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Abstract— In recent years, considerable attention has been
given to improving human-robot collaboration. Despite ad-
vances in robotic capabilities and interaction techniques, achiev-
ing a fair distribution of tasks remains challenging due to
the dynamic nature of human preferences and situational
constraints. This paper presents a novel negotiation framework
that enables robots to effectively communicate with humans
to facilitate fair and adaptive task allocation. Our approach
leverages automated planning techniques with the Planning
Domain Definition Language (PDDL), explicitly encoding tasks,
constraints, and preferences from both human and robotic
perspectives. Task allocation is optimized based on three key
criteria: the robot’s effort, the human’s effort, and overall
task success. Additionally, we integrate a Natural Language
Processing (NLP) model that interprets human preferences and
informs the negotiation process, ensuring that the robot gener-
ates task proposals aligned with human input. The negotiation
follows an alternating-offer protocol, with the robot employing
a sigmoid conceder strategy to iteratively refine task allocation,
leading to balanced and mutually acceptable plans. To evaluate
our approach, we conduct a comprehensive user study with
non-trained volunteers interacting with the robot, assessing the
effectiveness, fairness, and adaptability of the proposed system
in real-world scenarios.

I. INTRODUCTION

Human-robot collaboration has the potential to transform
the complexity of task execution across various domains. Be-
yond mechanical efficiency, effective collaboration requires
a mutual understanding of each agent’s preferences, limita-
tions, and objectives. Advances in human-robot interaction
(HRI) have facilitated more coordinated methodologies for
integrating robots and humans in shared work environments
[1], [2].

Despite these advancements, achieving fluid and bal-
anced decision-making between humans and robots remains
a significant challenge. Relying solely on explicit human
directives restricts robot autonomy, limiting its ability to
adapt and leverage its full capabilities in dynamic envi-
ronments [3]. In addition, requiring humans to dictate task
plans unilaterally can impose high cognitive effort and
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Fig. 1. IVO Robot engaging in a negotiation with a volunteer, demonstrat-
ing human-robot interaction in collaborative decision-making.

time demands, often requiring extensive knowledge of the
robot’s capabilities [4]. Furthermore, effective collaborative
task planning should integrate technical performance and
ethical dimensions, aligning the capabilities of the system
with broader operational and social considerations. Robotics
decisions can reflect surrogate moral reasoning influenced by
social norms or interests of third parties, causing additional
complexities in shared decision making [4]. Therefore, we ar-
gue that collaborative plans should be co-developed through
a negotiation process in which all parties contribute to a
mutually acceptable task allocation [1], [3].

To address this challenge, we present a negotiation frame-
work for task allocation in human-robot teams. Our shared
planning approach enables humans and robots to negotiate
task assignments, balancing individual preferences with over-
all efficiency [5]. The model combines automated planning
techniques with the Planning Domain Definition Language
(PDDL) to generate optimized plans and schedules [6].
To support interaction, a Large Language Model (LLM)
interprets natural language feedback, enabling a negotiation
process via an alternating-offers protocol. The framework
was validated through a user study where participants ne-
gotiated task allocations with the robot.

The remainder of this paper is organized as follows.
Section II introduces the problem definition. Section III
presents the methodology used. Section IV describes the
experimental setup and evaluation methodology, with results
reported in Section V. Finally, Section VI discusses the
findings and concludes the paper.
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Fig. 2. Interaction flow. It shows the protocol between the human
(green) and the robot (blue), structured in two phases: Phase 1 (Preference
Elicitation) begins with user initialization and expressing preferences, and
Phase 2 (Alternating Offers Protocol) ends when an Agreement is reached.

II. PROBLEM DEFINITION

In this work, we address the challenge of establishing
a collaborative negotiation process between two agents –a
human (h) and a robot (r)– with the aim of achieving an
optimized allocation of tasks. The set of agents is denoted
as A = {r, h} and the task set is defined as:

T = {T1, T2, . . . , Tn} (1)

encompassing all pending tasks. These tasks have to be dis-
tributed among the two agents, thus generating an assignation
plan:

π : T → A with π(Tj) ∈ A ∀Tj ∈ T. (2)

A plan π represents a specific allocation of tasks to the
agents, meaning that for every task Tj , the function π jointly
assigns an agent a ∈ A responsible for executing it. Formally,
the negotiation process entails generating a series of such
plans. This sequence is denoted by:

Π = {π1, π2, . . . , πm}, (3)

The negotiation process continues until one of the
agents accepts the plan proposed by the other agent.
Formally, for each proposal, πi, there exists a feedback
fbi ∈ {accept, reject} linked to that proposal.

