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We introduce a game-theoretic framework, together with a distributed algorithm, for automating multi-issue

data-sharing negotiations. The framework models interactions between data providers and data consumers as

a bargaining problem and defines a number of bargaining actions, negotiation parameter categories (such as

numerical, hierarchical, or query-based) and associated classes of utility functions for negotiating on these

parameters. We instantiate the framework for data-sharing in data marketplaces. For this real-world use

case, we provide a set of concrete negotiation parameters such as properties of the dataset (e.g., format,

price, or date), views or query-defined subsets, and even governance-related ones such as negotiating on the

privacy policy or the terms-of-use of the dataset. We propose two heuristics to guide agents’ behaviours,

greedy and concession-based. For our framework and heuristics, we provide theoretical guarantees as well

as an implementation evaluated on real-world datasets from bank marketing, gym workouts, and sensing

applications. Compared to traditional negotiation approaches, such as monotonic concessions and take-it-

or-leave-it protocols, our approach achieves higher agreement rates and utilities, while up to 49% improves

utility balance, measured as fairness.
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1 Introduction
In this paper, we address the problem of understanding, modelling, and automating multi-issue

data-sharing negotiations, which are critical for enabling scalable, privacy-aware, and regulation-

compliant data-sharing [15, 24, 32, 48].

Consider the example of a data-driven marketing campaign, where an ad-tech buyer requests

data from a bank-marketing dataset for people who are between 30 and 45 years old (age ∈ [30, 45])
and who have technical or managerial jobs (job ∈ {technician, admin}), offering payment for that

filtered view. However, the provider prefers to sell broader —ideally, full-table— access at a higher
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price. The buyer favours Advertising (and can also accept Direct Marketing), but the provider limits

the purpose to Personalised Advertising, caps the campaign duration at 90 days, and prohibits

third-party sharing beyond the buyer’s company role. Negotiations such as this one are typically

manual, involving complex trade-offs over heterogeneous parameters, and rely on time-consuming,

costly, ad-hoc, and error-prone processes which often lack standardisation.

We present a game-theoretic framework to model multi-issue negotiation in data-sharing and

an instantiation, including an implementation of this framework to support semi- and/or fully-

automated negotiation in data marketplaces. To the best of our knowledge, ours is the first game-

theoretic framework in data-sharing negotiation that goes beyond a single negotiated parameter

(usually just price). Indeed, we identify the need to support heterogeneous, multi-issue parameters,

such as numerical, hierarchical, ontology-based, nominal, and query-based attributes. Negotiating

these requires principled comparators or valuators for each parameter type (e.g., comparing two

queries or two data processing purposes) and consistent aggregation into utilities [24, 39, 47].

To achieve this, we model data-sharing negotiations as a two-player bargaining problem with

a distributed and sequential protocol. The negotiation setting involves a data provider (e.g., the

bank-marketing dataset owner) and a data consumer (e.g., the ad-tech buyer) who take alternating

turns in proposing and responding to multi-issue proposals over the strategic parameters [17, 75].

Each player tries to maximise their payoff, via a payoff function. At each turn, a player can

evaluate the opponent’s proposal (using a local utility function) andmay either accept the other’s last

proposal, generate a new one (using a proposal generation function), reject the proposal as infeasible,
or exit the negotiation. The game continues until both players accept a proposal (yielding an

agreement), or until one party exits or no feasible proposal remains. If not terminated pre-maturely,

the negotiation is structured to converge toward the Nash Bargaining Solution [23, 40, 61], which

maximises the product of each player’s payoff gains and guarantees Pareto optimality.

Our framework is abstract yet instantiable; it provides a reusable scaffold for practitioners

to instantiate locally with domain-specific types, payoff, proposal and utility functions, without

relying on central intermediators or rebuilding the protocol equilibrium and logic each time [17, 75].

We instantiate the framework for the domain of data marketplaces. Negotiated parameters in our

instantiation include, beyond price, dataset/query views, a range of parameters on data usage policies

such as usage control terms (purpose, action on data, duration, etc.), and even non-functional aspects

(e.g., environmental footprint of dataset); these different types come from established protocols and

vocabularies (e.g., IDSA, ODRL, DPV) and regulatory contexts (e.g., GDPR) [1, 19, 64, 72, 73].

Furthermore, we suggest and compare two heuristics to generate a proposal over the strategic

parameters: greedy and concession. The greedy heuristic selects the closest acceptable proposal to

the player’s previous proposal, minimising internal deviation. The concession heuristic, in contrast,

generates proposals closer to the opponent’s best previous proposal, encouraging faster agreement

through incremental compromise.

To validate our approach, we implemented the system and performed an empirical evaluation

on real datasets. The results demonstrate that the system converges efficiently under both greedy

and concession strategies, with the latter reaching agreements in fewer rounds on average. We

demonstrate the superiority of our framework over traditional protocols like take-it-or-leave-it and

monotonic concession [22, 50], achieving significantly higher agreement rates and utility gains.

Additionally, we compare our framework against the centralised Nash Bargaining Solution Oracle

(where computable) and present a Proof-of-Concept (PoC) to demonstrate the end-to-end feasibility

of our approach.

In summary, our contributions are: (1) a formal, game-theoretic framework for automated, multi-

issue data-sharing negotiation, uniquely supporting heterogeneous parameters like queries and
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hierarchical concepts; (2) a concrete instantiation for data marketplaces, including two novel pro-

posal generation heuristics; (3) parameters and protocols aligned with standards (IDSA, ODRL, DPV)

that practitioners can use in instantiations for their specific domain; (4) a theoretical analysis and

proofs on convergence and computational complexity of our algorithms; and (5) a comprehensive

experimental evaluation and PoC that demonstrates the feasibility and superiority of our system

over established baselines.

2 Game Theory Background
In Game Theory, an 𝑛-player game [49], consists of a set of 𝑛 players, strategies (or actions) for

players, a set of strategy profiles (states in the game), and a payoff function for each player that

evaluates the current state of the game.

Definition 2.1. An 𝑛-player game is a triple (𝑃, Σ,Π), where:
• 𝑃 = {𝑝1, 𝑝2, . . . , 𝑝𝑛} is a set of 𝑛 players.

• Σ = Σ1 × Σ2 × · · · × Σ𝑛 is a set of strategy profiles, where Σ𝑖 is a set of strategies for the player
𝑝𝑖 . A strategy profile is a vector 𝜎 = (𝜎1, 𝜎2, . . . , 𝜎𝑛), where 𝜎𝑖 is a strategy (action) of Σ𝑖
(𝑖 = 1, 2, . . . , 𝑛).

• Π = (𝜋1, 𝜋2, . . . , 𝜋𝑛) is a vector of payoff functions. Where 𝜋𝑖 : Σ→ R is a real-valued payoff

function for player 𝑝𝑖 (𝑖 = 1, 2, . . . , 𝑛). The image of a payoff function in R is also known as a

payoff value.

In general, players follow strategies that maximise their payoff in response to other players’

strategies. A stable solution, where no player has an incentive to deviate from the current situation,

is referred to as a Nash equilibrium (NE)[45]. To define NE, we first need to define what the Best
Response to a strategy profile is [49]:

Definition 2.2. Let 𝜎−𝑖 = (𝜎1, 𝜎2, . . . , 𝜎𝑖−1, 𝜎𝑖+1, . . . , 𝜎𝑛) be a strategy profile without player 𝑝𝑖 ’s

strategy; the full strategy profile is written as 𝜎 = (𝜎𝑖 , 𝜎−𝑖 ). Player 𝑝𝑖 ’s best response to 𝜎−𝑖 is a
strategy 𝜎∗𝑖 ∈ Σ𝑖 such that: for all 𝜎𝑖 ∈ Σ𝑖 , 𝜋𝑖 (𝜎∗𝑖 , 𝜎−𝑖 ) ≥ 𝜋𝑖 (𝜎𝑖 , 𝜎−𝑖 ).

Definition 2.3. A strategy profile 𝜎∗ = (𝜎∗
1
, . . . , 𝜎∗𝑛) ∈ Σ is a Nash Equilibrium, if for all 𝑖 , 𝜎∗𝑖 is the

best response to 𝜎∗−𝑖 for player 𝑝𝑖 .

A Nash Equilibrium represents a state of individual strategic stability – no player can improve

their outcome by unilaterally changing their strategy, assuming the others’ strategies remain fixed.

However, while NE helps identify stable decisions, it does not guarantee group efficiency. A Pareto
Optimal [53] (PO) state is an NE where no player’s situation can be improved without making

another player worse off –in other words– guaranteeing social efficiency.

Definition 2.4. A strategy profile 𝜎∗ ∈ Σ is considered Pareto Optimal if there is no strategy profile
𝜎 ∈ Σ such that for all players 𝑖 , 𝜋𝑖 (𝜎) ≥ 𝜋𝑖 (𝜎∗), there exists a player 𝑗 such that 𝜋 𝑗 (𝜎) > 𝜋 𝑗 (𝜎∗).

The Pareto frontier is the set of profiles that are Pareto Optimal.

In this paper we model the problem of data-sharing as a two-player bargaining problem [61]

wherein two individuals have the opportunity to collaborate for mutual benefit in more than one

way, such as through negotiation. No action taken by one individual without the consent of the

other can affect the well-being of the other. The bargaining problem is also called a bilateral bargain

or bilateral monopoly.

Definition 2.5. A Two-Player Bargaining Game is a quintuple G = (𝑃, Σ,Π,Θ, 𝑄), where:
• (𝑃, Σ,Π) is an n-player game with 𝑛 = 2, and 𝑃 = {𝑝1, 𝑝2}.
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• Θ = (𝜃1, 𝜃2) is a pair of reservation values 𝜃1 and 𝜃2 for the players 𝑝1 and 𝑝2, respectively,

where 𝜃𝑖 is the lowest acceptable payoff value for player 𝑖 .

• 𝑄 = (𝑞1, 𝑞2) is a pair of payoff values 𝑞𝑖 ∈ R, called the status quo values, that the players 𝑝1

and 𝑝2 would receive, respectively, if they didn’t bargain with the other player [27]. Status

quo represents each player’s fallback position, which could be a disagreement outcome (e.g.,

no deal) or a predefined baseline payoff.

