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ABSTRACT

The rapid expansion of Al services has exposed emerging limita-
tions in existing model marketplaces, particularly in coordinating
heterogeneous model providers, ensuring equitable participation,
and maximizing combined capabilities. To address these issues, this
paper proposes a novel marketplace architecture based on the Mix-
ture of Experts (MoE) paradigm, utilizing a central gating network
to orchestrate specialized experts or models. The gating network
processes model service request and data, dynamically selecting
suitable experts and allocating weighted data subsets accordingly.
This enables efficient collaboration among experts, exploiting their
complementary strengths to deliver optimized composite Al ser-
vices to buyers. Specifically, we present the conceptual framework
of the MoE-based marketplace and detail its fundamental opera-
tional principles. Furthermore, we discuss key research challenges,
including designing an effective gating network that can intelli-
gently route tasks to suitable experts and developing fair, efficient
payment strategies. Together, these approaches aim to prevent
expert overuse or underuse, thereby ensuring balanced expert en-
gagement and fostering the inclusion of diverse contributors.
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1 INTRODUCTION

In recent years, data marketplaces have emerged as a foundational
component of the data economy, enabling organizations to mone-
tize their data assets and allowing consumers to access high-quality
datasets for diverse analytical and business purposes [7, 9, 14, 16].
However, the rising demand for Al and ML has shifted value from
raw data to models trained on domain-specific datasets, capable of
performing tasks such as classification, prediction, recommenda-
tion, and automated reasoning.
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This evolution is giving rise to a new paradigm: machine learning
model marketplaces [1, 2, 4, 5]. These platforms enable organiza-
tions to commercialize pre-trained models, either as a replacement
for or a complement to traditional raw dataset sharing. Consumers
can then buy these models without the burden of training them.

The convergence of data marketplaces and ML model market-
places is therefore both natural and necessary. Models rely on
high-quality, domain-specific data to achieve strong performance,
while curated datasets gain practical value only when they can
be used to train models that solve real-world tasks. In this sense,
data and models form a mutually reinforcing ecosystem: better data
enables better models, and useful models increase the demand for
relevant, well-curated data.

In this context, we foresee the increasing adoption of the Mixture
of Experts (MoE) [3, 23] pattern as a way to orchestrate different
providers of multiple specialized models to meet complex requests
from consumers. While prior studies [12, 19, 21] have explored
competition and incentive alignment in relatively homogeneous set-
tings, the effective integration and incentivization of heterogeneous
Al service providers, with diverse architectures and competencies,
remains a core challenge. Existing marketplace designs, whether
centralized, decentralized [4, 11] or based on naive competition
[12], often lack the mechanisms needed to support fine-grained
cooperation among diverse service providers, limiting their ability
to deliver efficient and equitable Al services.

To bridge this gap, we propose a novel Mixture-of-Experts (MoE)
based model marketplace architecture. The MoE marketplace con-
sists of a pool of experts, each specializing in heterogeneous ma-
chine learning services. A central gating network intelligently as-
signs tasks and allocates subsets of the training set to experts, the
Gating Network assigns weights to the experts’ contributions based
on the specific characteristics of the incoming model requests. This
structure facilitates effective cooperation among experts, maximiz-
ing their combined strengths to deliver a better model to buyers.

In this paper we present an initial architecture of an MoE Market
place and an early stage exploration of MoE-based marketplace. We
aim to highlight open challenges in coordinating and incentivizing
diverse experts and examine how cooperation and competition
among heterogeneous providers can be balanced to ensure fair
and high-quality service delivery. We further discuss the broader
implications of this structure for the emerging Al service economy.
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The remainder of this paper is structured as follows. Section
2 reviews related work, covering existing paradigms for data and
model marketplaces, as well as the foundational concepts of the Mix-
ture of Experts (MoE) pattern. Section 3 introduces our proposed
MoE-based model market architecture, actors and operational work-
flow. Section 4 discusses the key technical and incentive-related
challenges. Finally, Section 5 concludes the paper.