A. Application Domain

This study focuses on a reception environment scenario
where a human and a robot collaborate to perform man-
agement and logistics tasks, such as document archiving,
material preparation, mail handling, and visitor reception.
In our domain, we define a set of 16 possible tasks:
T = {T1, T2, . . . , T16}.

The team, composed of agents r and h, has the flexibility
to dynamically distribute tasks. The methodology remains
applicable as long as the agents’ preferences and limitations
are either known or can be inferred through interaction, and
the tasks are explicitly defined in a structured format.

III. METHODOLOGY

In order to validate our scheduling plan negotiation
framework for human–robot teams, we adopted an iterative,
modular approach that integrates speech processing, natural
language understanding, and automated planning within a
unified system. The overall system is illustrated in Fig. 3.

A. Communication interface

As illustrated in Fig. 3, the negotiation process is con-
ducted entirely through spoken interaction, ensuring a natural
and intuitive communication flow between the user and the
robot. The system captures the user’s voice input sh and
processes it through the Speech-to-Text (STT) module, which
converts the spoken words into textual data τh. Then τh
is processed by the negotiation system, that generates text
responses τr. These are, in turn, processed by the Text-to-
Speech (TTS) module, a synthesizer of responses into spoken
language, generating the speech message sr. Future work
could unify these STT and TTS modules using a single multi-
modal LLM.

B. Agent & Plan Modelling

Each agent a ∈ A is assumed to have a set of preferences
ρa, which are formally defined as follows:

ρa(Tj) =


+1, if Tj favored
0, if Tj neutral
−1, if Tj disfavored

(4)

Building on that, each plan is characterized using a vector
of rewards that quantifies a plan from three perspectives: hu-
man preferences, robot preferences, and a common objective.
The reward vector is defined in detail in Section III-D.

C. Planning Process

The shared planning process is composed of two phases:
the preference elicitation and the negotiation phase.

1) Preference elicitation - phase 1: As illustrated in
Fig. 2, the first phase focuses on extracting human pref-
erences, which serve as a foundation for the initial task
allocation.

The preference extraction process is handled by the LLM
Preferences module (Fig. 3). This module analyzes natural
language input from the human user τh, extracting a struc-
tured set of preferences ρh. Specifically, it identifies tasks
that are favoured, neutral, or disfavored, enabling an adaptive
task planning approach.

Mathematically, the preference extraction process can be
formulated as:

ρh = PE(τh) (5)

where PE represents the preference extraction function,
which processes the human input τh and generates a struc-
tured preference set ρh.

In contrast, the robot also has predefined preferences,
but unlike the human, it does not explicitly express them.
The robot’s preferences ρr consist of four disfavored tasks,
while all other tasks are considered neutral. These predefined



Fig. 3. Diagram illustrating the flow from the human’s spoken input (s h),
processed by STT and LLM modules, to a central Manager that coordinates
the negotiation loop before returning to the user.

constraints are directly incorporated into the task allocation
process without requiring an extraction phase.

This phase is crucial in tailoring the task allocation process
to human preferences, ensuring a more efficient and user-
centric collaboration in subsequent phases.

2) Negotiation Protocol - phase 2: As depicted in Fig. 2,
the second phase of the interaction flow consists of an
Alternating Offers Protocol where the robot and the human
iteratively negotiate task allocation until an agreement is
reached.

The process begins with the robot making the first pro-
posal, suggesting a full allocation of tasks π1 based on the
extracted preferences from Phase 1. The human then re-
sponds by either accepting the proposal or counter-proposing
a new allocation π2. This iterative exchange continues,
with the robot adjusting its proposals accordingly, until one
of the agents, denoted as a, accepts the proposed alloca-
tion—meaning that the feedback value fb associated to τa
is accept.

To support this interaction, two additional LLM modules
are used. First, the LLM Feedback Interpreter analyzes the
user’s natural language input τh to determine whether the
plan is accepted. This decision is formalized as:

fb = HI(τh) (6)

where HI denotes the human intention function, returning a
binary feedback fb.

If the response is not an acceptance, a second LLM
module, the LLM Plan Parser, extracts the user’s proposed
assignment of tasks. This module interprets the subset of
tasks the human is willing to execute and derives a complete
plan πh:

πh = PH(τh) (7)

where PH is the function that processes the human’s tex-
tual input τh and outputs a structured plan πh, implicitly
assigning the remaining tasks to the robot.

