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Abstract
Modern information access ecosystems consist of mixtures of sys-

tems, such as retrieval systems and large language models, and

increasingly rely on marketplaces to mediate access to models,

tools, and data, making competition between systems inherent to

deployment. In such settings, outcomes are shaped not only by

benchmark quality but also by competitive pressure, including user

switching, routing decisions, and operational constraints. Yet evalu-

ation is still largely conducted on static benchmarks with accuracy-

focused measures that assume systems operate in isolation. This

mismatch makes it difficult to predict post-deployment success and

obscures competitive effects such as early-adoption advantages

and market dominance. We introduce Marketplace Evaluation, a
simulation-based paradigm that evaluates information access sys-

tems as participants in a competitive marketplace. By simulating

repeated interactions and evolving user and agent preferences, the

framework enables longitudinal evaluation and marketplace-level

metrics, such as retention and market share, that complement and

can extend beyond traditional accuracy-based metrics. We formal-

ize the framework and outline a research agenda, motivated by

business and economics, around marketplace simulation, metrics,

optimization, and adoption in evaluation campaigns like TREC.
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Figure 1: Comparison of evaluation paradigms for infor-
mation access systems. (a) Cranfield: a multi-user single-
system setting where all queries are routed to a fixed sys-
tem, eliminating competition and user choice. (b) Arena: a
multi-user multi-system setting where a central platform
mediates anonymous pairwise comparisons, precluding per-
sistent user preferences or switching behavior. (c) Market-
place: a multi-user multi-system setting where users actively
select among competing providers without requiring a cen-
tral mediator, enabling competitive dynamics, behavioral
adaptation, and the emergence of market share over time.

1 Introduction
Modern information access (IA) systems are increasingly interac-

tive, often operating through conversational interfaces powered by

large language models (LLMs) that deliver generated information

objects (GIOs) to users [20]. These systems, hereafter referred to as

IA agents, can be any system that provides information access func-

tionality, including standalone LLMs, standalone retrieval systems,

or compositions of one or more LLMs and retrievers [97].

Development in this space has been rapid and highly competi-

tive, with providers introducing new capabilities at a near-monthly

pace [56, 62]. This competition plays out across marketplaces that

mediate access to various information access agents, including open

community hubs [62], centralized execution platforms [7, 69], and

enterprise marketplaces [6, 24]. The existence of these platforms

make it easy for users and systems to try multiple providers and

switch when better options appear.

However, evaluation of IA agents is predominantly conducted

using static benchmarks that treat systems as standalone artifacts

[74, 90]. This isolated view is therefore misaligned with deploy-

ment: within marketplace, performance is inherently interdepen-

dent, since the success of one system depends not only on its intrin-

sic quality but also on the presence, behavior, and strategic choices

of competing systems. These interactions fundamentally alter what
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it means for a system to be good, shifting evaluation from absolute

effectiveness to relative performance under competitive pressure.

Understanding system performance in the competitive market-

places is crucial for both system designers and platform operators,

as isolated benchmarks often fail to predict real-world adoption

and success. For example, in retrieval-augmented generation (RAG)

[58], the interaction between generators and retrievers creates net-

work effects where the value of a retrieval system depends not only

on its intrinsic quality but also on its adoption by the generator

population and its differentiation from competing systems [73].

Marketplace dynamics introduce phenomena such as winner-take-

all effects [79], where small performance differences can lead to

dramatic market share disparities, and portfolio effects [64], where

generators may strategically diversify across multiple retrieval sys-

tems to optimize for different query types or hedge against system

failures. These dynamics have significant implications for research

priorities, business strategies, and the overall health of informa-

tion ecosystems, as they influence innovation incentives, market

concentration, and the diversity of available approaches.

