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ABSTRACT
The immense success of ML systems relies heavily on large-scale,

high-quality data. The high demand for data has led to several

paradigms that involve selling and exchanging data. A key model

in this landscape is a data market– a two-sided marketplace that

(i) receives ML task requests from buyers, (ii) addresses these re-

quests using the datasets hosted by the sellers, (iii) collects revenue

from the buyers, and (iv) compensates the sellers from the earned

revenue. Typically, a data market compensates the sellers based on

their contributions to the total earned revenue (this is usually mea-

sured by standard credit sharing rules, e.g., Shapley shares). How-

ever, we observe that multiple data allocations can yield the same

optimal revenue while resulting in vastly different compensation

outcomes. For example, when multiple sellers offer equally valu-

able, non-complimentary datasets, a revenue-maximizing allocation

may select only one, thereby excluding others from compensation

despite their comparable data quality. Such discrepancies highlight

the need for fairness in revenue distribution. In this paper, we de-

velop a revenue maximization framework for data markets that

incorporates fairness constraints for seller compensation. We show

that while this problem is NP-hard, we can still obtain a O(log𝑛)-
bi-criteria approximation (approximating revenue and fairness) in

polynomial time.

CCS CONCEPTS
• Theory of computation → Algorithmic game theory.
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1 INTRODUCTION
The success of ML systems is highly dependent on the availability

of high-quality heterogeneous data. This demand has led to several
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paradigms that involve selling (data markets [4]), exchanging (data-

exchange [11]) and sharing (federated learning (FL) [37])
1
data. In

response to this pressing need for principled economic frameworks

handling data, a long line of pioneering work has emerged on

data markets [2–4, 8, 10]: a two-sided real-time marketplace that

facilitates the buying and selling of data. Most of the foregoing

work involves (i) the data marketplace receiving ML task requests

from buyers, (ii) the marketplace addressing these requests using

the data hosted by the sellers, and (iii) compensating the sellers

from the earned revenue.

In this paper, we concern ourselves with fair revenue distribution

for the sellers in the data market: [4] adopt the policy that the

data market divides the revenue among the sellers based on their

contribution in generating the total revenue (measured using stan-

dard credit sharing rules like the Shapley share). However, there

are cases where multiple distinct data allocations
2
yield the same

optimal total revenue, but produce significantly different compen-

sation profiles across sellers. Disparities in revenue compensation

for the sellers can lead to reduced seller loyalty to the platform and

may raise concerns under fair competition regulations, such as the

Digital Markets Act (Official Journal of the European Union, 2023).

Furthermore, research indicates that a lack of fairness and trans-

parency in the compensation of sellers negatively affects not only

sellers, but also the platform and buyers: undercompensated sellers

tend to invest less in curating and annotating their datasets [36],

which impairs the platform’s ability to effectively match data with

buyer needs [36]. This, in turn, reduces service quality and overall

revenue.

Given these challenges, it can be argued that fair revenue dis-

tribution should be a core principle in data markets. In this work,

we develop models and methodologies to support revenue maxi-

mization while ensuring fair compensation for data sellers, and we

identify fundamental limitations inherent to this goal.

1.1 Our Contributions
Fair Revenue Compensation Problem. We introduce a formalmodel

of revenuemaximizationwhere a datamarketplaceD hosts datasets

from heterogeneous sellers. Given prediction tasks from each buyer,

a data marketplaceD charges each buyer based on the marginal im-

provement in the buyer’s prediction achieved by using the datasets

hosted in D. Thereafter, D distributes the revenue among the

sellers based on their contribution (usually measured by standard

credit-sharing functions like the Shapley Share ([33]).

1
We remark that while FL does not strictly involve agents sharing data, there are works

[26] that abstract FL as a data sharing incentivization problem

2
A data allocation refers to the assignment of datasets to meet the prediction tasks of

individual buyers.
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We incorporate fairness through a fair-thresholding constraint

for each seller: that is, seller 𝑗 must receive a payment of at least 𝜏 𝑗
from the data market. Here, 𝜏 𝑗 represents seller 𝑗 ’s fair compen-

sation threshold. Our fairness criterion aligns with the notion of

share-based fairness studied in computational social choice [6, 7, 13],

which is particularly well-suited for markets involving heteroge-

neous datasets
3
. In such settings, enforcing equal revenue across

sellers may be impractical or undesirable, as datasets can vary sig-

nificantly in their value to different buyers and sellers may incur

differing costs for annotation and curation.

Mathematically, the core problem faced by the data market D
is to maximize its total revenue while ensuring that each seller

receives at least their fair compensation threshold 𝜏 𝑗 .

Computational Results. We formulate the revenue maximization

in data markets, albeit with fairness constraints, as a linear optimiza-

tion problem with exponentially many variables, call this program

Fair-Revenue-Max. The large number of variables is primarily

attributed to the complex combinatorial value of the dataset; re-

search [15, 21] shows that utilities for a combination of datasets are

more complex than sum of utilities for individual datasets. We first

show intractability results in solving Fair-Revenue-Max exactly.

Theorem 1. The Fair-Revenue-Max problem is NP-hard to solve

even when there is only one type of buyer and all sellers have the

same thresholds 𝜏 𝑗 = 𝜏 for all 𝑗 .

