This reveals that participants believe that a human
agent can accomplish the collaboration more effectively than a
robot agent, especially when there is a one-minute time limit
(supporting HI). The means of metric N under the RCAH,
RCAR, HCAH, and HCAR categories presented in Fig. 9(b)
suggest that, regardless of the collaborative policy employed,
participants spend less effort in adjusting actions to match their
partners’ actions when they classify their partners as humans
(supporting H2). It can be empirically analyzed that participants
believe the human agent can take more understandable as well
as more predictable actions than the robot agent. As a result,
participants think they can collaborate more easily with human
partners. As for H3, Fig. 9(c) shows that although no significant
difference is observed, the means of £ is overall lower when
the partner is identified as a human than when the partner is
identified as a robot (partly supporting H3). This implies that
in the lack of preassigned roles, the role exchange frequency
throughout the collaboration might have some impact on the
outcome of the subjective judgment, but it is not the primary
feature for participants when classifying partners.

The goal-tracking accuracy and the alignment of the object,
as defined by metrics (23) and (24), are explicit collaborative
performances that participants can directly observe. The goal-
tracking accuracy depends on three parameters: the final position
of the object in the x-direction, the final position of the object in
the y-direction, and the object’s final orientation. Two additional
hypotheses are proposed to examine which location parameter
matters for participants’ classification results and the influence
of the coordination of actions on classification, respectively.

Hypothesis 4 (H4): The user mainly focuses on the final
position of the object in the y-direction. High tracking accuracy
in the y-direction makes the user perceive the collaborating
partner as human.

Hypothesis 5 (H5): When the two ends of the object maintain
good alignment during the collaboration, the user is more likely
to perceive the collaborating partner as human.

Results: To address H4 and H5, the boxplots of the final
state of the object and the alignment in RCAH and RCAR
categories under the PNE condition, as well as in HCAH and
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Fig. 10.  Boxplots of the final state of the object and the alignment in RCAH

and RCAR categories under the PNE condition, as well as in HCAH and
HCAR categories under the HH condition. (a) Boxplots of the final position
in the z-direction over PNE and HH experimental conditions. (b) Boxplots of
the final position in the orientation for PNE and HH experimental conditions.
(c) Boxplots of the final position in the y-direction under PNE and HH experi-
mental conditions. (d) Boxplots of alignment in PNE and HH conditions.

HCAR categories under the HH condition, are shown in Fig. 10.
Fig. 10(a) and (b) demonstrates that in both PNE and HH
conditions, the object’s final position in the z-direction and
the object’s final orientation when participants classify their
partners as humans are not significantly different from those
when participants classify their partners as robots. Fig. 10(c)
indicates that the goal-tracking accuracy in the y-direction of
the object when participants classify their partners as humans
is significantly higher than that when participants classify their
partners as robots under both experimental conditions. These
results indicate that the user is more concerned about the tracking
accuracy in the y-direction than in the z-direction and the
orientation when classifying the partner. When the object is very
close to the target position in the y-direction, the user perceives
the collaborating partner as a human (supporting H4). Regarding
HS, the boxplots in Fig. 10(d) illustrate that, regardless of the
experimental condition, alignment when participants classify
their partners as humans is not significantly different from the
alignment when participants classify their partners as robots.
In the PNE condition, alignment is generally better when the
robot is classified as a robot than when the robot is classified as
a human. This suggests that alignment is not a key feature for
users to judge the type of collaborating partners (rejecting HS).