It is relevant to mention that the plans are described differ-
ently by each agent: the robot explains all assignments, while
the human only specifies their own. This design choice aims
to reduce the human’s verbal effort during the negotiation.

D. Plan Generation and Evaluation

Fig. 3 provides an overview of the modules involved
in creating and assessing a plan. In essence, the Planner
generates candidate allocations for a set of tasks (defined
in a structured format with their durations and constraints),
while the Plan Characterizer extracts relevant metrics from
each plan to obtain a reward vector R. Subsequently, a
Utility Model computes a scalar value representing how
desirable the plan is for the robot. Finally, the Concession
Model determines a threshold for an acceptable plan, and the
Adaptation Model adjusts the weights ŵ for the Planner to
seek a new solution, adapting to a new human proposal.

1) Objective Function: For the creation of new plans,
the robot considers a cost function that integrates the three
evaluation components. Let the weight vector be defined as:

ŵ = (wr, wh, wc) , such that ∥ŵ∥ = 1 (8)

where each weight wi (for i ∈ {r, h, c}) reflects the relative
importance of the robot, human and common objective,
respectively. The common objective, in terms of costs, is
directly related to the total task execution time, following
a 1-to-1 correspondence.In our experiments (Sec. IV), these
weights are independent variables that act as multipliers in
the cost function.

2) Plan Generation via PDDL: We formalize the task-
allocation problem in a PDDL problem, associating each task
to durations da(T ) and costs ca(T ) for each agent a. The
costs are determined as follows:

ca(T ) = da(T ) · fa(T ) (9)

where fa(T ) is the cost adjustment factor, defined as:

fa(T ) = 1− ρa(T ) ·
k

Na
(10)

where k is a parameter that controls the intensity of the
adjustment and Na represents the total number of tasks with
preferences (either positive or negative) for agent a:

Na =
∑
Tj∈T

|ρa(Tj)| (11)

A weighted sum of these costs (robot effort, human effort,
and total execution time) is minimized to produce a plan π.
This plan assigns tasks to each agent and schedules their
execution to respect temporal constraints.

3) Plan Characterization: For a given plan π (either
generated by the Planner or received from the human), we
extract three key measures: the robot total effort Cr(π), the
human total effort Ch(π) and the plan duration cost Cc(π).
Each one of these measures is normalized to using the single
agent allocation plans (π(Ti) = a∀i) and inverted to obtain
a reward vector

R(π) =
(
Rr(π), Rh(π), Rc(π)

)
. (12)

where higher values in each component indicate lower cost.



Fig. 4. Rewards of the plans π1 (red), π2 (blue), π3 (green) in the 3D
space and weight vector used to weight the utility function to obtain π3

4) Plan Utility: A utility function U then maps the reward
vector to a scalar value. In our approach, we define U(·)
as a smoothed multidimensional Gaussian, that peaks at the
robot’s ideal reward vector. Formally,

U(R) =
Gauss

(
R
)

Gauss
(
µ⃗
) , (13)

where Gauss(·) denotes a multivariate normal density cen-
tered at µ⃗ and the denominator ensures U(µ⃗) = 1. This µ⃗
is set as R(π1) meaning that robot’s utility will be 1 for its
first proposal, considering it as its ”ideal” plan.

5) Acceptance and Concession: To decide if a human-
proposed plan π is acceptable at a given time t (in seconds),
the robot compares U(R(π)) against a sigmoidal threshold
Uthr:

Uthr = Umax +
Umin − Umax

1 + e−k (t−tip)
(14)

where Umin is the initial value of the sigmoid function,
defined by previous experiments, Umax is the final value,
defined by expert knowledge, k controls the steepness of the
sigmoid curve, and tip determines its inflection point. The
plan is accepted if

U(R(π)) > Uthr. (15)

which means whether the plan’s utility reaches the utility
threshold Uthr. Otherwise, the robot adapts its priorities to
move toward a plan that meets or slightly differs the same
utility threshold Uthr. This adaptation is achieved by gradient
descent on the reward space:

Rnew = GradientDescent
(
R(πi),R(πi−1), Uthr

)
. (16)

After identifying the target rewards Rnew, the cost nor-
malization process is inverted to obtain a corresponding
weight vector w, which will guide the planner’s minimiza-
tion function. The goal is to steer the search toward a plan
whose rewards (and resulting utility) approximate the desired
target—although such a plan may not exist exactly within the

reachable state space, the new weights bias the search toward
a close alternative. Fig. 4 shows an example where R(π1),
R(π2), and R(π3) are plotted in a 3D space, along with the
weight vector used to approximate the third plan.