We present the perspective that existing evaluation paradigms in

information access, including Cranfield-style evaluations [18] and

pairwise A/B testing [45], do not account for competitive market

forces or user behavioral adaptation. In the Cranfield paradigm

(Figure 1a), evaluation can be interpreted as a multi-user single-

system setting, where multiple queries stand in for multiple users

but all interactions are routed to a fixed system, eliminating any

notion of competition or user choice. Pairwise and Arena-style

evaluations (Figure 1b) extend this to a multi-user multi-system

setting, yet still fall short of modeling real-world competition, since

users are typically presented with anonymous system variants and

do not actively select among providers, preventing the formation

of persistent preferences or switching behavior. As a result, the

single-system evaluation fails to capture how system performance

degrades or improves under varying load conditions as market

share fluctuates, while pairwise comparisons cannot model the

complex multi-way interactions that emerge when multiple sys-

tems compete simultaneously for the same user base. Furthermore,

current approaches do not account for strategic behavior by system

operators, such as quality differentiation that influence system se-

lection beyond pure performance metrics. The temporal dynamics

of marketplace competition, including learning effects, adaptation

strategies, and the evolution of user preferences, are entirely absent

from traditional evaluation frameworks, yet these factors critically

determine long-term system viability and market outcomes.

Following this perspective, we introduce marketplace evaluation,
a general framework for assessing information access systems as

participants in competitive marketplaces rather than as isolated ar-

tifacts. The framework models information access as a multi-agent

system in which providers and intermediaries make strategic deci-

sions under shared constraints, and system performance emerges

from interactions among competing entities rather than from stan-

dalone effectiveness.

Without loss of generality, we ground this framework in the

RAG ecosystem, a representative setting that encompasses all key

interactive stakeholders, including users, generators, and retrievers.

In this setting, for interactive information access, users choose

among multiple competing generators, which differ in capability

and cost, while generators in turn act as demand-side agents that

select among competing retrieval services. Here, retrieval systems

also compete for traffic coming from generators not only through

retrieval quality, but also through capability, cost, and control over

which collections of information they are able or permitted to serve.

Both generators and retrievers may strategically restrict, expand,

or specialize their accessible information sources, making access

itself a central axis of competition.

Within this instantiation, we formalize evaluation with an agent-

based simulation [10, 27, 76] of competitive information access

marketplaces, in which system performance depends on adoption

patterns, competitive pressure, and information access constraints.

Our framework incorporates realistic marketplace factors such as

capacity limits, pricing mechanisms, and quality-of-service guar-

antees, enabling systematic evaluation of how systems perform,

adapt, and coexist under different competitive structures.

We begin in Section 2 with our perspective and a motivating

experiment that illustrates how competitive dynamics alter system-

level conclusions. We then formalize the marketplace evaluation

framework with consistent notations in Section 3. Building on this

foundation, we outline a long term research program centered on

three core research questions:

• RQ1 (§4): How can information access agent marketplaces be

simulated for evaluation?

• RQ2 (§5): What metrics are appropriate for characterizing IA

agent’s performance and market conditions?

• RQ3 (§6): How can marketplace evaluation be integrated into ex-

isting evaluation campaigns and benchmarking infrastructures?

We hope this fresh perspective inspires a new class of method-

ologies for evaluating and improving the impact of information

retrieval technologies on AI ecosystems, while addressing one of

the most pressing challenges in modern AI.

2 Perspective: Evaluation of IA Agents as
Marketplace Participants

We argue that IA agents should be evaluated as competitors in a

marketplace, where performance emerges through repeated inter-

action and both human and agent preferences evolve over time. In

such environments, systems compete for attention, usage, and con-

tinued engagement from users. Consequently, evaluation outcomes

depend on how systems are exposed to users, how preferences form

over time, and how competition shapes long-term usage patterns.

Current evaluation methods are fundamentally limited by the

assumption that interactions are independent and isolated, failing

to capture how humans and AI agents evolve through experience.

Traditional static benchmarks and Cranfield paradigm ignore the

fact that human preferences are shaped by prior exposure. In the

real world, the specific sequence and timing of interactions build the

loyalty or abandonment that dictates market success [96]. Similarly,

modern multi-agent IA systems often utilize routers [42, 55, 68, 85]
to dynamically direct queries to the most appropriate retriever or

generator. These components also develop their own internal ten-

dencies over time by learning from feedback such as cost, latency,

and accuracy. Consequently, they exhibit path dependence where
early interactions alter future system behavior and resource alloca-

tion. By treating every interaction as a first time occurrence, current
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paradigms miss the cumulative, historical dynamics that define real-

world performance. This misalignment motivates a rethinking of

evaluation paradigms toward settings and metrics that explicitly

model and evaluate interaction, adaptation, and competition.