In sum, hypothesis testing for H4 and HS demonstrates that
the object’s final position in the y-direction is an important
characteristic for the participant to identify the partner. To fur-
ther explore the target tracking feature that aligns with users’
cognition of human behavior, a comparison of the object’s final
state between the RNE and PNE conditions is conducted. As
Fig. 11(a) shows, the final position of the object in the z-direction
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Fig. 11. The boxplots of the final state of the object in RNE and PNE

conditions. (a) Boxplots of the final position in the x-direction. (b) Boxplots
of the final position in the y-direction. (c) Boxplots of the final orientation.

in the RNE condition with the lowest RCAH percentage does
not differ statistically from that in the x-direction in the PNE
condition with the highest RCAH percentage. For the object’s
final orientation shown in Fig. 11(c), there is also no significant
difference between the RNE and PNE conditions. However,
Fig. 11(b) illustrates that the object’s final position in the y-
direction in the RNE condition is significantly different from that
in the PNE condition. It can be seen that in the PNE condition, the
object can be moved above the target position in the y-direction,
whereas in the RNE condition, the object overall stops below
the target position. These results indicate that in users’ subjec-
tive cognition, the human’s collaborative behavior can allow
the object to exceed the target position in the primarily focused
y-direction, but cannot stop the object before it reaches the goal
position. This explains why a robot agent adopting the PNE
policy is more likely to be recognized as a human than a robot
agent using the RNE policy.

In sum, hypothesis testing results demonstrate that partici-
pants could believe that, compared to the robot agent, the human
agent should perform more efficiently, and take actions that are
easier to adopt. Furthermore, in the subjective perception of
participants, human collaborative behavior could achieve greater
tracking accuracy in the y-direction of the target position, and
could demonstrate a more active pattern, allowing the object to
slightly exceed the target position, compared to the collaborative
behavior of the robot.

The conclusions from hypothesis testing and the general
results shown in Fig. 7 together suggest that the proposed PNE
robot achieves efficient, accurate, and active collaboration. This
aligns with human behavior as perceived by participants, leading
to the highest user satisfaction and the greatest confusion in dis-
tinguishing the robot from a human partner. Therefore, the PNE
policy is further shown to enable the robot to exhibit human-like
action characteristics. The classification results in Table V show
that humans have a higher probability of being recognized as hu-
mans during collaboration, suggesting that human partners may
exhibit additional distinguishing characteristics. Since Fig. 7(f)
shows that the human exhibits the diversity in metric £ when
collaborating with different partners, the following context will
further investigate this characteristic of the HH team.

The average proportion of time the agent acts as the leader
during the collaboration for each experimental condition is
presented in Fig. 12. Agents 1 and 2 refer to the right and left
participants in the HH condition and to the human and robot
in other conditions. This representation method will be used
consistently in the following section.
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conditions for pair 14. (a) Proportion of time the agent acts as the leader when
two participants collaborate with the PNE robot. (b) Proportion of time the
participant acts as the leader during HHC.

Fig. 12 shows that in the HRC conditions employing the pro-
posed policies, the participant primarily assumes the leader role.
When the robot adopts the baseline policy, it can take actions
with maximum force at the beginning of the task more quickly
than the human and does not reduce thrust until the object is close
to the goal position, without considering alignment. This policy
makes the human act mainly as a follower when collaborating
with the baseline robot. The above results indicate that humans
can engage in collaboration as either leader or follower. The
14th pair of participants is chosen to illustrate the pj,q during
collaboration in PNE and HH conditions. The general role in
Fig. 13(a) shows that in HRC, the human is the leader from
the whole in each trial. From Fig. 13(b), it can be seen that
for the same pair of participants, Human Agent 1 can act as a
leader in this trial but assume a follower in the next trial, which
suggests that the same human agent can play different roles in
the designed scenario. This characteristic could lead to a variety
of £ and average the proportion of time the agent acts as the
leader from the whole, as everyone is able to act as a leader or
a follower during the collaboration.

4) Case Study: A case study is presented to demonstrate the
characteristics of role exchanging in the trials of HRC and HHC.
The case chosen from HRC is the trial with the highest tracking
accuracy under the PNE condition when the human agent classi-
fies the robot agent as human. In this trial, the human agent exerts
aforce on the left end of the object. The trial that is selected under
HHC is the one with the highest tracking accuracy when both
participants recognize their partners as humans. The purpose of
selecting these two cases is to investigate how the frequency of
role exchange between agents differs under these two conditions
when target tracking accuracy is high. The performance of the
agents in the two cases is shown in Fig. 14. It is evident that
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Fig. 14.  General performances of the two agents in HRC and HHC cases.