This iterative cycle continues until either the human’s
proposal achieves sufficient utility or the system converges
on a mutually acceptable plan, ensuring that both efficiency
(in terms of time and effort) and the robot’s internal criteria
are adequately balanced.

E. Implementation Details

The complete system follows a modular architecture, inte-
grating existing components and custom-developed modules
as illustrated in Fig. 3. Speech interaction is facilitated
by STT and TTS components based on Vosk and gTTS,
respectively, adapted from Hriscu et al.[7]. Natural language
understanding is performed using a Large Language Model
(LLM), specifically OpenAI’s GPT-4o-mini. In this context,
preference extraction is achieved through an adapted module
from Izquierdo-Badiola et al.[8], which employs few-shot
learning techniques. Other GPT-based modules—including
proposal interpretation and feedback identification— lever-
age the structured outputs functionality to ensure consistent
and interpretable responses from the LLM [9]. Plan gen-
eration use a tailored PDDL 2.1 formulation, solved with
the OPTIC temporal planner [10]. Finally, all modules are
coordinated via a centralized Manager, implemented as a
ROS node.

IV. EXPERIMENTAL SETTING

Through these experiments, we assess the negotiation
system in terms of robot behavior, human response, and
overall interaction quality.

A. Scenario

The experimental setup was conducted at the Mobile
Robotics Laboratory of the Institute of Robotics and Indus-
trial Informatics (IRI), located in the Faculty of Mathematics
and Statistics (FME). This facility serves as a controlled ex-
perimental space for mobile robotics research, enabling prac-
tical exploration and development of collaborative human-
robot tasks (see Fig. 1) .

The robot used in this study is IVO (see Fig. 1), a social
robot specifically designed for human interaction and collab-
oration [11]. IVO has an adjustable height (1.20m–1.55m),
two 7-DOF robotic arms with wrist force/torque sensors, and
a five-finger robotic hand alongside a gripper. Its Communi-
cation capabilities include an integrated speaker and micro-
phone for verbal interaction, complemented by a touchscreen
interface for visual communication.

B. Participants

The experimental study included the participation of 28
individuals, each of whom engaged in one negotiation with
the robot. Their age ranged from 19 to 80 years old (mean
30.5, std 16.22). Their gender distribution was balanced, with
46,4% male and 54,6% female representation, minimizing



Fig. 5. Human Evaluation of Π, represented with boxplots (green, left axis).
The red line (right axis) shows the number of experiments that reached the
corresponding iteration for each plan

potential biases in the analysis of results. Additionally, the
participants’ level of knowledge in robotics (median 2.0, std
1.12) has been assessed using a scale from 1 (no knowledge)
to 5 (expert), as summarized in Table II.

C. Experimental Groups

We defined four experimental groups (G1–G4), each com-
bining two independent variables: the weight vector ŵ and
the inflection point influencing the acceptance threshold. Ta-
ble II outlines the parameters and demographic distributions.

D. Data Collection

After each negotiation session, all participants completed
a comprehensive post-experiment questionnaire. It included
NASA -TLX [12], [13] to assess perceived workload, along
with subsets adapted from Goodspeed [14], ROCI II [15],
Rahim (JGP) [16], and Barbuto Scholl [17] with the aim of
evaluating human HRI and negotiation perception.

V. RESULTS

This section summarizes the user study results (Table
I). We begin by examining participants’ evaluations of the
different plan proposals, extracted from the questionnaire,
Fig. 5. Notably, the robot’s initial proposal π1 received the
lowest median evaluation. However, subsequent robot pro-
posals (π3 and π5) show higher evaluations, suggesting that
the robot gradually proposes better plans and adapts more
effectively to the human’s feedback. In contrast, the human’s
proposals start with π2 at the highest median evaluation,
followed by π4, which reflects some degree of concession
but it is not seen on π6. This rise corresponds to the right y-
axis, indicating more iterations were needed for participants
to reach π6, suggesting that firm stances led to greater robot
concessions.

Similarly, Fig. 6 compares the final negotiated plan (πa)
with unilateral decision-making by the robot (π1) and the first
human proposal (π2). Under the unilateral scenario (π1), the
human’s utility is low, indicating dissatisfaction. When the
human presents their own plan (π2), their utility improves

significantly, while the robot’s utility decreases only slightly.
Finally, negotiation (πa) achieves a more balanced outcome
for both.