2 RELATED WORK

To contextualize our proposed Mixture-of-Experts (MoE) market
architecture, we first review existing paradigms. This section be-
gins with an overview of general data marketplaces, followed by a
discussion on the model marketplaces, and finally, an introduction
to the MoE pattern and its relevance.
Data Marketplaces: A data marketplace is broadly defined as an
online venue that facilitates the commoditization of data among
them. These platforms aim to strike a balance between individuals’
potential privacy loss and the broader utility derived from the use
of private data, often through the monetization of data.

The typical ecosystem of a data marketplace involves three main
types of participants, as illustrated by Zhang et al. [24].

e Data Owners: These are entities, such as individuals or orga-
nizations, who possess data and are willing to monetize it.
This can range from personal data (social, financial, health)
to corporate data about users, their demographics, prefer-
ences, and behaviors.

o Data Consumers: These participants seek external data to
enhance their decision-making, product design, service of-
ferings, or customer management. They can include adver-
tisers, software developers, retailers, and manufacturers.

e Data Brokers: Often acting as an intermediary, the data
broker collects, integrates, stores, and redistributes data,
generating profit from these operations. The broker can be
an integral component of the marketplace platform or an
external third party.

Data marketplaces can vary significantly in their market struc-

ture, which plays a key role in determining how data value is
realized. Zhang et al. [24] categorize these structures primarily into
sell-side markets, buy-side markets, and two-sided markets. In a
sell-side market, data from multiple sources are integrated and sold
to consumers, while a buy-side market enables entities to monetize
their internal data by allowing brokers to procure it. Two-sided
markets combine these aspects, with a data broker often facilitat-
ing transactions between owners and consumers. Such two-sided
markets can be further distinguished as centralized, where all par-
ticipants trade data through the broker, or decentralized, where the
broker might provide a platform but data owners and consumers
can transact more directly if they are members. These foundational
structures set the stage for understanding more specialized market-
places, such as those focusing on Al models.
Model Marketplaces: Recognizing that the value often lies not
just in raw data but in the insights and predictive power derived
from it, model marketplaces have emerged as a significant evolution.
These platforms focus on the buying and selling of trained machine
learning (ML) models as commodities.

Early conceptualizations of model marketplaces highlighted the
need to transition from markets selling only data to those that
can directly sell ML models. Chen et al. [4] introduced a formal
Model-Based Pricing (MBP) framework, where, instead of pricing
the data, ML model instances are directly priced based on their
quality, typically accuracy. Their approach involves a seller (pro-
viding the dataset), a buyer, and a central broker who mediates
the sale. The broker often trains an optimal model and then gen-
erates different versions (e.g., by injecting Gaussian noise) to offer
various price-accuracy trade-offs to buyers. This MBP framework
also formally addresses desiderata such as preventing arbitrage
opportunities. Cong et al. [6] further survey pricing for ML models
for end-users as a key step in ML deployment pipelines, noting
challenges in versioning and arbitrage avoidance. Building on these
foundational MBP concepts, Liu et al. [11] proposed a more compre-
hensive end-to-end model marketplace that considers the needs of
all three entities: data owners, the broker, and model buyers. This
"Dealer" framework allows data owners to set usage restrictions
(e.g., via Differential Privacy) and receive fair compensation (e.g.,
using Shapley value) for their data’s contribution to the models sold
in the market. The broker, in this single-entity setup, trains a series
of differentially private models and uses sophisticated algorithms
for revenue maximization while respecting arbitrage-freeness.