(a) Tracking error. (b) Frequency of role exchanges throughout the collaboration.
(c) Proportion of time the agent acts as the leader during the collaboration.
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Fig. 15.  Snapshots of the object (solid blue rectangle) moving toward the

goal (dashed red rectangle) for the case study. (a) Object motion under HRC.
(b) Object motion under HHC.

the chosen HH team achieves better tracking accuracy than
the chosen human-robot team. Fig. 14(b) and (c) shows that
the frequency of role exchange throughout the collaboration
between the two teams has no noticeable difference.

Fig. 15(a) illustrates the object motion under the collaboration
of the human agent and the PNE robot agent. As observed,
the human primarily acts as the leader throughout the trial,
regardless of the object’s movement. Fig. 15(b) depicts object
motion in HHC. At the beginning, the participant at the right
end leads the task. However, as the object approaches the
target position, the two agents gradually move it toward the goal
by continuously exchanging roles.

The trajectories for both cases are plotted in Fig. 16 for a de-
tailed comparison. The time at which collaboration ends in both
cases is given in Fig. 16(a). Fig. 16(b) shows that, compared to
the human-robot team, the HH team demonstrates a more active
performance, bringing the object closer to the goal position in
the mainly concerned y-direction. Fig. 16(c) illustrates that the
coordination of actions between agents under the PNE condition
(H = 0.1297) is better than in HHC (H = 0.1842).
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Fig. 16. Comparisons of object trajectories under case HRC and case HHC are
plotted. (a) z-direction displacement of the object. (b) y-direction displacement
of the object. (c) Orientation of the object.

As suggested in [54], the joint object transporting task can
generally be divided into two phases: a rapid operation phase,
during which the two agents move the object quickly toward
the target when it is far from the goal, and a delicate operation
phase, during which the agents slow down to precisely position
the object as it approaches the target. This transition indicates
that human attention to target-tracking accuracy intensifies as
the object approaches the goal. We observed that in both cases,
the average speed of the object after p, = 0.3 is significantly
lower compared to the average speed before p, = 0.3. Build-
ing on the insights from this study, the collaboration pro-
cess before p, = 0.3 is defined as the rapid operation phase,
while the collaboration process after p,, = 0.3 is defined as the
delicate phase. This distinction allows for a detailed investi-
gation of the dynamics of role exchanges during each phase.
Metrics N1, €1, Pread.1, and H; are introduced to quantify the
number of action adjustments, the frequency of role exchanges,
the proportion of time the agent acts as the leader, and the coor-
dination of actions between agents, during the rapid operation
phase. Similarly, metrics N3, &, Diead,2,> and H are introduced to
quantify the same variables during the delicate operation phase.

Fig. 17(a) and (e) compares the effort exerted by the human
agent adapting to the partner’s action for both cases in different
phases. As is visible, the human agent exerts more effort in
adapting to the partner’s actions in the HRC case than in the
HHC case. For the same case, there is no noticeable variation in
the number of action adjustments of the human agent in the two
phases.
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Fig. 17. Number of action adjustments, role exchange, and alignment in
different phases for case HRC and case HHC are plotted. (a) Number of action
adjustments in the rapid operation phase. (b) Frequency of role exchanges during
the rapid operation phase. (c) Proportion of time the agent acts as the leader in
the rapid phase. (d) Coordination of actions between agents in the rapid phase.
(e) Number of action adjustments in the delicate operation phase. (f) Frequency
of role exchanges in the delicate operation phase. (g) Proportion of time the agent
acts as the leader in the delicate phase. (h) Coordination of actions between
agents in the delicate phase.