This evaluation perspective algins with common business and

deployment goals. For industry practitioners, the success of an IA

agents is rarely defined by a single offline metric [32, 41]. Instead,

deployment success is reflected through operational signals such as

query traffic, market share, and sustained usage [78]. However, this

perspective does not diminish the importance of accuracy-based

metrics (e.g., NDCG [89] for ranking evaluation, and ROUGE [59]

for GIO evaluation), as those quality do influence user satisfac-

tion and underlies downstream outcomes such as retention and

growth [22]. Marketplace-level metrics therefore complement the

traditional metrics, rather than replacing them.

2.1 Motivating Experiment
To illustrate what evaluation under competition reveals that tradi-

tional static benchmarks cannot and to motivate a future research

agenda, we evaluate multiple IA agents using a marketplace simu-

lation with a simple setup.

We first conduct static evaluations to create a ranking of systems.

We set up seven distinct systems: DeepSeek V3.2 [60], Kimi K2.5

[86], Gemini 2.5 [19], GPT-OSS [1], Grok 4.1 [91], Qwen3 [93],

and Llama 3.3 [26]. These agents are tested using 500 fact-seeking

questions drawn from the test set of the SimpleQA benchmark.

[90]. These agents produce generated information objects (GIO)

[20] instead of being restricted to short-phrase responses. Each

agent answers all questions, responses are scored using a question-

level correctness metric, and systems are ranked by the aggregated

metric (F-score), following the benchmark. This procedure yields a

single, static system ranking that is invariant to evaluation order

and independent of user interaction. The evaluation results and the

system ranking can be found in Table 1.

2.1.1 Marketplace Simulation Setup. We contrast this static

evaluation with a minimal marketplace simulation that preserves

the same questions and the same correctness metric, but introduces

user choice and preference updating. We simulate a population of

10 users who can access all systems in the market and maintain

individual preference distributions over systems. Per simulation

step, 5 users are sampled, and each user is assigned to a question

drawn without replacement from the dataset pool, and the user

selects a system based on their current preference distribution with

a small amount of exploration. After observing the system response,

the user updates their preference based solely on the question-level

correctness of that response.

This way, the first 100 simulation steps cover the same 500 ques-

tions used in our static evaluation. We initially run these steps

with six models, introducing a seventh model during the second

half of the simulation (steps 101 to 200). This setup enables us to

examine two contrasting scenarios under an active market with

warm-started users. In the first, a system that performs strongly

under static benchmarking, Qwen3, enters a lightly concentrated

market (Table 2 & Figure 2a). In the second, a system with moder-

ate static benchmark performance, DeepSeek V3.2, enters a highly

concentrated market (Table 3 & Figure 2b).

Table 1: Model performance (F1-score) and fairmarket shares
proportionate to the benchmark performance.

Model F1 Fair Share (%) Fair Share (%)
w/o Qwen3

Fair Share (%)
w/o DeepSeek V 3.2

Qwen 3 60.24 28.89 - 33.30

Kimi K2.5 42.51 20.38 28.66 23.49

Llama 3.3 27.74 13.30 18.71 15.33

DeepSeek V3.2 27.59 13.23 18.60 -

Grok 4.1 19.21 9.21 12.95 10.62

Gemini 2.5 16.83 8.07 11.35 9.30

GPT-OSS 14.42 6.91 9.72 7.97

2.1.2 Ranking Divergence Under Interaction. Let us begin by

comparing the system rankings derived from the static benchmark

(Table 1) with those obtained from the first set of simulation runs

prior to the entry of any new models (𝑡 = 1–100) in Tables 2 and 3.

Although the same set of questions was used, the resulting rankings

differ, indicating that competitive dynamics and user adaptation

reshape outcomes beyond what is captured by static evaluation

alone. This discrepancy serves as one indicator that marketplace

interactions can meaningfully alter system standing even before

any structural changes, such as new entry, occur.

This becomes even clearer in examining the market share trends

in Figures 2a and 2b. Market share is defined as the total query

traffic received by an IA agent within a given time window. The

plots report windowed market share with a size of 10, allowing us to

track local trends as time progresses. When systems are ranked by

cumulative market share over 𝑡 = 1–100, a single overall ordering

emerges. However, the windowed curves reveal that local rankings

fluctuate frequently. In several periods, the market share of a model

drops close to zero before recovering, or vice versa. These fluctu-

ations highlight the underlying dynamics of user adaptation and

competition that are not visible in aggregate statistics alone.