To analyze the questionnaire responses and identify pat-
terns in behavior and perception of the robot, ANOVA
tests were applied, Table I. The NASA-TLX item Q1.3,
which measures mental demand, showed a positive and
statistically significant correlation with the robotics expert
profile, suggesting that as participants’ robotics knowledge
increases, they tend to perceive the task as more mentally
demanding. In a similar vein, Rahim(JGP)’s Q4.1, which
assesses whether the robot withholds critical information
needed for a collaborative agreement, also exhibited a sig-
nificant positive correlation with robotics knowledge. This
indicates that participants with more expertise are more
sensitive to potential biases or specific attitudes displayed
by the robot.

Regarding total task time, Goodspeed items Q2.2 and
Q2.3 showed significant negative correlations, indicating that
shorter negotiations are linked to perceptions of the robot
as more knowledgeable and competent. In the ROCI II
subset, Q3.1 (robot accommodating user preferences) and
Q3.2 (robot yielding to human proposals) also showed sig-
nificant negative correlations with total time, suggesting that
quicker negotiations enhance the robot’s perceived flexibility.
Notably, Q3.2 had a particularly strong effect. In contrast,
Rahim(JGP) item Q4.4 (perceived internal disagreement) and
Q4.6 (divergence in proposal evaluation) showed significant
positive correlations with time, implying that longer negotia-
tions may increase perceptions of conflict in task allocation.

Although Q3.7, which gauges the inclination to seek a
middle-ground agreement, did not reach a high level of
statistical significance with respect to robotics knowledge,
there was a noticeable trend: more expert participants tended
to show less willingness to negotiate compromises. Overall,
these findings suggest that both the negotiation duration
and the participants’ level of robotics expertise are critical
factors in shaping perceptions of the robot’s performance.
Participants with higher robotics knowledge appear to adopt
a more assertive, challenger role, while shorter negotiation
interactions tend to foster more favorable impressions of the
robot’s intelligence and adaptability.

In Fig. 7, a progressive increase is observed in the user’s
ability to detect the robot’s priorities as the accepted plan
index increases, i.e., the more iterations carried out before
concluding the negotiation. For π2, the precision and recall
values are low; with π4, both metrics improve; and, finally,
with π6, the highest precision and an intermediate recall are
achieved. This indicates that, as the human interacts more
with the robot, it becomes easier to correctly identify its
priorities.

As shown in Fig. 8, we find no significant correlation
between preference elicitation understanding errors and the
resulting utility for the agents, suggesting that the negotiation
process provides an implicit alignment mechanism robust to
modelling errors.

To investigate this further, a Pearson correlation analysis



TABLE I
QUESTIONNAIRE COMPILATION

Total time Robotics knowl.
Questionnaire mean std corr. p-value corr. p-value

NASA-TLX [12], [13] (1 - 100)

Q1.3 MENTAL DEMAND 37.43 21.90 0.188 0.339 0.388 0.041

Goodspeed Subset [14] (1 → 5)

Q2.1 No emotion → 5 Very emotional 1.857 1.044 0.023 0.909 -0.276 0.155
Q2.2 Ignorant → Knowledgeable 3.679 0.723 -0.416 0.028 -0.062 0.754
Q2.3 Incompetent → Competent 3.750 0.844 -0.435 0.021 -0.137 0.487

ROCI II Subset [15] (Strongly disagree (1) - Strongly agree (7))

Q3.1 The robot usually accommodates my preferences. 5.321 1.492 -0.511 0.005 0.008 0.968
Q3.2 The robot has given in to my proposals. 4.929 1.904 -0.761 3e-06 0.159 0.419
Q3.7 I try to find a middle course to reach an agreement. 4.464 1.753 0.020 0.918 -0.319 0.098

Rahim(JGP) Subset [16] (Strongly disagree (1) - Strongly agree (7))

Q4.1 The robot withholds information necessary for the attain-
ment of a collaborative agreement.

3.429 1.731 0.027 0.891 0.481 0.010

Q4.3 There has been cooperation between the robot and me. 4.679 1.278 -0.098 0.620 -0.216 0.269
Q4.4 In our group, we have lots of bickering over who should
do what job.

3.357 1.909 0.714 2e-05 0.074 0.707

Q4.5 There is ”good” match between the teams’s (human and
robot) preferences and the tasks

5.179 1.416 -0.311 0.108 0.108 0.583

Q4.6 There is a difference of opinion in the evaluation of the
proposals between the robot and me.