The comparison of Fig. 17(b) and (f) shows that when a human
agent collaborates with the robot agent, there is no noticeable
difference between &£ and &;. The role exchange pattern is
consistent in that the human acts as the leader most of the time.
But when two human agents collaborate, there is an obvious
increase in role exchange frequency in the delicate operation
phase. Combining Fig. 17(c) and (g), it is evident that when
performing HHC, the roles of the two agents are explicitly
divided into leader and follower in the rapid operation phase,
resulting in a small &£. In contrast, role exchange becomes
more frequent in the delicate operation phase, leading & to be
much higher than &;. The analysis of Fig. 17(b), (f), (c), and
(g) indicates that the HH team can make the frequency of role
exchanges in the delicate operation phase significantly higher
than that in the rapid operation phase. Fig. 17(d) and (h) shows
that although the HH team and the human—robot team perform
similarly in terms of metric H; during the rapid operation
phase, in the delicate operation phase, the human-robot team
can achieve much smaller H5 than the HH team. This result
suggests that although the frequency of role exchanges in HH
teams can be significantly increased in the delicate operation
phase, it may not necessarily guarantee coordination with the
actions of the partner. Compared to the human, the robot can
respond more appropriately to the actions of its partner, enabling
more coordinated collaboration.

In sum, the case study demonstrates that achieving high
goal-tracking accuracy, whether in HRC or HHC, requires the
human agent to exert sufficient effort in matching the partner’s
actions. The HH team expects the object to move quickly in
the rapid phase and then move slowly in the delicate operation
phase. The designed robot agent can also exhibit this charac-
teristic in collaboration with the human. Although Fig. 14(c)
shows similar role exchange frequencies in HRC and HHC
throughout the entire collaboration, the selected human—robot
and HH teams demonstrate distinct role exchange patterns in
different phases. In HRC, the role exchange frequency remains
relatively consistent, regardless of the phase of operation. In
HHC, as human attention to target-tracking accuracy intensifies
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Fig. 18. Goal-tracking errors in each experimental condition are shown in

boxplots. (a) Boxplots of goal-tracking error for each experimental condition.
(b) Boxplots of goal-tracking errors achieved by the agents while tracking their
respective targets under different conditions. Agents 1 and 2 represent the two
participants under the HH condition, and represent the human and the robot
under other conditions.
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Fig. 19.  Average values of the efforts exerted by agents during collaboration.

(a) Mean efforts exerted by the human and the robot under the two HRC
conditions. (b) Average of the summed efforts exerted by the human and the
robot under the two HRC conditions.

when the object nears the target, the two agents significantly
increase the frequency of role exchanges during the delicate
operation phase. As a result, the selected HH team can achieve
more flexible collaboration with a more active performance in
the mainly concerned y-direction than the selected human-robot
team. This may explain why the human is more likely to be
classified as human than the robot. However, the increase in
the frequency of role exchanges may reduce coordination with
the partner’s actions in the delicate operation phase.

B. Results of Experiment 2

Quantitative results: The boxplots illustrating the quantitative
metrics C and Cygene from Experiment 2 across various experi-
mental conditions are shown in Fig. 18. The mean efforts of the
human agent and the robot agent, as well as the mean of the
summed effort, are depicted in the bar chart shown in Fig. 19.
Student’s t-tests are performed on these quantitative metrics,
and the results with significant differences are presented in
the figures. The application potential of the proposed policy is
validated through the following quantitative comparisons and
subjective results.

Robot versus human performance: The robot agent outper-
forms the human agent in achieving good goal-tracking ac-
curacy when manipulating the soft tissue. Fig. 18(a) indicates
that the goal-tracking error achieved by the human-robot team
is significantly smaller than that of the HH team. Fig. 18(b)
shows the goal-tracking error achieved by the agent when track-
ing the designated target under different conditions. Agents 1
and 2 represent the two participants under the HH condition
and represent the human and the robot under other conditions.
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Fig. 20. Spearman correlation between goal-tracking errors and summed

efforts under two HRC conditions. (a) Goal-tracking errors compared with the
summed efforts under the PNE condition. (b) Goal-tracking errors compared
with the summed efforts under the baseline condition.

It can be observed that both the baseline and the PNE robot
agents achieve higher tracking accuracy compared to human
agents when tracking their respective targets. Consequently, the
overall target tracking performance of the human—robot team is
significantly better than that of the HH team.