A bargaining game can have multiple NE, and some that are PO depending on the players’

strategies. However, the Nash Bargaining Solution (NBS) —a concept from cooperative game theory

[49] — is a unique NE and PO solution for a given bargaining problem and is commonly considered

as a fair solution. Every bargaining game that satisfies Nash axioms [61] has exactly one Nash

bargaining solution on the PO frontier (the NBS). Solutions that are within the reservation bounds

are called feasible and defined as:

Definition 2.6. A strategy pair 𝜎 = (𝜎1, 𝜎2) is a Feasible Solution (FS) to a bargaining game, if:

𝜋1 (𝜎) ≥ 𝜃1 and 𝜋2 (𝜎) ≥ 𝜃2

Definition 2.7. A strategy pair 𝜎∗= (𝜎∗
1
, 𝜎∗

2
) is a Nash Bargaining Solution (NBS) or fair solution, if:

(𝜋1 (𝜎∗), 𝜋2 (𝜎∗)) = arg max

(𝜎̄ ) ∈𝐹𝑆
(𝜋1 (𝜎) − 𝑞1) (𝜋2 (𝜎) − 𝑞2),

where 𝜎 is a FS in the set of all feasible solutions, 𝑞𝑖 is the status quo value of player 𝑝𝑖 and

𝜋1 (𝜎) ≥ 𝑞1, and 𝜋2 (𝜎) ≥ 𝑞2 [61].

Bargaining games that model real-life negotiations, such as the data negotiations that we address

in this paper, are sequential and distributed, with each player independently taking turns to suggest

a solution. At the same time, players have incomplete information [37]; not all game parameters of

one player (e.g., costs, values, or constraints) are known to the other.

For example, the ad-tech buyer knows their maximum willingness to pay, and a bank-marketing

data provider knows their minimum acceptable price, but neither knows the other’s value. Therefore,

each chooses a strategy (e.g., what to propose or ask) based on their beliefs about the other side.

To capture the alternating, distributed process of bargaining, we provide Algorithm 1 as a skeleton

where both players iteratively exchange and revise proposals by calling function Play in line 1.

Algorithm 1 Distributed Sequential Bargaining

1: function Play(𝑖, 𝑡, 𝜎𝑡−1, 𝜎𝑡−2, maxProd,G)
2: 𝑗 ← (2 − 𝑖) + 1 // 𝑗 is the other player

3: if 𝑡 == 0 then

4: 𝜎𝑡 ← choose an action in Σ1

5: else

6: 𝜎𝑡 ← BestResponse(𝑖, 𝜎𝑡−1,G)
7: if 𝜎𝑡 == 𝜎𝑡−2

then

8: return ((𝜎𝑡 , 𝜎𝑡−1), maxProd)
9: else

10: 𝜐 ← 𝜋1 (𝜎𝑡 , 𝜎𝑡−1)
11: 𝜈 ← 𝜋2 (𝜎𝑡 , 𝜎𝑡−1)
12: if (𝜐 − 𝑞1) (𝜈 − 𝑞2) > maxProd then
13: maxProd← (𝜐 − 𝑞1) (𝜈 − 𝑞2)
14: return Play( 𝑗, 𝑡 + 1, 𝜎𝑡 , 𝜎𝑡−1, maxProd,G)
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The algorithm takes as inputs (line 1): the player identifier 𝑖 (1 or 2), the current turn 𝑡 (player 𝑝1

plays at even 𝑡 , and 𝑝2 at odd 𝑡 ), the incoming action from the opponent 𝜎𝑡−1
, the player’s own

previous action 𝜎𝑡−2
(played two rounds earlier), the best joint payoff product so far, maxProd (the

Nash product computed toward the NBS of Def. 2.7), and the remaining game parameters G.
The game starts with Play(1, 0, NULL, NULL, 0,G), so player 𝑝1 moves first by choosing an initial

action (line 4). Thereafter, at each turn 𝑡 > 0, the active player 𝑝𝑖 plays a best response to the oppo-

nent’s last action (line 6). If this best response coincides with the action played two rounds earlier

(line 7), the procedure halts and returns the current pair of actions (line 8); otherwise, it updates the

recorded Nash product (lines 10–13) and invokes the other player 𝑗 (line 14). The BestResponse

subroutine in Alg. 2 implements a simple maximisation over Σ𝑖 against the opponent’s last action.

Algorithm 2 Compute Next Best Strategy

1: function BestResponse(𝑖, 𝜎𝑡−1,G)
2: 𝜎∗ ← an action in Σ𝑖
3: for all 𝜎 ∈ Σ𝑖 do
4: if 𝜋𝑖 (𝜎, 𝜎𝑡−1) > 𝜋𝑖 (𝜎∗, 𝜎𝑡−1) then
5: 𝜎∗ ← 𝜎

6: return 𝜎∗

Note that Algorithms 1 and 2 are oversimplified in order to serve as a basis for further development.

First, although we give a single distributed algorithm in Algorithm 1, each player could choose to

have its own implementation; instead of a recursive Play function we could have a function Play1

calling in line 14 a function Play2 and vice versa. That could allow different implementations of

Algorithm 2 per Play𝑖 , and also sharing in line 14 only the parts of the game G that are necessary for

the other player (since our games are of incomplete information). Moreover, in order for Algorithm 1

to converge to an NBS, its implementation needs to guarantee certain regularity conditions. If

each player’s strategy set Σ𝑖 is finite (or compact) and payoffs 𝜋𝑖 are continuous, and if each

best-response step never decreases the joint Nash product (𝜐 − 𝑞1) (𝜈 − 𝑞2), then the sequence of

plays makes monotonic progress and eventually stabilises at a pair of mutual best responses, that

is, an NE. Moreover, if the Nash product is strictly quasi-concave on the feasible set (e.g., when at

least one player’s utility is strictly concave), then the NBS is unique [28, 53, 61, 63]. Without these

conditions, which we enforce subsequently, the dynamics may oscillate or cycle, and convergence

is not guaranteed.

For brevity, in the next section we expand on the skeleton of Algorithm 1 by working on a single

recursive function that can be easily implemented as two separate and mutually recursive functions

(which we do implement in Section 5).

3 Negotiation Framework for Data-Sharing
In this section, we present an abstract framework for data-sharing negotiations, building on

Definition 2.5 and Algorithms 1 and 2.

In the context of data-sharing, negotiations revolve around a set of strategy parameters 𝑋 =

{𝑋1, 𝑋2, ..., 𝑋𝑛}, such as dataset view, price, purpose of use, and duration. In our running example (ad-

tech buyer and bank-marketing data provider) the strategy parameters are 𝑋 = {𝑋1 : 𝐷𝑎𝑡𝑎𝑠𝑒𝑡, 𝑋2 :

𝑄𝑢𝑒𝑟𝑦, 𝑋3 : 𝑃𝑢𝑟𝑝𝑜𝑠𝑒, 𝑋4 : Third-Party, 𝑋5 : 𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛, 𝑋6 : 𝑃𝑟𝑖𝑐𝑒}. At each turn, a player proposes

concrete values for these parameters, (a proposal).
While Section 4 presents a concrete instantiation of a negotiation game tailored for data mar-

ketplaces, including a set of concrete strategy parameters, this section focuses on the underlying
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framework. We define a value domain𝑉𝑖 for each parameter 𝑋𝑖 and for each player 𝑝𝑖 we introduce

abstract mechanisms such as: a proposal generation function 𝑓𝑖 , a proposal selection function 𝜙𝑖 to

choose from existing or generated proposals, a proposal utility evaluation function 𝑢𝑖 (also called

local utility function), and a utility distance function Δ to compare the utilities of two consecutive

proposals (i.e., by Δ(𝑢𝑖 (®v𝑡−1), 𝑢𝑖 (®v𝑡 ))). We also extend the payoff functions and reservation bounds

to incorporate proposal values for strategy parameters. Status quo values are default payoff values.

Definition 3.1. (Data-Sharing Negotiation Game) A data-sharing negotiation game is a tuple

G = (𝑃, Σ,Π,Θ, 𝑄, 𝑋,𝑉 ,Φ, 𝐹 ,𝑈 ,Δ), where:
• (𝑃, Σ,Π,Θ, 𝑄) is a sequential 2-player bargaining game with:

– player 𝑝1 being the data consumer and 𝑝2 the data provider,

– Σ provides available action set for players.

– the payoff functions are extended to receive three proposal tuples (the previous two and

the new one) such that 𝜋𝑖 : Σ × V3 → R, where V is the domain of proposals. This is

a protocol-level payoff that makes the payoff value depend on the cross-product of the

chosen action and the proposals, even though such action–proposal combinations are not

explicitly represented in the action set.

– Θ and 𝑄 are generalised reservation bounds of the strategy parameters and utility value,

and status quo values, respectively.

• 𝑋 = (𝑋1, 𝑋2, . . . , 𝑋𝑛) is a vector of 𝑛 ∈ N attributes called strategy parameters; these are the
subjects of the negotiation.

• 𝑉 = (𝑉1,𝑉2, . . . ,𝑉𝑛) is a vector of domains; each domain 𝑉𝑖 is a set of values for the corre-

sponding parameter 𝑋𝑖 , such that the domain of proposalsV is 𝑉1 ×𝑉2 × · · · ×𝑉𝑛 .
• Φ = (𝜙1, 𝜙2) is a pair of proposal selection functions where each function takes as input a

strategy and two last proposals (the opponent’s recent proposal and the player’s last proposal);

output is a proposal, i.e., 𝜙𝑖 : Σ ×V2 →V .

• 𝐹 = (𝑓1, 𝑓2) is a pair of proposal generation functions where each 𝑓𝑖 is used internally in an

𝜙𝑖 to generate a new proposal given two previous ones: 𝑓𝑖 : V2 →V .

• 𝑈 = (𝑢1, 𝑢2) is a pair of local utility functions players apply to calculate the utility of a

proposal locally.

• Δ is a proposal distance function: Δ : R𝑚 × R𝑚 → R that will help us compare proposals or

their utilities.

We model data-sharing negotiation as a 2-player sequential bargaining game, where a data
consumer is negotiating to obtain data from a data provider. Both players apply the same strategy

set include four available actions, which may go hand in hand with proposals:

• 𝐺 : Generate a proposal for the strategy parameters using proposal selection function 𝜙𝑖 .

• 𝐴: Accept the last proposal received at 𝑡 − 1.

• 𝑅: Reject the proposal received at 𝑡 − 1 because it is outside the player’s reservation values.