4.036 1.401 0.456 0.015 -0.025 0.898

TABLE II
FINDINGS IN GROUP STUDY

Age Gender Independent Variables Goodspeed Subset [14] Rahim(JGP) Subset Adaptation [16]
Group mean std M F wr wh wc Tip Q2.1 Q2.2 Q2.3 Q4.1 Q4.3 Q4.4 Q4.5 Q4.6

G1 28.7 18.7 43% 57% 0.55 0.60 0.20 228 1.714 4.000 4.286 3.000 5.429 2.143 5.857 3.571
G2 36.1 16.5 43% 57% 0.55 0.60 0.20 312 1.143 3.714 3.857 4.000 4.143 4.714 5.143 5.143
G3 24.3 4.4 71% 29% 0.40 0.80 0.70 228 2.333 3.000 3.000 4.667 5.167 4.500 3.667 4.333
G4 33.0 23.2 29% 71% 0.40 0.80 0.70 312 2.667 3.833 3.667 2.000 4.333 2.500 5.500 3.667

Anova test p-value 0.034 0.079 0.055 0.039 0.065 0.013 0.023 0.083

Fig. 6. Comparison of robot’s utility (blue) and human evaluation (orange)
for three key plans: the robot’s initial proposal (π1), the human’s first
counter-proposal (π2) and the final agreement (πa).

examined the relationship between the robot’s understand-
ing of human preferences (LLM preferences metric) and its
evaluation of its own plans. When the robot poorly under-
stood human preferences, it tended to rate its plans more
negatively. While this correlation was not significant for π1

(r = −0.2035, p = 0.2990), significant negative correlations

Fig. 7. Human precision and recall in identifying the robot’s priorities,
by the agreement iteration (π2, π4, or π6). Increasing scores demonstrate
improved mental model alignment as the negotiation extends.

were found for π3 and π5 (r = −0.6517, p = 0.0046 and
r = −0.8451, p = 0.0342).

Although these results might appear to conflict with Fig. 8,
they are complementary: early misunderstandings may lower
the perceived quality of individual robot plans, yet the
negotiation still leads to agreements with no significant loss



Fig. 8. Human evaluation and Robot utility for the final plan accepted
vs preferences detection metric (mean for correctness and completeness for
both favor and disfavor)

in utility or perceived evaluation by human. This is reinforced
by the weak, non-significant correlation for human’s final
plan rating (r = 0.1852, p = 0.3454).

A. Group Study

Table II summarizes the ANOVA results assessing group
differences in participants’ perceptions based on the Good-
speed and Rahim (JGP) questionnaire subsets. The Tukey
HSD test highlights significant pairwise differences (in bold).

In the Goodspeed subset, Q2.1 shows a significant differ-
ence in perceived robot emotionality. Q2.2 and Q2.3, with
p-values near 0.05, suggest a potential trend in perceived
robot intelligence, particularly between G1 and G3.

In the Rahim (JGP) subset, which evaluates human-robot
interaction dynamics, Q4.1 reveals differences between G3
and G4, possibly influenced by gender imbalance. Q4.4
shows a significant difference between G1 and G2 in per-
ceived conflict, potentially linked to higher Tip in G2. Q4.6,
though not significant, suggests similar trends.

Perceptions of task fit (Q4.5) differ between G1 and G3,
possibly due to weight vectors less favorable to the human;
this warrants further investigation, especially considering
gender effects. Finally, Q4.3 approaches significance, hinting
at cooperation discrepancies between G1 and G2.

VI. CONCLUSIONS

This work presents a negotiation framework for task allo-
cation in human-robot teams, integrating automated planning
(PDDL) with natural language processing. Using an alternat-
ing offers protocol and a sigmoidal concession strategy, the
system iterates until both parties reach mutually acceptable
plans. Tests in a reception setting demonstrated improved
efficiency, perceived fairness, and adaptability compared to
unilateral decision-making.

Experiments with non-expert participants show that iter-
ative negotiation enhances preference alignment and user
satisfaction. While results are promising, the negotiation
process can be further refined for more complex and dy-
namic scenarios. Future research should explore advanced
preference models, real-time adaptation, and multi-agent
collaboration, as well as assess the long-term effects of
negotiation on team performance.

Ultimately, combining formal planning with LLM-driven
negotiation enables robotic systems that are not only techni-
cally proficient but also better aligned with human expecta-
tions and collaborative norms.
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