The advent of Federated Learning (FL) introduced a new dimen-

sion to model marketplaces by enabling collaborative model train-
ing without direct raw data exchange, thus addressing some of the
critical privacy concerns inherent in centralized data collection. Sun
et al. [20] proposed DEVELOP, a broker centric FL model market-
place that incentivizes data owners to participate in Differentially
Private FL (DPFL) by explicitly accounting for their privacy costs.
The broker in DEVELOP then undertakes optimal model versioning
and pricing to maximize its profit from selling these collaboratively
trained models. Similarly, Pan et al. [15] addressed the challenge of
non-IID data and diverse customer requirements in FL. model mar-
ketplaces by proposing a privacy-preserving trainer recruitment
mechanism. Their hierarchical mechanism selects optimal trainers
based on task preferences, data distributions (approximated using
coarse-grained information and compared against a customer’s
template dataset using KL divergence), and data sizes, aiming to
improve the quality of purchased models.
Mixture of Experts: The Mixture of Experts (MoE) architecture is
a machine learning paradigm that employs a "divide and conquer”
strategy to handle complex and diverse datasets [23]. The basic
design of an MoE model involves multiple specialized sub-models,
termed "experts,’ and a "gating function". This gating function dy-
namically selects and activates the most relevant subset of experts
to process a given input data. This selective activation allows MoE
models to significantly expand their capacity and handle diverse
knowledge domains without a proportional increase in computa-
tional costs, thereby achieving a balance between performance and
efficiency [13]. The MoE pattern has proven effective in various
machine learning paradigms, including continual learning [10],
meta-learning [8], multi-task learning [17], reinforcement learning
[22], and federated learning [18].

However, to the best of our knowledge, the direct application
of the MoE pattern—with its distinct components of specialized
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Figure 1: the structure of MoE Model Market

experts and a selective gating mechanism—as an overarching ar-
chitectural principle for designing and operating a marketplace of
autonomous, heterogeneous service providers remains largely un-
explored. In typical MoE applications, the "experts" and the "gating
network" are integral, co-trained components of a unified system
designed to perform a specific learning task. Our work distinguishes
itself by transposing this powerful pattern to a market context. We
envision a marketplace where the "experts" are independent, special-
ized service-providing brokers, and the "gating network" functions
as an intelligent market coordinator that dynamically orchestrates
collaboration among these brokers to fulfill complex buyer requests.
This novel application of the MoE concept to a multi-level market
structure forms the core of our proposed research.

3 MOE-BASED MODEL MARKET

This section details our proposed marketplace architecture, de-
signed to facilitate the trading of Al-driven model services by lever-
aging a Mixture of Experts (MoE) paradigm. The architecture, as
depicted in Figure 1, integrates several key participants and a struc-
tured workflow to orchestrate the delivery of specialized Al services
and manage the associated transactions. Our primary aim with this
design is to create a flexible and potentially more efficient market
by intelligently coordinating diverse expert capabilities.

3.1 Main Actors and Their Roles

Our proposed MoE-based model marketplace (Figure 1) is conceptu-
alized as an ecosystem in which Buyers request bespoke Al model
services. These services are delivered through the coordinated ef-
forts of multiple Experts (Ey, - - - , E,), orchestrated by a central
Negotiation Broker. A critical component in this architecture is the
Gating Network, which processes model service request and data,
dynamically selecting suitable experts and allocating weighted data
subsets accordingly. This enables efficient collaboration among
experts, exploiting their complementary strengths to deliver op-
timized composite Al services to buyers. The ultimate goal is to

generate a tailored model for the Buyer, with the Negotiation Bro-
ker managing the entire pipeline from service request to revenue
distribution of experts.

We identify the following actors:

o Buyers: Entities that commission specific Al-powered ser-
vices or model outputs. For example, a buyer could be a
financial institution requesting a model for credit risk as-
sessment, or a healthcare provider seeking diagnostic pre-
dictions from medical imaging data. As shown in Figure 1,
Buyers initiate the process by submitting a Model Request
to the Negotiation Broker (Step 1), often accompanied by
expectations regarding the Model Price (Step 4).

o Negotiation Broker: The central coordinator responsible for:
(i) Interfacing with Buyers: receiving requests, negoti-
ating pricing, delivering the final model, and processing
payments (Steps 1, 8); (ii) Managing Data Acquisition:
issuing data requests to Data Providers, negotiating prices,
handling payment, and collecting datasets (Steps 2-5); (iii)
Interfacing with the Experts: forwarding acquired data
to the Gating Network (Step 6); and (iv) Delivery and Rev-
enue Allocation: delivering the model and distributing
payments among the contributing experts based on their
contribution to the final output.(Step 8).

e Data Providers: Entities that supply the data necessary to
train the models to fulfill buyers’ requests. They receive
Data Requests (Step 2) and respond with Data Price quotes
(Step 3). Upon agreement and payment (Step 5), they deliver
the required data to the Negotiation Broker.