• 𝐸: Exit the negotiation. This is a special action that might not lead to an NBS but allows a

player to arbitrarily terminate the negotiation.

The rest of the section details each dimension of Def. 3.1 and algorithms for our framework. In

Section 3.1 we discuss types of strategy parameters, proposal domains and how we can evaluate

them through the proposal utility functions 𝑢𝑖 , and compare them through the proposal distance

function Δ. In Section 3.2 we discuss the proposal generation and selection functions and define

our setting’s payoff functions. In Section 3.3 we explore reservation values and status quo.

Note that, as pointed out in Section 2, we again use a single recursive algorithm to present the

behaviour of both players, with each recursive step representing the execution of a different player;
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we use a single proposal selection function 𝜙 and a single proposal generation 𝑓 . In reality, players

could choose to use different functions and even play irrationally [20]. If the functions obey some

general principles, such as in the case of the concrete functions we give in Section 4, and if the

players do not terminate the game irrationally, games in our framework converge to (an agreed

vector of values ®v for the strategy parameters that is) an NBS.

3.1 Strategy Parameters
In a data-sharing negotiation, players negotiate over the strategy parameters. These parameters

often exhibit distinct characteristics; here we distinguish four main categories: nominal, query-

based, hierarchical and numerical, and discuss options for the utility evaluation function 𝑢𝑖 and the

proposal distance Δ. More types of parameters can be easily added in our framework.

Nominal parameters are attributes that represent categories without any inherent order or

quantitative value, such as natural language text (e.g., a part of the negotiated agreement’s terms

and conditions). The utility value of a nominal parameters depends on the application and could

even be human-produced: e.g., a lawyer reads proposed terms and conditions and produces a utility

value. In the bank-marketing example, provider may prioritise that their brand must be mentioned

in the advertisements; and the ad-tech company’s lawyer might value this term highly.

A query-based parameter defines subsets of datasets or query answers. In data-sharing, actors

might negotiate over query answers that return specific records or attributes (e.g., some views over

the data might be private).

Evaluating the utility of a proposed query as a numerical value can be done inmany different ways,

for example one could price the query [47], or use information-theoretic notions such as how much

information a query discloses [55]. Comparing different proposed queries in negotiation can also be

done directly, without relying on utility. Notions such as query containment, equivalence [3], query

determinacy [60] or query overlap [46] can also be used. For example, if a requested query violates

any of the provider’s prohibitions, the provider can compute a new counter-query that excludes all

prohibited data by computing the overlap between the requested query and the prohibited data.

The consumer can then decide to accept or reject the provider’s counter-query.

Ontology-based and Hierarchical parameters are those whose possible values are organised in

tree-like structures, e.g., taxonomies or ontologies, and represent relationships between concepts

with varying levels of specificity. We use this type to specify dataset policies.

Policy languages such as the Open Digital Rights Language (ODRL) [19] in combination with

ontologies, such as the Data Privacy Vocabulary (DPV) [64], are used to express fine-grained

preferences, policies and rules. Users can define rules based on deontic logic concepts, namely

permissions, prohibitions and obligations with components such as the actions they refer to, assets
that are the targets of rules, purposes for which the rules are enforecd, actors, who are the assignees
or assigners of the rules, etc [66]. More detailed attributes of these components can be specified in

the ontology vocabularies as properties, and policies can detail restrictions on their values. In the

general case, a data consumer will want the most permissive policy rules for the smallest price,

whereas the data provider will want to cost data usage as much as possible.

One can combine policies and query/view-based data access. For example, the provider might

define which views, tables and attributes in their dataset are subject to particular data and usage

rules. A simple such ODRL permission can be for the action “execute query” with a property “query”

whose value is the string representation of the query (in a standard query language). Conversely,

the provider can also define prohibitions in the same manner. Assuming the requested query doesn’t

violate the provider’s access control policy, the provider should then calculate the price of the

requested dataset and query pair (using their own pricing function), and add said value to the price

parameter of the negotiation.
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Although orthogonal, in our framework we translate ontology requirements to numerical values.

The numerical utility value of a hierarchical parameter will depend on the position of the chosen

value in the hierarchy. Considering the number of edges from the root of the hierarchical tree 𝑇

to the chosen value 𝑛𝑜𝑑𝑒 as 𝑑𝑒𝑝𝑡ℎ(𝑛𝑜𝑑𝑒,𝑇 ), and ℎ𝑒𝑖𝑔ℎ𝑡 (𝑇 ) as the depth of the deepest node in the

hierarchy, an example utility value will be:

𝑢𝑡𝑖𝑙𝑖𝑡𝑦 (𝑛𝑜𝑑𝑒) =
{
𝑑𝑒𝑝𝑡ℎ (𝑛𝑜𝑑𝑒,𝑇 )
𝑑𝑒𝑝𝑡ℎ (𝑛,𝑇 ) for data providers;

ℎ𝑒𝑖𝑔ℎ𝑡 (𝑇 )−𝑑𝑒𝑝𝑡ℎ (𝑛,𝑇 )
𝑑𝑒𝑝𝑡ℎ (𝑛,𝑇 ) for data consumers.

(1)

In the example, the ad-tech buyer sets their purpose as Advertising; considering the DPV purpose

hierarchy
1
, we have 𝑑𝑒𝑝𝑡ℎ(𝐴𝑑𝑣𝑒𝑟𝑡𝑖𝑠𝑖𝑛𝑔, DPV_purpose) = 2 (as a child node of Marketing) and we

have ℎ𝑒𝑖𝑔ℎ𝑡 (DPV_purpose) = 4. Thus, the utility value for both the data provider and the buyer is

1

2
. Distance functions for hierarchical values can simply compare their utility values or involve a

more sophisticated algorithm that compares ontologies [29, 66].

Numerical parameters Numerical parameters are simply represented by numbers; price is a

common example in bargaining problems. Utilities and distances are trivially defined, e.g, a utility

value could be the normalised value of the parameter itself and the distance a simple difference.

For example, 𝑝𝑟𝑖𝑐𝑒 = £50 in the ad-tech buyer initial proposal is a numerical parameter.

Once the strategy parameters are defined, parties generate and exchange proposals based on

their chosen strategies. Next, we introduce the proposal selection and generation functions and

define how these are used in the payoff function of the data-sharing negotiation game.

3.2 Proposal Selection and Payoff Functions
At each turn of the game, a player may formulate a proposal ®v𝑡 and suggest it to the opponent. To

make proposals towards an NE (and an NBS) solution, a player needs to consider their previous

proposal (denoted ®v𝑡−2, 𝑡 ≥ 2) sent at 𝑡 − 2 and compute the new proposal ®v𝑡 that may have a lower

local utility value than ®v𝑡−2
, 𝑢𝑖 (®v𝑡 ) ≤ 𝑢𝑖 (®v𝑡−2), while respecting the reservation bounds. Optionally,

proposal generation can also take into account the opponent’s recent proposal (denoted ®v𝑡−1
). This is

the reason that the general form of the proposal generation function is 𝑓 : V×V → V (see Def. 3.1).

In addition, efficient implementations of 𝑓 should suggest proposals within the boundaries of the

reservation values Θ𝑖 which reflect the player preferences (we define reservation values customised

for data-sharing scenarios in Section 3.3). Note that the feasible space of proposals in multi-issue

negotiation is high-dimensional and expands with the number of strategy parameters [16], and

thus, one can employ heuristic methods to generate proposals efficiently. In Section 4, we present

two proposal generation heuristics that take a different number of past proposals into account.

In the beginning of the game, there are no past proposals to compare to, so the generation

function computes the values for the proposal by taking the players’ corresponding reservation

values. For the consumer, these values will be the upper threshold of their reservation values (other

than price), and the opposite for providers.

At 𝑡 ≥ 2, the proposal selection function takes the action of the player and the last two proposals

®v𝑡−1, ®v𝑡−2
and, if the action is 𝐺 (Generate), calls 𝑓 and generates a new proposal, or if the action

is 𝐴 (Accept), returns the accepted proposal ®v𝑡−1
. When the player’s action is 𝑅 (Reject), because

the opponent’s proposal is outside the player’s reservation values, they either generate a new

proposal, as 𝐺 (if possible) or return their own previous proposal ®v𝑡−2
. Ultimately, if the player

is choosing 𝐸 (Exit) there is no need to call 𝜙 or 𝑓 . For ease of notation, we will define the set

®V𝑡 = {®v𝑖 | 𝑖 ∈ [0, 𝑡]} that contains needed previous proposals.

1
https://github.com/w3c/dpv/blob/master/diagrams/purpose-2.png
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𝜙 (𝜎𝑡 , ®V𝑡−1) =


𝑓 (®v𝑡−1, ®v𝑡−2) if 𝜎𝑡 =𝐺,

®v𝑡−1
if 𝜎𝑡 = 𝐴;

®v𝑡−2
if 𝜎𝑡 = 𝑅;

NULL if 𝜎𝑡 = 𝐸;

(2)

In order to select a strategy at 𝑡 , the player must evaluate the payoff of the strategy profile at 𝑡 ,

𝜎𝑡 = (𝜎𝑡 , 𝜎𝑡−1), but taking the generated proposal ®v𝑡 and the previous two proposals, ®v𝑡−1, ®v𝑡−2
,

into consideration. The extended payoff function also considers the proposal utility and distance

functions in order to compute the action with the highest payoff, and is defined as follows:

𝜋𝑖 (𝜎𝑡 , 𝜎𝑡−1, ®V𝑡 ) =



1 if (𝜎𝑡 , 𝜎𝑡−1) = (𝐴,𝐴)
1 if (𝜎𝑡 , 𝜎𝑡−1) = (𝐸, 𝐸)
1 − Δ(𝑢𝑖 (®v𝑡−1), 𝑢𝑖 (®v𝑡 )) if (𝜎𝑡 , 𝜎𝑡−1) = (𝐺,𝐺)
1 − Δ(𝑢𝑖 (®v𝑡−2), 𝑢𝑖 (®v𝑡−1)) if (𝜎𝑡 , 𝜎𝑡−1) = (𝐴,𝐺/𝑅)
0 otherwise

(3)

When the opponent plays an Accept or Exit action, Equation 3 incentivises the player to mirror

these actions (the first two cases). If the opponent either generates a proposal (𝐺) or rejects the

player’s proposal (𝑅), then the payoff corresponds to the best outcome between accepting the

opponent’s proposal or generating a new one in response (the next two cases). In all other cases,

the payoff is 0, as they represent invalid combinations of strategies.