PNE versus baseline: Compared to the nonempathic baseline
robot, the empathic PNE robot is a better collaborative partner,
enabling the human agent to exert less effort to track the target.
As shown in Fig. 19(a), regardless of whether the baseline strat-
egy or the PNE strategy is adopted, the robot exerts more effort
than the human to track the designated target. Combined with
the human performance in Fig. 18(b), it suggests that sufficient
effort is required to achieve good tracking accuracy.

Fig. 19(a) also indicates that both the human and the robot
exert significantly more effort under the baseline condition than
under the PNE condition. This leads to significantly higher
summed effort under the baseline condition than under the PNE
condition, as shown in Fig. 19(b). Fig. 18(a), however, demon-
strates that human-robot teams in the PNE condition achieve
smaller goal-tracking errors compared to those in the baseline
condition. By examining the Spearman correlation between
the summed efforts and the goal-tracking errors for both HRC
conditions, there is a significant negative correlation between
them (r = —0.4085, p < 0.001) under the PNE condition, as
shown in Fig. 20(a). In contrast, Fig. 20(b) shows no significant
correlation in the baseline condition (r = —0.0561, p > 0.5),
indicating that agents exert redundant effort that does not posi-
tively contribute to tracking accuracy. It can be concluded from
the quantitative results that the baseline policy causes agents
to exert excessive effort, which reduces overall target tracking
accuracy. In contrast, the PNE policy makes collaboration more
effortless while ensuring good overall tracking accuracy.

Subjective results: Fig. 21 presents the mean and STD of
participants’ subjective ratings for the items in Experiment 2.
It is visible that participants perceive the PNE robot partner as
achieving the best performance and enabling the most effortless
and least frustrating collaboration among all experimental con-
ditions. According to the results of Student’s ¢-tests in Fig. 21(a),
participants perceive the actions of the PNE robot as significantly
more aligned with their expectations than the baseline robot. As
illustrated in Fig. 21(d) and (e), the PNE robot reduces users’
perceived effort and frustration compared to the baseline robot.

Analysis: The quantitative results in Fig. 19 and the subjec-
tive results in Fig. 21 together demonstrate that although the
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Subjective results in each experimental condition are shown. (a) Average score of the partner’s performance under each condition. Among all experimental

conditions, the PNE robot partner receives the highest subjective ratings. (b) Average self-assessment scores of participants’ performance under different conditions.
(c) Average scores of the overall tracking errors under different conditions. (d) Average scores of participants’ self-assessment of effort exerted in the collaboration
under different conditions. (¢) Average scores of participants’ frustration levels under each condition.

ego baseline robot puts considerable effort into achieving good
tracking accuracy with an active action pattern, its actions may
be overly aggressive, potentially negatively affecting the human
agent’s desired tracking performance on the designated target
due to the lack of empathy. For example, when both markers
reach the vicinity of the target, the human agent may expect to
pull the tissue slowly to complete the tracking, but the baseline
robot may continue to pull rapidly. This action of the baseline
robot could indirectly lead to an unexpected displacement of
the human-operated marker, forcing the human to spend extra
effort to readjust the marker to the desired location. In such
cases, the human agent may, in turn, disrupt the robot’s original
tracking effect, consequently leading both agents to compensate
for each other’s errors by exerting excessive effort. It can be
concluded that a baseline robot without empathy might prioritize
target tracking accuracy over aligning its actions with human
expectations, causing a mismatch between its behavior and
human intent. This mismatch could cause the human and the
baseline robot agents to interfere with each other and exert
excessive effort, which ultimately reduces overall target tracking
accuracy and user evaluation. In contrast, the robot adopting the
PNE policy can adapt its actions to better align with human
expectations and operational preferences by leveraging the re-
sults of empathetic inference, 971 and é;. Therefore, although
the PNE robot takes more actions than the human agent, it does
not excessively interfere with the human’s operation. Instead, it
minimizes the human’s redundant effort while maintaining good
tracking accuracy and user evaluation.