We then look at approximation algorithms for solving Fair-

Revenue-Max. When the buyer-utilities for datasets are submod-

ular, we come up with a polynomial time
˜O(log𝑚) 4

bi-criteria

approximation algorithm for the problem, where𝑚 is the number

of data-sellers in the data market. In particular, given a data market

D with 𝑛 types of buyers and𝑚 sellers, and thresholds 𝜏 𝑗 for each

seller 𝑗 , we outline an algorithm that determines a data allocation

to buyers, and a revenue compensation for sellers, such that each

seller 𝑗 receives at least Ω̃(𝜏 𝑗/log𝑚) revenue, and the data market

receives Ω̃(𝑟∗/log𝑚) total revenue, where 𝑟∗ is the optimal revenue

generated by solving Fair-Revenue-Max exactly. This algorithm is

developed by solving the LP corresponding to Fair-Revenue-Max

through the algorithmic framework of Plotkin-Shmoys-Tardos [32],

and designing the necessary oracles for the foregoing framework.

Theorem 2. For any Fair-Revenue-Max instance with submodular

buyer utilities, in polynomial time, one can construct a solution x such
that the data market receives a revenue of OPT/𝜂, and each seller 𝑗

receives a compensation of 𝜏 𝑗/𝜂, where 𝜂 ∈ ˜O(log𝑚), andOPT refers

to the optimal solution to Fair-Revenue-Max.

In summary, we initiate the study of fair revenue compensation

for sellers in data markets, drawing a natural parallel to similar

efforts (incorporating fairness) in two-sided optimization settings

such as assortment planning [19] and other related online two-sided

marketplaces [18]. We introduce a formal mathematical framework,

establish intractability results, and develop approximation algo-

rithms under mild and realistic assumptions. We hope our work

serves as a starting point for future research on mechanisms for

fair competition in data economies.

3
Datasets that are valued differently by different buyers.

4 ˜O(·) and Ω̃ ( ·) hides a logarithm of the maximum money. a buyer is willing to pay

for per-unit increase of accuracy in her prediction task.

1.2 Related Work
Data economics has been a vibrant area of research, and a full sur-

vey of all concepts is well beyond the scope of this paper. We only

mention somework that is most relevant to our paper. A long line of

work [2, 3, 8, 10, 14, 17] investigates revenue-maximizing strategies

of a monopolist data seller. The framework of the data marketplace

discussed in our paper has also been explored in the prior literature,

e.g., three-layer data market [22] and real-time data marketplace [4].

Pricing policies from other first principles have also been explored

in data markets [9, 16, 28, 31]. There are also competitive pricing

and allocation rules studied in the context of digital goods that

behave similarly to data [25]. Data markets have also been studied

in the presence of externalities [1, 20, 24]. [5, 11, 23, 34] consider

the data exchange economies, where a group of agents in posses-

sion of datasets exchange datasets amongst themselves fairly and

voluntarily for mutual benefit without monetary compensation.

The concept of fairness has also been widely explored in the data

exchange markets, where the data owners also act as data users.

The concept of reciprocal fairness has been proposed by [5, 11, 29],

whereby an agent receives payment proportional to its contribution

to others’ prediction task. The Shapley share [33] and proportional

value [35] from cooperative game theory are commonly used to

measure the contribution of one’s data [5, 11, 12, 29]. Economic

concepts, including pricing [38], fairness [29], incentives [29, 30, 39],

and steady-states [27, 30] have also been explored in decentralized

machine learning frameworks like Federated Learning (FL), which

inherently involve principles of data sharing.

2 SUMMARY AND FUTURE DIRECTIONS
This paper introduces a formal model of fair revenue compensation

in datamarkets.We investigate algorithmic aspects of themodel and

prove that while the general problem is intractable, we can obtain

an efficient approximation algorithm using the PST framework.

We see several future directions that stem out from our work.

Obviously, the main direction is to investigate our guarantees be-

yond submodular accuracies, e.g., when datasets differ by features,

then a combination of datasets is more useful than summing the

benefits from individual datasets (superadditive accuracies). Sec-

ondly, all of our computational results assume oracle access to only

agent utilities for given sets. One could consider stronger oracle ac-

cesses, e.g., access to𝜓 𝑖
𝑗
(𝑆) given 𝑆 . While Shapley shares are hard

to compute exactly, good approximations are achievable through

efficient sampling. We suspect that we may be able to provide bet-

ter approximation guarantees for the exact oracle required for the

PST framework used in this paper. Another interesting direction is

to account for the strategic behavior of the buyers and sellers. In

particular, the buyer payments and seller compensations are en-

forced through contracts. Designing mechanisms that incentivize

buyers and sellers to truthfully report the 𝜇𝑖 and 𝜏 𝑗 seems a natural

question. Lastly, we believe that it would be interesting to study

the price of fairness, i.e., the ratio between the maximum achievable

revenue without fairness constraints and that with such constraints.

Establishing non-trivial bounds on this quantity in meaningful or

practical instances would offer deeper insights into the trade-offs

between fairness and efficiency.
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