2.1.3 Market Entry and Dominance Effects. More interesting

effects emerge when the marketplace participants changes. From

the windowed market share plots at 𝑡 = 100, the market in Figure 2a

is visibly less concentrated than in Figure 2b. The entry of Qwen3

acts as a clear shock to the market, whereas the entry of DeepSeek

V3.2 produces only modest shifts, suggesting that entering an al-

ready highly concentrated market makes it difficult for a newmodel

to secure the share implied by its standalone performance.

From a meritocratic perspective, one might expect market share

to be proportional to internal capability, as approximated by static

benchmark performance. Table 1 reports the models’ “fair" shares

derived from their F1 scores. However, when we compare these

expected fair shares (FS) with the realized market shares, the dis-

crepancy is substantial (ΔFS in Tables 2 and 3). In particular, post

entry market share disparity is notably higher than pre entry dis-

parity, as reflected by the HHI index reported in Tables 2 and 3.

In Figure 2a, the entry of Qwen3 compresses the market shares

of middle and lower ranked models into nearly indistinguishable

levels. At that stage, the ranking implied by static benchmarking

becomes largely uninformative. Across both scenarios, we observe

dominance effects that resemble real world marketplaces and can-

not be inferred from static benchmarking alone. The marketplace

metrics discussed here, including market share and HHI, are exam-

ined in greater detail in Section 5.
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Table 2: Qwen3 late entry.
Market Share

(ΔFS) (%)
System

Ranking
→ System

Ranking

Market Share

(%) (ΔFS)
Before Entry

HHI = 1940.96

𝑡 = (1 − 100)

After Entry

HHI = 2430.16

𝑡 = (101 − 200)
new Qwen3 36.00 (+7.11)

(+0.74) 29.40 Kimi K2.5 Kimi K2.5 29.40 (+8.62)

(+2.4) 21.00 DeepSeek V3.2 DeepSeek V3.2 11.60 (-1.63)

(-4.31) 14.40 Llama 3.3 Gemini 2.5 6.60 (-1.47)

(+0.85) 13.80 Grok 4.1 GPT-OSS 6.40 (-0.51)

(+3.08) 12.80 GPT-OSS Llama 3.3 5.60 (-7.7)

(-2.75) 8.60 Gemini 2.5 Grok 4.1 4.40 (-4.81)

Table 3: DeepSeek V3.2 late entry.
Market Share

(ΔFS) (%)
System

Ranking
→ System

Ranking

Market Share

(%) (ΔFS)
Before Entry

HHI = 3176.88

𝑡 = (1 − 100)

After Entry

HHI = 3789.28

𝑡 = (101 − 200)
(+22.71) 51.60 Qwen3 Qwen3 57.80 (+28.91)

(-5.58) 14.80 Kimi K2.5 Kimi K2.5 15.80 (-4.58)

new DeepSeek V3.2 12.0 (-1.23)

(-2.70) 10.60 Llama 3.3 Llama 3.3 4.60 (-8.70)

(+0.39) 9.60 Grok 4.1 GPT-OSS 4.20 (-2.71)

(+0.49) 7.40 GPT-OSS Gemini 2.5 3.20 (-4.87)

(-2.07) 6.00 Gemini 2.5 Grok 4.1 2.40 (-6.81)
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Figure 2: Marketplace dynamics illustrating fluctuating system rankings and market share following the entry of a new model.
The first 100 simulation steps were conducted with six models, after which a seventh model was introduced into the warm
started marketplace.
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3 The Marketplace Evaluation Framework
Before we delve into the core research questions, in this section, we

formalize the marketplace evaluation framework, including how

interaction dynamics unfold across successive simulation steps.

3.1 Overview
To study and evaluate systems within complex ecosystems, we

formalize our framework using agent-based simulation [10, 27, 76].