Considering the proposal (or local) utility function 𝑢𝑖 (®v), several functions are applicable. In
multi-objective decision and game-theoretic settings, an additive utility function is appropriate

when the objectives are largely substitutable2 and trade-offs between them are approximately

linear [8, 42, 43]. While our framework adopts a linear additive utility function within each agent

for tractability and to ensure convexity of acceptable proposal sets, other formulations—such as

multiplicative [41], quadratic [54], or non-additive (Choquet) utilities [8, 34]—can capture richer

inter-issue interactions. For example, a multiplicative utility function is preferred when objectives

are complementary or interact in a “weakest-link” manner, when proportional effects or scale

invariance are desired [6, 41, 61, 70]. In addition, for the Δ functions we can use different options,

e.g., Euclidean distance or Manhattan (L1) distance. In Section 4 we employ a simple Euclidean

distance Δ function and a linear additive utility function.

Before integrating the proposal selection and payoff functions into our algorithm in Section 3.4,

we discuss reservation values.

3.3 Reservation Values and StatusQuo
In our framework we abuse the notion of a reservation bound, which is simply a lowest allowed

payoff value per Definition 2.5, and define bounds for the values of the strategy parameters

themselves (i.e., defining whether proposal ®v is within the reservation bounds), as well as a lowest

acceptable value for the proposal utility. In effect, a bound will be a pair Θ𝑖 = ({𝜃 𝑖𝑗 }𝑛𝑗=1
, 𝜃 𝑖𝑢𝑟 ); where

{𝜃 𝑖𝑗 }𝑛𝑗=1
is the per-issue feasibility region, such that each 𝜃 𝑖𝑗 = <𝜃𝑚𝑖𝑛

𝑗 , 𝜃𝑚𝑎𝑥
𝑗 > is the acceptable value

range for strategy parameter 𝑋 𝑗 for player 𝑝𝑖 and 𝜃 𝑖𝑢𝑟 is the utility reservation threshold for 𝑝𝑖 ,

comparable with 𝑢𝑖 (®v). In fact, 𝜃 𝑖𝑢𝑟 is the lowest acceptable payoff value for player 𝑖 . Depending on

the type of the strategy parameter, 𝜃 𝑖𝑗 is in one of the following categories:

2
If one objective becomes worse, another can improve sufficiently to keep overall satisfaction constant.
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• If 𝑋 𝑗 is a nominal parameter, reservation bounds can come from user defined-functions that

analyse the value of the parameter in a proposal or from extra-algorithmic processes.

• If 𝑋 𝑗 is a query-based parameter, reservation bounds can come from subset relations of the

query answers, containment relationships of queries, or numerical prices that represent the

answer’s information load, or monetary value. For example, the bank-marketing provider

may simply set their reservation bounds for𝑋 𝑗 : 𝑄𝑢𝑒𝑟𝑦 to (SELECT * FROMD) demonstrating

their willingness to share the whole table.

• If 𝑋 𝑗 is a hierarchical parameter, 𝜃min

𝑗 can be a value at the lower levels of the hierarchy,

and 𝜃max

𝑗 at the higher levels. For example, the bank-marketing provider sets the bounds of

𝑋 𝑗 : 𝑃𝑢𝑟𝑝𝑜𝑠𝑒 as 𝜃max

𝑗 = PersonalisedAdvertising, meaning that they will accept purposes under

it in the respective hierarchy, such as TargetedAdvertising and they will reject Advertising
which is higher than 𝜃max

𝑗 in the hierarchy.

• If 𝑋 𝑗 is a numerical parameter, the bounds are self-explanatory. For example, an ad-tech

buyer may define their reservation bounds for 𝑋 𝑗 : 𝑃𝑟𝑖𝑐𝑒 as [0, 90].
Note that there must exist an overlap between the players’ reservation values, otherwise negoti-

ation is not possible.

Regarding status quo, we assume there is no prior agreement and a disagreement yields no local

utility for either player and 𝑄 = (𝑞1, 𝑞2) = (0, 0). While this assumption may incentivise players to

reach an agreement, our framework is flexible and can incorporate payoff values from previous

agreements as the players’ status quo values.

In our example, we instantiate Definition 3.1 with the ad-tech buyer (consumer 𝑝1) and the

bank-marketing provider (𝑝2). The strategy parameters are 𝑋 = {𝑋1 : 𝑄𝑢𝑒𝑟𝑦, 𝑋2 : 𝑃𝑢𝑟𝑝𝑜𝑠𝑒, 𝑋3 :

Third-Party, 𝑋4 : 𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛, 𝑋5 : 𝑃𝑟𝑖𝑐𝑒} with domains 𝑉1, . . . ,𝑉5 as defined earlier. A proposal in

round 𝑡 is of the form ®v𝑡 = (𝑣𝑡
1
, . . . , 𝑣𝑡

5
) ∈ 𝑉1 × · · · ×𝑉5. The utilities 𝑈 = (𝑢1, 𝑢2) are linear additive

over normalised per-attribute scores (query value, purpose depth, etc.), with a scalar distance

Δ(𝑎, 𝑏) = |𝑎 − 𝑏 | to measure movement across rounds. Each side enforces reservation bounds

Θ𝑖 (per-attribute ranges plus a minimum utility). At 𝑡 = 0 the buyer starts the negotiation with

®v0 =((SELECT * FROM D WHERE 30 ≤ 𝑎𝑔𝑒 ≤ 45 AND 𝑗𝑜𝑏 ∈ {𝑡𝑒𝑐ℎ𝑛𝑖𝑐𝑖𝑎𝑛, 𝑎𝑑𝑚𝑖𝑛}), 𝐴𝑑𝑣𝑒𝑟𝑡𝑖𝑠𝑖𝑛𝑔,
𝐶𝑜𝑚𝑝𝑎𝑛𝑦, 90d, £50). If the provider does not accept ®v0

and chooses G, they generate a counter-offer;
e.g., ®v1 = (𝑣0

1
, 𝑃𝑒𝑟𝑠𝑜𝑛𝑎𝑙𝑖𝑠𝑒𝑑𝐴𝑑𝑣𝑒𝑟𝑡𝑖𝑠𝑖𝑛𝑔, 𝑣0

3
, 60d, £70), staying within Θ2. The buyer then chooses 𝐴

or 𝐺 by maximising 𝜋1; under the proposal generation step, 𝑓1 nudges ®v0
toward ®v1

(e.g., shorter

duration or higher price) while keeping 𝑢1 ≥ 𝜃 1

𝑢𝑟 . This back-and-forth continues until both accept

(𝐴,𝐴) or one exits.

3.4 Data-Sharing Negotiation Algorithm
We extend Algorithm 1 into Algorithm 3 which now contains the set of past proposals ®V𝑡−1

as an

additional input, and one additional output, ®v𝑡 , which is the converged agreed proposal of the NBS

of the game. We also extend Algorithm 2 with the same two additional inputs and output resulting

in Algorithm 4. Similarly to Algorithm 1, the first call of the game is Play(1, 0, NULL, NULL, 0, ∅,G);
these are the same values that initialise Algorithm 1 and where the new inputs ®v𝑡−1

and ®v𝑡−2
are

both undefined. Unlike Algorithm 1, and closer to a real setting, any player can choose at any turn

to terminate the game by choosing strategy 𝐸 (lines 3-4). In the next turn the opponent will reply

to this with an 𝐸 themselves and then terminate the game by returning NULL values (lines 9-10).

At the first turn of the game (𝑡 = 0), and if not exiting, 𝑝1 now must choose the action 𝐺 , and

generate a proposal for the strategy parameters (line 6); the first proposal will be generated to

fully satisfy the user’s preferences by assigning the upper bounds of the reservation values to each

parameter. As before, in intermediate game states, the player calls the BestResponse function at
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Algorithm 3 Distributed Bargaining for Data-Sharing Negotiation

1: function Play(𝑖, 𝑡, 𝜎𝑡−1, 𝜎𝑡−2, maxProd, ®V𝑡−1,G)
2: 𝑗 ← (2 − 𝑖) + 1 ⊲ 𝑗 is the other player

3: if Player chooses to terminate then

4: return Play( 𝑗, 𝑡 + 1, 𝐸, 𝜎𝑡−1, 0, ∅,G)
5: if 𝑡 < 2 then ⊲ First play of either player.

6: ®v𝑡 ← 𝜙 (𝐺, ∅)
7: else

8: (𝜎𝑡 , ®v𝑡 ) ← BestResponse(𝑖, 𝜎𝑡−1, ®V𝑡−1,G)
9: if (𝜎𝑡 , 𝜎𝑡−1) == (𝐸, 𝐸) then
10: return ((𝐸, 𝐸), 0, NULL)
11: if ®v𝑡 == ®v𝑡−1

then

12: return ((𝐴,𝐴), maxProd, ®v𝑡 )
13: else

14: 𝜐 ← 𝜋1 (𝜎𝑡 , 𝜎𝑡−1, ®V𝑡 )
15: 𝜈 ← 𝜋2 (𝜎𝑡 , 𝜎𝑡−1, ®V𝑡 )
16: if (𝜐 − 𝑞1) · (𝜈 − 𝑞2) > maxProd then
17: maxProd← (𝜐 − 𝑞1) · (𝜈 − 𝑞2)
18:

®V𝑡 ← ®V𝑡−1 ∪ {®v𝑡 }
19: return Play( 𝑗, 𝑡 + 1, 𝜎𝑡 , 𝜎𝑡−1, maxProd, ®v𝑡 ,G)

Algorithm 4 Best response for Data-Sharing Negotiation

1: function BestResponse(𝑖, 𝜎𝑡−1, ®V𝑡−1,G)
2: if 𝜎𝑡−1 == 𝑅 then

3: if ®v𝑡−1 ∈ Θ𝑖 then

4: return (𝐴, ®v𝑡−1)
5: else

6: return (𝐸, NULL)
7: if ®v𝑡−1 ∉ Θ𝑖 and ®v𝑡−1 == ®v𝑡−3

then

8: return (𝑅, ®v𝑡−2)
9: 𝜎∗ ← an action in Σ𝑖 = {𝐴, 𝐸,𝐺}
10: ®v∗𝑡 ← 𝜙 (𝜎∗, ®V𝑡−1)
11: for all 𝜎 ∈ {𝐴, 𝐸,𝐺} do
12:

®V∗𝑡 ← ®V𝑡−1 ∪ { ®v∗𝑡 }
13: ®v𝑡 ← 𝜙 (𝜎, ®V𝑡−1)
14:

®V𝑡 ← ®V𝑡−1 ∪ {®v𝑡 }
15: if 𝜋𝑖 (𝜎, 𝜎𝑡−1, ®V𝑡 ) > 𝜋𝑖 (𝜎∗, 𝜎𝑡−1, ®V∗𝑡 ) then
16: 𝜎∗ ← 𝜎

17: ®v∗𝑡 ← ®v𝑡
18: return (𝜎∗, ®v∗𝑡 )

line 8 (now implemented by Algorithm 4). This function will return the same proposal that got

in its input whenever there is an agreement and the two players play 𝐴, at which point the game
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will terminate with an NBS (lines 11-12). In the remainder of the cases, the algorithm proceeds as

previously, maintaining the maximum Nash product (lines 14-17) and calling the next turn (line 19).