Summary: From Fig. 18(a) and (b), it can be analyzed that even
if good goal-tracking performance is shown to the participant,
the effectiveness of HHC in a complex task is not always ideal.
Integrating the robot’s precise goal-tracking capability with the
human’s decision-making ability can lead to more accurate
operations than those performed manually in a complicated
collaborative task. However, the objective of a collaborative
robot is not only to enhance the accuracy of operations but also
to reduce the workload of users [24]. Figs. 19 and 20 illustrate
that the empathic PNE strategy enables the operator to exert
less effort compared to the ego nonempathic strategy. Fig. 21
indicates that, compared to the baseline policy, users perceive
the PNE policy as offering a better collaboration experience.
Combining quantitative and subjective results, it can be empir-
ically demonstrated that the PNE policy enables the robot to
be a good collaborative partner, improving task accuracy and
user evaluation by exhibiting desired behavior. Taken together,
we show that the proposed PNE policy has the potential to be

generalized to complex tasks that require intent inference. In a
practical scenario, the robot can adopt the proposed policy to
operate the forceps at varying velocities, enabling collaboration
with the surgeon to accomplish soft tissue manipulation tasks.

C. Discussion

In Experiment 1, the classification results presented in Table V
indicate that, compared to reactive and baseline policies, the
performance of the PNE robot aligns more closely with the
user’s subjective understanding of human behavioral character-
istics. Although the HH team can make the frequency of role
exchanges in the delicate operation phase much higher than
that in the rapid operation phase, which might make agents
more likely to be recognized as humans, this characteristic may
not necessarily contribute to achieving good coordination with
partners’ actions. Since the primary objective of a collaborative
robot is to fulfill seamless and effective collaboration, it does
not need to consider making the robot exchange roles with the
collaborating partner in a similar way that humans do. The metric
‘H in Experiment 1 confirms that the coordination with human
actions in the PNE condition is significantly better than in the
HH condition. Experiment 1 demonstrates that human agents
can achieve accurate target tracking in a simple task. However,
Experiment 2 shows that as task complexity increases, human
performance declines, and the involvement of robots improves
task completion accuracy. Moreover, while the nonempathic
ego robot in Experiment 2 achieves higher task accuracy than
HHC by inferring human actions directly from observation, its
fixed intent may lead the robot actions and the human actions
to negatively affect each other, ultimately causing a decline in
collaborative effectiveness and user evaluation in a complex
task. By integrating findings from both experiments, it is evident
that the PNE policy enables the robot agent to achieve a better
performance than the human and the other adopted policies
in diverse collaborative tasks. Therefore, it can be concluded
that for effective collaboration, it is necessary for the robot to
infer the intent of the human emphatically and plan actions by
considering the dependence of the human’s plan on the robot’s
next action. It also needs to dynamically adjust its intent based
on empathetic inference throughout the collaboration. These
capabilities enable the robot to exhibit human-like behavior,
ensuring well-performed collaboration while enhancing user
evaluation.

We acknowledge a limitation of the proposed method. The
current model simplifies human intent, making it insufficient
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to fully capture the complexity of human behavior. In reality,
human decision-making process may be influenced by factors
such as bounded rationality under time constraints, limited
information, and risk awareness. As a result, actual human
behavior may deviate from the robot’s predicted optimal out-
come [55], [56]. Thus, the incorporation of a more advanced
human decision-making model may enhance the robot control
strategy in more complex human—robot collaborative tasks.

VI. CONCLUSION

This article develops an empathetic intent inference frame-
work through a noncooperative two-agent nonzero-sum game
to address the double-blindness issue in HRC. A PNE control
policy is proposed, enabling the robot to take proper actions
to achieve effective collaboration. The results of two human
subjects experiments empirically validate that the designed robot
agent exhibits human-like behaviors and can be applied to
complex collaborative tasks.

For future work, we plan to explore approaches to enabling
the robot agent to incorporate the bounded rationality of the
human in the decision-making process. An approach where the
robot uses current prediction accuracy to adjust its confidence in
future predictions holds promise [57]. Finally, we aim to apply
the proposed method to real-world HRC tasks to further assess
its practicality and effectiveness.
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