The dynamics observed in competitive information access agent

marketplaces arise from interactions among many decision-makers,

including human users and agents, coupled through feedback, com-

petition, and path dependence. For such systems, analytical charac-

terization quickly becomes intractable and/or insoluble. As argued

by Axtell [10] and, in the context of business research by Rand

and Rust [76], agent-based simulation is not merely a modeling

convenience but a necessary methodology for studying complex

systems in which aggregate behavior emerges from interactions

among heterogeneous agents.

Moreover, simulation provides a controlled yet expressive foun-

dation for evaluation [11, 92]. It enables the study of both short-

and long-term deployment effects, supports scalable and repro-

ducible experimentation without reliance on live user studies, and

allows situated and counterfactual analysis under specific user pop-

ulations and competitive conditions [39, 94]. Recent advances in

large language models make such simulations increasingly feasi-

ble [31, 52, 70, 99], positioning simulation-based evaluation as a

practical mean to measure agents in the real-world marketplaces.

Figure 3 illustrates a concrete example of the agent-based simu-

lation setting, involving users, generators, retrievers, and routers.

Consider a domain expert and a general web user interacting with

three generator options: a high-capability general model, a moder-

ate general-purpose model, and a domain-specialized model. The

generators can access two retrieval back-ends: a public web search

retriever and a proprietary domain retriever such as a legal docu-

ment index. A router mediates requests from generators to retriev-

ers based on routing policies. Generators may either route queries

through the router or directly call a retriever, creating heteroge-

neous interaction patterns that evolve over time.

In this RAG ecosystem simulation example [97], a single interac-

tion unfolds as follows: (i) a user issues a request and either directly
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selects, or is routed to, a generator; (ii) the selected generator may in

turn select a retriever to obtain supporting evidence before produc-

ing a response; (iii) the resulting output is evaluated to produce a

utility signal, which is then used to update future selection behavior

of both users and generators. As this process repeats across many

interactions and many users, traffic allocation, agent preferences,

and market share evolve over time.

Marketplace evaluation focuses on these longitudinal outcomes
with an ecosystem-centric view [92]. Rather than scoring agents in

isolation on one-shot effectiveness, we evaluate how agents attract

demand, retain usage, and remain viable under competition. The

remainder of this section formalizes the components and dynamics

underlying such simulations.

Before turning to our core research agenda, we first formalize the

agent-based marketplace simulation used for dynamic evaluation.

3.2 Marketplace Primitives
Stakeholders. We define a stakeholder as a population of agents

sharing a common functional role in the marketplace. Grounding

this definition in the example from Section 3.1, the users, gener-

ators, retrievers, and router each constitute distinct stakeholder

populations within the same marketplace. Roles here are defined by

the task an agent performs, rather than by its internal architecture.

For example, the same language model may act as a generator when

producing responses, or as a retriever when ranking documents.

Let A = {U,G,R, F , . . .} denote the universe of possible stake-
holder populations (users, generators, retrievers, routers, etc.). A

concrete evaluation instantiates a finite subset 𝐴 ⊆ A. Each stake-

holder 𝑠 ∈ 𝐴 contains a set of agents with internal state parameters

{𝜃𝑠,𝑎}𝑎∈𝑠 . We describe common stakeholders and representative

algorithmic choices from the literature in Section 4.

Markets and the Information Access Marketplace. Compe-

tition arises whenever multiple agents provide functionally sub-

stitutable services for the same task and therefore compete for

traffic. In the example from Section 3.1, competition for user traffic

arises not only among generators and among retrievers, but also

across roles, as both generators and retrievers seek to capture and

retain demand within the marketplace. We define amarket as a task-
specific group of stakeholders that jointly realize a functionality

and compete for exposure within that functionality. An information
access marketplace consists of one or more such markets. Prominent

examples include a text generation market (generators competing to

respond to user queries) and a document retrieval market (retrievers
competing to supply evidence), as depicted in Figure 3.

Between different markets, collaboration can arise through com-

positional workflows. Retrieval-enhanced generation [97] illus-

trates how the retrieval market and the text generation market

collaborate to improve end-user outcomes by incorporating re-

trieved evidence into generation. At the same time, competition

between markets can still emerge when users choose among differ-

ent information access modalities (e.g., selecting a conversational

search versus a web search).