Notice that the first action of Algorithm 4 is to check if the opponent rejected the proposal

(line 2). If the opponent’s proposal is within the player’s reservation values, they accept it (lines 3-

4). Otherwise, the player chooses 𝐸 and terminates the game (Line 6). On the other hand, if the

opponent’s proposal is outside the player’s reservation values, and if the opponent’s previous two

proposals at 𝑡 − 1 and 𝑡 − 3 are identical (line 7) the player will fall back to suggesting the previous

proposal they had sent at 𝑡 − 2 (line 8). This is because, despite a prior rejection of ®v𝑡−3
by the

player (by generating a new one), the opponent has sent the same proposal.

In any other case, the algorithm proceeds by choosing the best strategy and proposal (towards

the NBS) in lines 11-17.

One-round walk-through on the running example. Assume the buyer’s initial proposal is ®v0
, and

the provider replies with ®v1
. On the buyer’s next turn:

A: 𝜎𝑡
1
= 𝐴 ⇒ ®v𝑡 = ®v𝑡−1 = ®v1

(agreement: (𝐴,𝐴)).
G: 𝜎𝑡

1
=𝐺 ⇒ ®v𝑡 = 𝑓1 (®v𝑡−1, ®v𝑡−2) = 𝑓1 (®v1, ®v0) (e.g., £50→£60).

R/E: 𝜎𝑡
1
= 𝑅 ⇒ ®v𝑡 = ®v𝑡−2 = ®v0

; 𝜎𝑡
1
=𝐸 ⇒ ®v𝑡 = NULL (terminate).

4 Negotiation in Data Marketplaces
In this section we instantiate our framework for the case of negotiating on Data Marketplaces

(DMs) [68]. Data providers who are willing to share their datasets submit relevant dataset spec-

ifications to DMs. Data consumers explore data marketplaces to find datasets of interest. Upon

discovering a relevant dataset, they may initiate negotiations with data providers or intermediaries

to gain access. To trigger the negotiation process, a data consumer needs to specify their desired

dataset as a query-based strategy parameter 𝑋𝑖 , their reservation values Θ, and a preferred proposal
utility function 𝑢; since we implement a linear additive utility function (Equation 4), the players

need only to specify the weights of the function. In addition to these inputs our system provides

a proposal generation and selection function, and a payoff function as defined in Section 3.2. We

also consider the default status quo values as 0. Based on these inputs and our system’s offerings,

consumers’ agents can initiate and conduct negotiations with data providers’ agents.

4.1 Framework Instantiation for DMs
Our system uses the ODRL language [19] to support policies for data usage. These policies support

a number of features that we make available as strategy parameters 𝑋 :

• Dataset: The primary subject of the negotiation, represented by a URL.

• Query: A dataset can be shared in its entirety or through a query-defined subset. We use

conjunctive queries for this (these are Select-Project-Eqijoin queries in SQL [3]).

• Data Usage Rules: ODRL can specify rules on how the shared data can be used. These have

the following elements that agents can negotiate:

– Type: The rule specifies a permission, a prohibition, or an obligation.
– Action: Specific operation or data processing action permitted, prohibited or obliged. This

is a hierarchy parameter chosen from either the ODRL vocabulary of actions or the DPV

processing operations [72].

– Actor: The role or entity that the action refers to (e.g., Company). This is a hierarchy

parameter chosen from the DPV vocabulary of actors.

– Third-Party Sharing: The actors or entities with whom the data consumer may further

share the dataset. Hierarchical parameter as above.
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– Duration: Period for which the data will be shared. Numerical parameter.

– Purpose: The intended purpose for data usage; hierarchical parameter chosen from the

DPV purposes.

• Dataset Price: The monetary value for data access.

• Environmental Impact: The environmental consequences of data-sharing and subsequent

use. Numerical value denoting the carbon footprint of the dataset or the operation.

• Terms and Conditions:Nominal parameter containing text around the terms and conditions

of data usage.

After the data consumer’s agent generates the initial proposal it starts the game G, the data
provider—if willing to participate—invokes its corresponding agent to enter the game. Upon receiv-

ing a proposal, each agent compares it against its reservation values to identify any mismatches.

if both data consumers and providers express their reservation values using the ODRL format,

mismatch detection reduces to a rule comparison [69] which our system implements.

Then, agents compute the local utility of the proposals. We offer a linear additive utility function,

which is a common assumption in games with multiple objectives [42]. We call it the proposal

utility function 𝑢𝑖 (®v). The value 𝑛𝑜𝑟𝑚(𝑣 𝑗 ) denotes the normalised form of a 𝑣 𝑗 in proposal

of values ®v, where 𝑛𝑜𝑟𝑚(·) is a domain-specific normalisation function. To reflect the relative

importance—or priority—of each parameter, agents define a weight vector 𝑊𝑖 = (𝑤1, . . . ,𝑤𝑛),
where 𝑤 𝑗 is the weight assigned to parameter 𝑋 𝑗 , such that

∑𝑛
𝑗=1

𝑤 𝑗 = 1. Agents compute the

proposal utility value using Equation 4.

𝑢𝑖 (®v) =
𝑛∑︁
𝑗=1

𝑤 𝑗 · 𝑛𝑜𝑟𝑚(𝑣 𝑗 ) (4)

The agents compute the payoff value (Equation 3) using the utility of the proposals and a simple

Euclidean proposal distance Δ function. The agents, then choose their next action based on the

payoff value. In a case that an agent selects𝐺 to generate a new proposal, we introduce the proposal

generation function 𝑓 for DMs, consists of the following steps:

(1) Target Parameters Value Adjustment: For each strategy parameter 𝑋 𝑗 , a player computes

a desired value 𝑣
𝑡𝑎𝑟𝑔𝑒𝑡

𝑗
. While this value should be less desirable than the one in the agent’s

previous proposal, it moves the agent closer to an agreement and remains sufficiently ac-

ceptable. The agent uses their reservation values (𝜃𝑚𝑖𝑛
𝑗 , 𝜃𝑚𝑎𝑥

𝑗 ), the previous proposal at 𝑡 − 2

(assuming that the player received the opponent’s proposal at 𝑡 − 1) and a time-dependent

concession function
3 𝑐 (𝑡) with a concession rate 𝛽 that defines the speed of concession:

𝑣
𝑡𝑎𝑟𝑔𝑒𝑡

𝑗
=

{
max(𝜃min

𝑗 , 𝑣𝑡−2

𝑗 − 𝑐 (𝑡)) if 𝑝𝑖 is a data provider,

min(𝜃max

𝑗 , 𝑣𝑡−2

𝑗 + 𝑐 (𝑡)) if 𝑝𝑖 is a data consumer,

where: 𝑐 (𝑡) = (𝜃max

𝑗 − 𝜃min

𝑗 ) ·𝑤 𝑗 ·
(

𝑡
𝑡max

)𝛽
We invert price into a benefit-aligned variable [42]

so that it is consistent with the direction of preference of the other strategy parameters.

Computing the desired values of all strategy parameters, the agent calculates the joint utility

value using Equation 4 as 𝑢
target

𝑖
, where 𝑢

target

𝑖
is the agent’s desired utility value of their next

proposal.

(2) Indifference Surface Computation: The agent then identifies a set Ψ𝑡
𝑖 = {®v ∈ 𝑉1×· · ·×𝑉𝑛 |

𝑢𝑖 (®v) = 𝑢
target

𝑖
and ®v satisfies Θ𝑖 } as proposals that yield the desired utility value 𝑢target

𝑖
≥ 𝜃 𝑖𝑢𝑟

3
A concession strategy is a negotiation tactic where an agent gradually relaxes its demands or preferences over time, in

hopes of reaching an agreement. It reflects the idea that the longer the negotiation continues, the more willing the agent is

to compromise.
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and satisfy per-issue reservation boundaries, {𝜃 𝑖𝑗 }𝑛𝑗=1
. Ψ𝑡

𝑖 is the indifference surface of the

desired utility value.

(3) Proposal Selection Heuristic: Then, the agent must select one proposal from Ψ𝑡
𝑖 to send to

the opponent. We suggest the following heuristics:

• Greedy: In a greedy approach, the agent selects a proposal ®v with the minimum Euclidean

distance from their own previous proposal ®v𝑡−2
as: ®v𝑡 = arg min®v∈Ψ𝑡

𝑖
∥®v − ®v𝑡−2∥2.

• Concession: In the concession approach, the player selects a proposal with the minimum

Euclidean distance from the opponent’s proposal ®v𝑡−1
as: ®v𝑡 = arg min®v∈Ψ𝑡

𝑖
∥®v − ®v𝑡−1∥2 .

Function 𝑓 thus generates a proposal that brings the agents closer to an agreement and aligns

with their desired proposal utility while incorporating either self-oriented (greedy) or opponent-

oriented (concession) preferences. The selection heuristic may be replaced by alternative similarity

functions fuzzy similarity, as proposed in [65], depending on the negotiation context.