o Gating Network: An intelligent routing component owned
and operated by the Negotiation Broker. Upon receiving
data from the broker (Step 6), the Gating Network ana-
lyzes the information and assigns Weighted Data Subsets
to selected experts within the MoE block (Step 7). This
mechanism determines each expert’s relevance and scope
of participation, effectively customizing the data pipeline
to match expert capabilities.

o Experts: A pool of heterogeneous models or specialized ser-
vice modules. Experts receive task-specific weighted data
from the Gating Network (Step 7) and collaboratively gener-
ate the final Al output. Only experts selected by the Gating
Network participate in the processing and are eligible for
compensation. Experts not selected (i.e., with zero weight)
do not receive data for that task and are excluded from both
execution and payment for that request (Step 8).

3.2 Marketplace Workflow and Interactions

The operational flow of the MoE-based service trading marketplace,
as illustrated in Figure 1, unfolds through the following sequence
of interactions:

o Model Request Initiation: A Buyer initiates the process by
submitting a Model Request to the Negotiation Broker (Step 1).
A model request may include quality expectations and max-
imum budget, that are input to steps 2-4 of the Figure 1.

e Data Sourcing Strategy: Based on the model request, the
Negotiation Broker identifies the required data and sends



a Data Request to relevant Data Providers (step 2). Data
providers return a price quotation of the desired data.

o Service Agreement and Data Acquisition: The Negotiation
Broker evaluates the Data Price quoted by the Data Providers
and the specifications in the Buyer’s Model Request to pro-
pose an overall Model Price to the Buyer (step 4). If the
Buyer does not agree with the offered price, the transaction
is terminated. Upon reaching an agreement (step 4) with the
model buyer, the negotiation broker triggers the acquisition
of data from the data providers (step 5), the Negotiation
Broker completes the transaction by issuing a Pay for Data
transfer to the Data Providers, who then Provide Data in
return (step 5).

e Data Preprocessing and Routing: The acquired data and re-
quested model specification are passed to the Gating Net-
work (step 6), which is responsible for interpreting the task
context and preprocessing the data accordingly.

e Expert Engagement: The Gating Network analyzes the data
and distributes Weighted Data Subsets for MoE Training
to selected experts (E ... E,) in the Mixture-of-Experts
block (step 7). This step is critical, as it operationalizes the
MoE principle by assigning task-specific data to the most
relevant experts. Experts not selected (i.e., assigned zero
weight) do not participate in this training instance, nor do
they receive compensation for it.

e Service Delivery and Financial Settlement: The resulting
model or service output is delivered to the Buyer (Provide
Model, step 8), who completes the transaction through pay-
ment (Pay for Model, step 8). Simultaneously, the Nego-
tiation Broker performs the Model Delivery and Allocate
Payments for MoE (step 8), compensating participating ex-
perts based on their assigned contribution weights and the
revenue generated.

This architecture establishes a dynamic and modular environ-
ment in which heterogeneous Al expertise can be efficiently coor-
dinated and monetized. The separation of negotiation, data acqui-
sition, intelligent gating, and expert execution enables specialized
roles at each stage.

4 CHALLENGES AND FUTURE DIRECTIONS

While the proposed Mixture-of-Experts (MoE) marketplace archi-
tecture presents a promising framework for facilitating collabora-
tion among heterogeneous experts and delivering high-quality AI
services,its implementation raises several challenges:

Revenue Allocation: A primary challenge lies in establishing a
fair and efficient profit allocation mechanism among diverse experts
who collaboratively fulfill a buyer’s request. In such heterogeneous
settings, accurately quantifying each expert’s contribution to the
final aggregated output is inherently difficult. Unlike homogeneous
model training scenarios, where performance metrics such as task-
specific accuracy, confidence calibration, computational efficiency,
robustness, and complementarity are more directly comparable,
MoE marketplaces must account for varying capabilities, costs, and
roles. Traditional metrics, such as individual accuracy or indepen-
dently computed Shapley values, often fail to reflect experts’ true
added value within the context of the collaborative generation of a

requested model within the collaborative operation. An effective
allocation mechanism must go beyond simplistic measures, cap-
turing nuanced contributions while incentivizing sustained high
quality participation from all experts, including those with niche
specializations who may be invoked less frequently but are critical
in certain requests. Failure to design such a mechanism may result
in detrimental effects such as “free-riding” by underperforming ex-
perts or reward concentration among a few dominant contributors,
ultimately destabilizing participation. The key challenge is thus to
reward impactful contributors while avoiding the exclusion of less
frequently selected, yet potentially valuable, experts.