4.2 Convergence and Complexity
We analyse the convergence and computational efficiency of our bilateral negotiation process. Each

agent’s utility 𝑢𝑖 (®v) is continuous and concave, with feasible regions that are closed, convex, and

overlapping. At each round, an agent updates its proposal by moving towards the opponent’s last

offer within its own acceptable set. This non-expansive 4
update rule ensures that inter-proposal

distances shrink monotonically, making the alternating sequence of offers Cauchy
5
and hence

convergent. Under compactness and continuity assumptions, the sequence converges to a stable

agreement ®v★ that is individually rational and Pareto-efficient. Moreover, because the Nash product

𝑁𝑃 ( ®V 𝑡 ) = (𝜐 − 𝑞1) (𝜈 − 𝑞2); where 𝜐 ← 𝜋1

(
𝜎𝑡 , 𝜎𝑡−1, ®V 𝑡

)
, 𝜈 ← 𝜋2

(
𝜎𝑡 , 𝜎𝑡−1, ®V 𝑡

)
is non-decreasing

and bounded, the process converges to its maximum value. The limit ®v★ thus maximises the joint

Nash product, coinciding with the Nash Bargaining Solution (NBS) [62]. When utilities are strictly

concave (or the Nash product is strictly quasi-concave), the limit is unique [28, 53, 61, 63].

Computational complexity. Each negotiation round involves evaluating utilities, feasibility

constraints, and generating the next proposal. With linear-additive utilities and closed-form updates,

the per-round cost is near-linear in the number of attributes, 𝑂 (𝑛), or up to 𝑂̃ (𝑛3) when using a

generic quadratic-program (QP) solver
6
. The number of rounds required to reach an 𝜀-accurate

outcome depends on concession dynamics: logarithmic𝑂 (log(1/𝜀)) under smooth, strongly concave

utilities, and sublinear 𝑂 (1/𝜀) under standard diminishing-concession policies. Hence, the overall

runtime is:

𝑇 (𝜀) =
{
𝑂̃
(
𝑛 log

1

𝜀

)
(smooth case),

𝑂̃
(
𝑛 𝜀−1

)
(generic diminishing concessions).

Overall, the protocol achieves provably convergent, fair, and efficient outcomes with practical

computational complexity for real-world multi-issue data negotiations.

5 Performance Evaluation
To evaluate the performance of our negotiation framework, we conduct experiments across multiple

datasets and utility functions, and test robustness to weight perturbations and strategic misreporting.

4
A map is non-expansive if it never makes two points farther apart; projection onto a convex set is non-expansive [7].

5
A sequence is Cauchy if, as you go further and further along the sequence, all of its elements get arbitrarily close to each

other.

6
A generic QP solver is a general-purpose algorithm/library that solves quadratic programs—optimisation problems with a

quadratic objective and linear constraints [12]. We use it when the step is more complex than one equality + bounds and

we cannot exploit special structure. For example, to encode policy logic such as “if purpose = PersonalisedAdvertising then
third-party = Company and duration ≤ 90,” we introduce binary indicators and linear implications.
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We report agreement rate, joint utilities, Nash product, Jain fairness, and time-to-agreement,

with sensitivities to reservation overlap, conflict severity, and parameter count. Baselines include

TILI [50], MCP [22], and an oracle centralised Nash Bargaining Solution [18, 44] (where computable).

We also present a PoC study.

5.1 Experimental Setup and Parameter Settings
We implemented and executed all the algorithms in Python on a MacBook, which has a single CPU

of Apple M1 and 8 GB of memory. Agents negotiate over sharing data.

They are rational and follow the alternating multi-issue proposal protocol. Strategy parameters

for our use case are: dataset, query, data usage rules ( such as type, action, actor third-party sharing,

duration, and purpose), and dataset price (see Section 4.1).

We use three datasets to span sizes and distributions. Bank Marketing [59]: a medium-size

tabular data associated with direct marketing campaigns (phone calls) of a Portuguese banking

institution
7
. RecGym [11]: a larger, event-style records which is a collection of gym workouts

designed for research and development in recommendation systems and fitness applications
8
.

PIRVision [21]: an additional tabular dataset with different attribute distributions contains occu-

pancy detection data collected from a sensing node in residential and office environments
9
. For

each dataset we define negotiable attributes with the same DPV/ODRL vocabularies.

The agents follow the same set of strategies and proposal function introduced in Section 3 to

participate in the negotiation. The agents can choose either a greedy approach or a concession

approach (see Section 4.1), denoted GTG and GTC respectively, to generate a new proposal. All

experiments use the closed-form projection onto the agent’s indifference surface under one equality

(target utility) plus box constraints (reservation bounds). This yields a near-linear per-round cost in

the number of negotiated attributes 𝑛 (i.e., 𝑂̃ (𝑛)). We do not cite a generic QP solver in any reported

result. The common goal is to reach an agreement while each agent tries to improve its payoff

value. To measure the payoff value (Equation 3) agents need to calculate the proposal utility of

proposals; they use a linear additive function (Equation 4) as a baseline and a multiplicative function,
𝑢𝑖 (®v) =

∏
𝑗 𝑛𝑜𝑟𝑚(𝑣 𝑗 ) 𝛼𝑖 𝑗 (with attribute-wise normalisation 𝑛𝑜𝑟𝑚(·) and ∑

𝑗 𝛼𝑖 𝑗 = 1).

Each agent has a set of reservation values (Section 3.3) while they have no or incomplete

information about their opponent’s reservation values as well as the weights𝑤 𝑗 in proposal utility

function. The negotiation process terminates when either an agreement is reached, agents exit the

game or the number of rounds exceeds a set threshold, to avoid be stuck in loops.

5.2 Metrics and Sensitivity Factors
We report the following metrics:

Agreement rate. Let ®Vagree be the set of proposals that were agreed on by both players at the end

of a run, and let 𝑁 be the total number of runs (100 in our experiments). We use Equation 5

to calculate the agreement rate of each experiment:

Agreement Rate =
| ®Vagree |
𝑁

× 100 (5)

7
https://archive.ics.uci.edu/dataset/222/bank+marketing

8
https://archive.ics.uci.edu/dataset/1128/recgym:+gym+workouts+recognition+dataset+with+imu+and+capacitive+

sensor-7

9
https://archive.ics.uci.edu/dataset/1101/pirvision_fog_presence_detection
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Utility. We compute average utility value over agreements for each player using Equation 6, where

𝑢𝑖 is the local utility function of the player 𝑖 .

Average Utility =

∑
®v∈ ®Vagree

𝑢 (®v)

| ®Vagree |
(6)

Fairness. We measured fairness using Jain’s Fairness Index [38], which captures the degree of

balance in utility distribution. A perfectly fair outcome yields a value of 1, indicating that

both parties received equal utility. Let ®v ∈ ®Vagree represent the final proposal the players

agreed upon. Then, Jain’s Index is calculated as Equation 7:

Fairness =
(𝑢1 (®v) + 𝑢2 (®v))2

2 (𝑢1 (®v)2 + 𝑢2 (®v)2)
(7)

Time-to-agreement. Average of the number of rounds needed to reach an agreement;

Oracle gap. We also report the difference to the centralised NBS in utilities
10
.

We assess these metrics from different perspectives and sensitivity factors as below:

Overlap between reservation values. Represented by the percentage of overlap between pref-

erences (from 10% to 90%). To compute the degree of overlaps between reservation values

per-issue {𝜃 𝑖𝑗 }𝑛𝑗=1
(see reservation values definition in Section 3.3), we use Jaccard similarity

coefficient (multiplied by 100 for percentage);

𝑜𝑣𝑒𝑟𝑙𝑎𝑝 ({𝜃 1

𝑗 }, {𝜃 2

𝑗 }) =
|{𝜃 1

𝑗 } ∩ {𝜃 2

𝑗 }|
|{𝜃 𝑗 }1 ∪ {𝜃 2

𝑗
}|
× 100 (8)

Conflict rate. We define conflict rate as the degree of disagreement between two proposals, quan-

tified by the normalised distance between their values across all strategy parameters. Let ®v1 =
(𝑣1,1, 𝑣1,2, . . . , 𝑣1,𝑛) and ®v2 = (𝑣2,1, 𝑣2,2, . . . , 𝑣2,𝑛) represent two proposals as vectors of strategy

parameter values. We normalise each value 𝑣𝑖, 𝑗 to the interval [0, 1] using the domain-specific

normalisation function 𝑛𝑜𝑟𝑚(·) such that 𝑣𝑖, 𝑗 = 𝑛𝑜𝑟𝑚(𝑣𝑖, 𝑗 ), for 𝑖 ∈ {1, 2}, 𝑗 ∈ {1, . . . , 𝑛}.
The normalised proposals are thus:

˜®v1 = (𝑣1,1, 𝑣1,2, . . . , 𝑣1,𝑛), and ˜®v2 = (𝑣2,1, 𝑣2,2, . . . , 𝑣2,𝑛). We

define the conflict rate as the normalised Euclidean distance between the two proposals:

𝐶𝑜𝑛𝑓 𝑙𝑖𝑐𝑡𝑅𝑎𝑡𝑒 (®v1, ®v2) =




 ˜®v1 − ˜®v2





2√

𝑛
=

√︃∑𝑛
𝑗=1
(𝑣1, 𝑗 − 𝑣2, 𝑗 )2
√
𝑛

(9)

Since each strategy parameter 𝑋 𝑗 has an associated weight 𝑤 𝑗 , with
∑𝑛

𝑗=1
𝑤 𝑗 = 1 in the

proposal utility functions (see Equation 4), we use the weighted conflict rate too as:

𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑𝐶𝑜𝑛𝑓 𝑙𝑖𝑐𝑡𝑅𝑎𝑡𝑒 (®v1, ®v2) =

√√√ 𝑛∑︁
𝑗=1

𝑤 𝑗 · (𝑣1, 𝑗 − 𝑣2, 𝑗 )2 (10)

Weighted conflict rates range from 0 to 1, where 1 represents high conflict/misalignment

between values.

Scalability. The number of negotiation strategy parameters/attributes 𝑛, ranging from 1 to 10.

Time. The number of iterations, ranging from 1 to 50.

10
The centralised NBS is the outcome when a single planner/solver with full information computes the agreement di-

rectly—i.e., it solves the Nash-product maximisation once, rather than the agents reaching it through a distributed/alternating

negotiation.
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Fig. 1. Rounds to agreement vs. tolerance 𝜀.

5.3 Findings
We conduct the experiments and present results in three categories: (A) convergence and computa-

tional efficiency; (B) agreement, utility, and fairness under key sensitivities; (C) ablations and (D)

Oracle comparisons.