Gating Network Design: An essential component of our model is
the Gating Network. The broker must solve the problem of training
a gating network that, given a buyer’s model request, a heteroge-
neous pool of experts and the data acquired from data providers,
outputs a weight distribution over the experts and weighted sub-
datasets. Training such a Gating Network is challenging for several
reasons: First, it must accurately evaluate the relative strengths
of diverse experts across a wide variety of tasks, despite differ-
ences in architecture, specialization, and performance scales. Sec-
ond, defining an effective supervision method is non-trivial, es-
pecially when the optimal combination of experts is unknown or
changes dynamically with incoming requests. Third, the network
must avoid developing persistent biases that over-allocate tasks to a
small subset of "star" experts, which risks excluding less frequently
activated—but potentially critical—participants and eroding the
marketplace’s diversity and flexibility. Beyond these learning chal-
lenges, the negotiation broker must manage operational concerns
such as onboarding new experts, enforcing quality control, and
maintaining robustness under dynamic conditions, including shift-
ing requests and expert turnover. These requirements collectively
impose significant demands on the learning strategy.

Validation Methods: Finally, the design of a proper empirical
validation of an MoE market is challenging. Accurately evaluating
expert quality is inherently multidimensional, encompassing not
only accuracy, but also confidence calibration, computational effi-
ciency, robustness, and complementarity. Developing standardized
benchmarks and online metrics that comprehensively reflect these
aspects is crucial to evaluate both the intelligence of the Gating
Network and the fairness of any profit allocation scheme. Further-
more, experimental design must include tasks and datasets that
genuinely require heterogeneous collaboration, avoiding scenar-
ios where a single expert could trivially outperform the ensemble.
Validating the effectiveness of the Gating Network demands more
than overall performance metrics, it requires isolating and quan-
tifying the contribution of its decision making relative to simpler
heuristics, particularly under uncertainty. Simulating long-term
market dynamics, such as broker exclusion trends, shifts in partici-
pation under varying allocation policies, and scalability under an
increasing expert population, further complicates the evaluation.
These experiments require precise control, realistic assumptions,
and substantial computational resources to faithfully capture the
complex and evolving nature of the MoE-based marketplace.



5 CONCLUSION

In this paper, we introduced a conceptual framework for a novel
Mixture-of-Experts (MoE)-based model marketplace, designed to
overcome limitations in existing market paradigms by fostering
effective collaboration and ensuring fair participation among het-
erogeneous Al service providers. We outlined an architecture where
specialized experts are intelligently coordinated by a central gating
network to deliver composite Al services. The core innovation lies
in extending the MoE pattern, traditionally applied within individ-
ual models, to a broader inter-agent market structure, aiming to
harness the collective intelligence of diverse Al capabilities.

We identified several key challenges in realizing this vision,
including the design and training of an effective gating network
capable of accurately assessing and routing requests to heteroge-
neous experts and allocating weighted data subsets accordingly,
as well as the development of fair and efficient revenue allocation
mechanisms that reward diverse contributions while preventing
market imbalances. We also discussed the complexities of empiri-
cally validating such a dynamic and multifaceted marketplace.

As this research is in its early stages, the proposed framework
and outlined challenges are intended to serve as a foundation for fur-
ther development and exploration. Our primary goal is to share our
vision for a more cooperative and specialized Al service economy
and to invite feedback from the broader research community. We
believe that insights into robust gating network strategies, equitable
profit-sharing mechanisms, and rigorous experimental methodolo-
gies will be critical to advancing this work.
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