5.3.1 Convergence and Efficiency Analysis. We evaluate the two proposal generation heuristics

Greedy (GTG) and Concession (GTC) on the datasets. Each scenario instantiates the same bilateral

protocol with ODRL/DPV policy attributes and a query/view attribute.

We declare 𝜀-approximate convergence when either the Nash product change is small, |NP( ®V𝑡 ) −
NP( ®V𝑡−1) | ≤ 𝜀, or the proposal distance is small, ∥®v𝑡 − ®v𝑡−1∥2 ≤ 𝜀, with 𝜀 ∈ {10

−1, 10
−2, 10

−3}. We

report rounds-to-agreement 𝑅(𝜀), per-round runtime (proposal generation plus utility evaluation),

and total time (wall-clock). Results are averaged over 30 runs per setting with 95% confidence

intervals (Figure 1).

We then vary overlap (Θ1,Θ2) from 10% to 90% while holding other factors fixed. Both heuristics

show monotone improvement in 𝑅(𝜀) with more overlap; GTC benefits more at low–moderate

overlap (10–50%), where targeted concessions accelerate alignment. At very high overlap (≥ 80%),

both terminate quickly and the gap narrows (Figure 2a).

Next, we study the impact of utility functions and informative views on the performance. We

compare additive and multiplicative utilities on agreement rate and Nash product (as utility product)

as reservation overlap increases. The curves are nearly identical on agreement rate andNash product,

and the multiplicative form yields a slight efficiency edge at higher overlap (e.g., median NP ↑ by
≈ 0.02 at 90% overlap), consistent with its complementary-attributes behavior (Figure 3a). We also

add a small bonus for “more informative” queries, weighted by 𝜆. Raising 𝜆 from 0 to 0.10 improves

agreement and boosts Nash product (6 − 9%). However, we see a mild tapering at 𝜆 = 0.15. So the

information bonus is helpful, but not the main driver of outcomes (Figure 3b). Overall, GTC is faster

in rounds than GTG across datasets and tolerances, and with a closed-form proposal generation

step, per-round complexity is predictable—near-linear in the number of attributes.

5.3.2 Agreement, utility, and fairness under sensitivities. We benchmark our framework (GTG/GTC)

against TILI and MCP across sensitivity factors. We average results over 50 runs per setting, and

report agreement rate, the Nash product, and Jain’s fairness index.

Agreement rate. GTC consistently achieves the highest agreement rates across all factors. GTG is

competitive when preferences are moderately aligned, but degrades earlier as conflict rises. MCP

performs well with few attributes and high overlap, yet drops as dimensionality or conflict increases.

TILI is strong only in favourable cases and otherwise lags due to its one-shot nature. Figure 2b
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(a) (b)

Fig. 2. Metrics against reservation values overlap (a) rounds to agreement, (b) agreement rate.

(a) Utility family comparison (additive vs. multi-

plicative).

(b) Effect of the information-oriented query com-

ponent.

Fig. 3. Agreement rates and Nash products.

shows agreement rises with overlap; GTC leads across the range (from 78%→100%), GTG is next

(65%→99%), MCP follows (55%→97%), and TILI trails (42%→90%).

Utilities and Nash product. GTC yields the most balanced utilities and the largest Nash (utility)

product across datasets. As hierarchy depth and query selectivity increase, utilities shift (reflecting

policy alignment and information value), yet GTC maintains superior joint gains. GTG trails GTC

but remains robust under moderate conflict. MCP’s utilities decline with 𝑛 and depth, while TILI

systematically deviates toward the proposer. Fig. 4 shows that as conflict increases, utilities and

NP fall at different rates; GTC keeps the strongest levels (𝑢1 : 0.78 → 0.42, 𝑢2 : 0.80 → 0.52,

NP : 0.62→ 0.22), GTG is second (𝑢1 : 0.70→ 0.28, 𝑢2 : 0.74→ 0.40, NP : 0.52→ 0.11), MCP

degrades more (𝑢1 : 0.72→ 0.30, 𝑢2 : 0.76→ 0.48, NP : 0.55→ 0.14), and TILI loses NP fastest

(𝑢1 : 0.82→0.05, 𝑢2 : 0.88→0.75, NP : 0.72→0.04).

Fairness.Measured by Jain’s index, GTC is the most stable, fairness remains near-ideal even as

overlap shrinks, conflict rises, or 𝑛 grows. GTG converges to high fairness with sufficient rounds

but is more sensitive to conflict. MCP is fair when overlap is high and the attribute space is small;

otherwise it drifts. TILI shows the largest fairness asymmetry, especially under harder scenarios.

Figure 4 shows fairness vs. number of strategy parameters indicates GTC near-constant (from 1.00

to 0.97 at 𝑛=10), GTG high but gently declining (0.98→ 0.88), MCP moderate (0.96→ 0.80), and

TILI dropping steeply (1.00→0.48).
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Overall, GTC is the most robust across sensitivities—highest agreement, best-balanced utilities,

strong Nash product, and stable fairness. GTG is a solid second choice in benign-to-moderate

circumstances. MCP is competitive in low-dimensional, high-overlap settings. TILI is fast but

fragile, with outcomes skewed toward the proposer and poor performance as difficulty increases.

Fig. 4. Utilities and Nash product vs. conflict severity, Agreement rate vs. reservation overlap, and Fairness

vs. dimensionality.

5.3.3 Ablations. We also perform ablation studies on GTC by selectively removing or simplifying

components of the protocol to quantify their contribution. Concretely, we (i) remove the concession

(a) Utility balance vs. efficiency. (b) Outcome map on Bank. (c) Cost–accuracy trade-off.

Fig. 5. Utility balance between consumer and provider, comparison against oracle and convergence speed

against oracle gap for both heuristics.
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Fig. 6. Ablations on the GTC variant.

step in proposal generation function 𝑓 , (ii) disable feasibility–guided proposal generation (no

reservation bounds considers), (iii) replace the best–response with a naïve/random choice, and (iv)

substitute the indifference–surface projection with a simple coordinate tweak. We run all settings

and report the change in performance metrics. Large degradations upon removing a component

indicate that component is critical; negligible changes suggest redundancy or over–engineering.

Figure 6 show the causal role of the key components.

• Without concession agreement drops by 6–10pp; NP decreases ≈ 10%. This confirms targeted

concession is the main accelerator of convergence.

• Infeasible proposals appear in 12–20% of rounds (then rejected), agreement falls 10–18pp,

and fairness deteriorates (median −0.08). Considering reservation bounds is thus critical for

stability and sample–efficiency of the search.

• No best–response causes Agreement rate collapses (often < 70%), NP drops > 30%, and

variance across runs doubles.

5.3.4 Oracle comparisons. Finally, we compute the oracle centralised NBS by directly maximising

the Nash (utility) product as NP(®v) =
(
𝑢1 (®v) − 𝑞1

) (
𝑢2 (®v) − 𝑞2

)
over the feasible set F , where

computationally feasible, ®v★ ∈ arg max®v∈F NP(®v) assuming full information and a central solver.
11

Hierarchical attributes are discretised over their DPV/ODRL vocabularies; continuous attributes

(e.g., price, duration) obey bounded ranges; policy feasibility and reservation bounds are enforced

exactly. We compute approximate Nash-optimal solutions by scanning through discrete attribute

combinations (a grid) and optimizing continuous parameters (like price) with one-dimensional

search, skipping infeasible points early. On small problems (e.g., the Bank dataset), this approach

produces the same results as a full nonlinear solver, while on larger ones it is used alone for scalability.

We then compare negotiated outcomes
ˆ®v (GTG/GTC) to ®v★ using: (i) NP gap gap

NP
=

NP(®v★)−NP( ˆ®v)
NP(®v★) ,

(ii) utility regrets 𝑟𝑖 = 𝑢𝑖 (®v★) − 𝑢𝑖 ( ˆ®v), and (iii) distance to the Pareto frontier (dominance checks).

When the number of attributes are low to mid (𝑛 ≤ 6) and reservation values overlap is moderate,

GTC matches or closely tracks the oracle. median gap
NP
≤ 1.5% and utility regrets 𝑟1, 𝑟2 ≤ 0.02

(utilities normalised to [0, 1]). GTG remains competitive (median gap
NP
≈ 2–4%). When the number

of attributes increases (𝑛 = 8–12), negotiated outcomes are still near–optimal; GTC median NP

gap is 3–5% (and even in the worst 5% of runs it is ≤ 8%) and GTG is 5–9% (Figure 7b). In all

settings we examined,
ˆ®v is undominated (Pareto-efficient among the outcomes we observed) and

one player’s utility can’t improve without reducing the other’s. The KKT condition [33] (a standard

optimality check for constrained optimisation) at
ˆ®v correlates with the stopping tolerance 𝜀 used

11
In our instances with linear–additive utilities and convex F, this reduces to a smooth, convex program in the utility image;

we solve it to numerical optimality and treat the result as the oracle NBS.
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(a) Oracle comparisons on Bank. Left: NP gap w.r.t. oracle (median over 50 runs). Right: (𝑢1, 𝑢2) outcomes

over iso–Nash-product curves with the oracle point.

(b) Oracle gap in Nash product vs. number of

attributes 𝑛.

(c) Oracle NP gaps for GTG vs. GTC under addi-
tive and multiplicative utilities.

Fig. 7. Metrics for Oracle

for convergence. Tightening 𝜀 from 10
−2

to 10
−3

reduces the GTC NP gap by ≈ 30–40% at the

cost of 1.2–1.5× more rounds (consistent with our convergence–efficiency section 4.2). Overall,

GTC delivers oracle–level outcomes when the oracle is computable, and remains within a small,

predictable gap as the number of attributes increase.

Figure 5c quantifies the cost–accuracy trade-off. Figure 5b maps outcomes in the (𝑢1, 𝑢2) plane
Figure 7a summarises both NP gap to the oracle and the (𝑢1, 𝑢2) outcomes among all methods. We

also evaluate the impact of two utility functions, additive and multiplicative. Figure 7c shows NP

gaps for GTC and GTG.

5.4 Proof-of-Concept (PoC) System
To demonstrate end-to-end feasibility, we built a small PoC in the context of Negotiation and Con-

tracting Plugin in UPCAST project
12
[30, 31]. The PoC runs our protocol natively in NegMAS [57]

and exposes a lightweight React UI for side-by-side proposal comparison and automatic ODRL

policy generation at acceptance.

12
https://www.upcast-project.eu/
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5.4.1 User Study. We recruited 32 data/ML practitioners who used the UI to negotiate access

permissions to their actual personal data. Participation was voluntary and uncompensated.
13

We randomly grouped participants into 16 groups of two. Each group completed two negotiation

sessions: one with GTC (Concession) and one with GTG (Greedy). Participants acted as data

consumers and providers. Data providers submitted their data specifications. Both providers and

consumers then ran their respective agents by setting the level of importance for each strategy

parameter as weights and their preferences as reservation values. They mutually agreed on utility

functions, linear or multiplicative and heuristics, greedy or concession their agents apply during a

negotiation session. The agents then start the negotiation and report the results: either an agreement

and return the agreed proposal, or disagreement usually because of no or very tight overlap

between parties’ preferences. We measured: (i) Agreement rate; (ii) time-to-agreement (minutes); (iii)

participants’ utility 𝑢1 and 𝑢2 at acceptance; (iv) fairness (v) 5-point Likert ratings 14
[5] for clarity

and perceived fairness. We log proposals traces and final ODRL JSON-LD of the negotiated policies.

Results show that agreement rate using GTC is 100% vs. 98% for GTG; median time-to-agreement

using GTC is 2.1 min vs. 3.0 min for GTG; Jain fairness using GTC is 0.96 vs. 0.92 using GTG. Finally,

subjective ratings (median) for both clarity and fairness is 4/5 using GTC vs. 3.5/5 for GTG.

6 Related Work
We organise the literature into four categories: (i) data–market mechanisms (consortia formation,

incentives, auctions, contracts), (ii) automated negotiation, (iii) bargaining theory, and (iv) data

valuation and pricing. We then position our contribution relative to the most closely related work,

including [9, 14], and provide a brief, systematic comparison to recent papers on pricing and

game-theoretic data markets.

Data–market mechanisms. A growing body of work studies how data should be traded or pooled

via marketplaces, with emphasis on incentive design, governance, and consortium formation. [14]

proposes data-sharing markets for forming consortia and designing incentives, focusing on how

to align utility among multiple producers/consumers and when coalitions should emerge. Re-

lated contributions and collaborators include a data market platform vision [26], defences against

strategic buyers in data markets [13], and systems work on secure data access, auditable com-

putation, and trusted data exchange infrastructures [13, 25, 26]. This line complements auction-

and contract-based approaches that seek efficient allocations and truthful revelation via classical

market mechanisms (e.g., posted prices, Myerson-style auctions, or contract menus). Systematic

reviews such as [2] survey industrial data marketplaces and highlight organisational, legal, and

technical challenges. Recent domain-specific work (e.g., [51]) investigates data measurement and

quality signals in decentralised markets, while [71] proposes conformal tests to guard against

contamination in traded/shared data. Our work differs in scope; we do not design incentives for

coalition/consortia formation; instead, we study the bilateral, agent-to-agent bargaining process
over multiple issues (query scope, purpose/usage policy, duration, third-party sharing, price), and

we provide algorithmic and convergence guarantees for the negotiation protocol itself.

Automated negotiation (multi-issue and agent-based). Classical agent-based negotiation

has long addressed multi-issue settings where parties exchange offers over several attributes

under private preferences; see early frameworks and heuristics [23] and surveys [24, 39]. Typical

ingredients are utility models, concession strategies, and acceptance rules under reservation values.

Our protocol follows this tradition but tailors it to data-sharing; (i) we support heterogeneous

13
The study used anonymous and non-sensitive logs, obtaining informed consent, not collecting personally identifying data.

14
The Likert-type scale measures attitudes, opinions, or perceptions, typically structured on a five-point scale ranging from

“Strongly Disagree” to “Strongly Agree”.
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attributes (numerical, hierarchical/ontology-based via DPV/ODRL, and query-based views), (ii)

we integrate policy semantics for usage control, and (iii) we analyse convergence to the Nash

Bargaining Solution (NBS) using Zangwill’s theorem, making assumptions explicit and verifiable.

Bargaining theory and equilibrium notions. Foundational results include Nash’s axiomatic

solution [61], Kalai–Smorodinsky [40], and strategic models such as Rubinstein’s alternating-offers

game (and standard refinements of equilibria). Potential-game perspectives [58] and cooperative

solution concepts (e.g., Shapley value [67]) inform fairness/efficiency trade-offs; rationalisability

and incomplete information are treated in, (e.g., [35–37, 56]). We use the Nash product as the

objective over the feasible set. Under mild regularity assumptions, our distributed, turn-by-turn

best-response with concession steps converges to the NBS, linking practical agent heuristics to

classic bargaining theory.

Data valuation and pricing. Query-based pricing provides arbitrage-free posted-price systems

where the cost of a query equals the minimum price of determining base views [47]. This thread

connects to recent work at the intersection of pricing and games; [10] studies strategic behaviour

around data pricing mechanisms, [4] develop theoretical foundations for data-exchange economies

(equilibria, welfare), [52] discuss a practical pricing framework for data exchange. Closer to strategic

behaviour, [10] studies data pricing under non-cooperative game theory, characterising equilibria

and strategic responses of market participants; this complements arbitrage-free posted pricing

by analysing strategic dynamics beyond static prices. Our instantiation uses query pricing as one

building block for local utility over query/view attributes; however, our emphasis is on multi-issue
negotiation (price plus usage/control policies and query scope) rather than pricing alone.

Bargaining-based data markets. [9] studies bargaining-based data markets, casting bilateral

agreements as bargaining problems and analysing outcomes under different preference structures

and protocols. Pricing-game analysis in [10] is complementary to their bargaining model [9]. While

the former studies strategic pricing interactions, the latter addresses bilateral bargaining over

multi-issue contracts. Relative to these works, our contribution is complementary; (i) we explicitly

accommodate policy-rich attributes (purpose, third-party, action, actor) grounded in ODRL/DPV;

(ii) we include query-based attributes with practical evaluation/ordering (e.g., pricing or overlap);

(iii) we provide a distributed algorithm with best-response and concession heuristics and prove

convergence to the NBS via Zangwill’s GCT [74] under stated assumptions; and (iv) we align with

data-space standards (e.g., IDSA CNP) to ease deployment.

Standards and policy semantics. Legal/usage-control semantics matter for practical data-sharing.

We model policies in ODRL (W3C) and adopt the Data Privacy Vocabulary (DPV) for hierarchical

concepts (purpose, actor, action), enabling machine-processable constraints and reservation bounds

that are comparable across parties. This complements marketplace-centric surveys (e.g., [2]) by

providing a concrete formal layer on which automated negotiation can operate.

In summary, prior work has advancedmarket design (pricing, incentives, consortia) and agent negoti-
ation (multi-issue heuristics) largely in isolation. Taken together, these lines of work—on consortium

formation and incentives [14], data market platforms [26], strategic-buyer defences [13], controlled

data access and trusted data sharing infrastructures [13, 25, 26], bargaining-based markets [9], query

pricing [47], strategic pricing under non-cooperative game theory [10], exchange economies [4],

decentralised measurement [51], contamination testing [71], and pricing frameworks [52]—frame

our contribution. We unify these strands for the bilateral, policy-rich data-sharing setting by mod-

elling heterogeneous attributes (queries and policies), aligning with standards (ODRL/DPV, IDSA

CNP), and delivering an implementable, distributed protocol that operationalises these ideas as

concrete proposals, utilities, and turn-by-turn dynamics, with provable convergence to the NBS

under transparent assumptions.
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7 Discussion and Future Directions
In real-world data-sharing scenarios, such as negotiations between a data provider and a consumer,

the proposed framework facilitates adaptive and efficient resolution of key negotiation factors,

including price, query, and data usage rules. The alternating proposal mechanism allows both

parties to iteratively adjust their proposals, dynamically balancing their priorities to maximise

utility while respecting constraints. By integrating game theory principles and employing a multi-

issue utility function, our framework supports rational decision-making and ensures continuous

utility improvement throughout the negotiation process. This structured approach enables flexible

and adaptive negotiations, resulting in mutually beneficial agreements that address the complexities

of modern data-sharing environments.

Experimental results clearly demonstrate the effectiveness of our game theory-based protocol in

automating complex multi-issue negotiations. Compared to the Take-It-or-Leave-It approach and

the Monotonic Concession Protocol, our framework consistently achieves superior outcomes in

terms of agreement rates, utility balance, and fairness for both data providers and consumers. The

flexibility of our protocol allows both parties to negotiate multiple issues simultaneously, and has

proven effective in fostering efficient and mutually beneficial agreements.

The comparison with the Take-It-or-Leave-it and Monotonic Concession benchmarks highlights

the limitations of rigid, one-sided negotiation strategies. These approaches often fail to address the

nuanced, multi-issue nature of data-sharing negotiations. In contrast, our protocol’s multi-issue

flexibility significantly improves negotiation outcomes, achieving higher utility for both parties

and better accommodating their diverse objectives.

Additionally, comparing with the oracle centralised NBS gives a principle upper bound on

efficiency and fairness, and let us quantify how close our distributed protocol gets to the optimum

and where any loss comes from. Results show that our protocol is both efficient and controllably

accurate, and in low-mid dimensions it can matches the oracle.

Several promising avenues for future research arise from this work. First, integrating machine

learning techniques could enable agents to learn from historical negotiations, improving their ability

to predict and adapt to opponent strategies in real-time. This would enhance the adaptability of the

framework and support more efficient negotiation processes. Second, expanding the framework to

accommodate multi-party negotiations—where multiple data consumers, providers, or third-party

stakeholders are involved would introduce new complexities and reflect real-world data-sharing

scenarios better. Addressing the challenges of multi-party negotiations could unlock broader

applications in collaborative data marketplaces and consortia. Lastly, incorporating real-time

regulatory compliance mechanisms into the negotiation framework is essential. As data-sharing

agreements increasingly intersect with evolving privacy laws and data protection regulations,

integrating mechanisms to ensure adherence to these requirements would enhance the framework’s

relevance and usability. By addressing regulatory concerns dynamically, the framework could better

align with the operational needs of modern data markets while supporting robust, legally compliant

agreements. Through these advancements, the proposed framework has the potential to become a

cornerstone in the evolution of automated, adaptive, and efficient data-sharing negotiation systems,

driving innovation and growth in the digital economy.
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