Marketplace Governance Graph. Inspired by Zhuge et al. [101]
and Hoveyda et al. [36], the interaction structure of an instantiated

marketplace (Figure 3) is defined by a directed acyclic graph

𝐺
marketplace

= (𝐴, E), (1)

where nodes correspond to instantiated stakeholders in 𝐴. An edge

(𝑥 → 𝑦) ∈ E indicates an admissible selection (invocation) relation:
an agent in stakeholder 𝑥 may select (i.e., call, route to, or delegate

to) an agent in stakeholder𝑦 as part of its computation. Equivalently,

the governance graph can be represented by an adjacency matrix

𝑊 ∈ {0, 1} |𝐴 |× |𝐴 | , (2)

where𝑊 [𝑥,𝑦] = 1 iff (𝑥 → 𝑦) ∈ E, otherwise𝑊 [𝑥,𝑦] = 0. Impor-

tantly, 𝐺
marketplace

is a marketplace governance graph specifying

which selections are allowed at the level of stakeholder roles, rather

than the (possibly iterative) execution trace within a single episode.

Interaction Semantics and Dynamics. We now formalize how

interactions unfold within an instantiated marketplace. Given a

fixed marketplace governance graph and stakeholder populations,

interaction semantics specify how agents are selected, how artifacts

are produced, and how realized outcomes induce feedback and

adaptation. This formulation abstracts over architectural details

and captures execution at the level of who interacts with whom,

rather than how each agent internally computes its output.

Each stakeholder population 𝑠 ∈ 𝐴 is associated with a stochastic

policy Pr𝑠 (· | pa(𝑠);𝜃𝑠 ), where pa(𝑠) = {𝑠′ ∈ 𝐴 | (𝑠′ → 𝑠) ∈ E}
denotes the set of parent stakeholders of 𝑠 in 𝐺

marketplace
, and 𝜃𝑠

denotes the parameters of agents within 𝑠 . A single interaction

instance is generated by sampling along the governance graph in

topological order:

𝑧 ∼
∏

𝑠∈topo(𝐺marketplace )
Pr

𝑠
(· | pa(𝑠);𝜃𝑠 ) , (3)

where 𝑧 denotes the realized trajectory of selected agents.

Given an interaction outcome 𝑧, evaluation produces a utility:

𝜇 ∼ Pr(· | 𝑧,D;𝜃𝜇 ), (4)

where D denotes the evaluation dataset and 𝜃𝜇 denotes the evalua-

tor model. Depending on the dataset, evaluation may be reference-

based (e.g., relevance or accuracy [90]) or reference-free (e.g., LLM-

based judges [28]), depending on the application.

After observing 𝜇, participants may update their internal states:

𝜃𝑠∗ ← Update(𝑠∗, 𝑧, 𝜇), (5)

where 𝑠∗ denotes any agent selected during 𝑧. Referring to the ex-

ample in Section 3.1, suppose the expert user selects the moderate

general-purpose generator, which in turn relies on the general web

retriever. If the returned result is unsatisfactory, the usermay reduce

its preference for this generator in expert-level tasks. This nega-

tive feedback can propagate upstream, discouraging the generator

from selecting the same retriever in similar contexts. Conversely,

positive outcomes can reinforce the current routing and selection

behavior across all involved agents. Repeated interaction, evalua-

tion, and adaptation induces a stochastic dynamical system over

the instantiated stakeholders and agents.
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Table 4: Prominent stakeholders in information access agent marketplaces, defined by functional roles. Each stakeholder
adapts its behavior based on feedback from the simulated marketplace, and evaluation is conducted using longitudinal and
market-level signals that complement traditional effectiveness metrics.

Stakeholder Goal Adaptive Behavior in the Marketplace Evaluation Focus

Users Sustained utility from the marketplace over

time

Adapt preferences over generators based on

past satisfaction, cost, latency, or trust

Longitudinal utility, retention rate, switch-

ing behavior

Generators Maximize user demand under quality–cost

tradeoffs

Adapt interaction protocols and retrieval

configurations to remain competitive

User utility, cost efficiency, market share,

user retention

Routers Efficient allocation of queries to downstream

services

Exclusive routing (vertical integration) vs.

open routing (market-wide discovery)

Counterfactual regret, allocation efficiency,

diversity, and fairness

Retrievers Remain selected by generators under com-

petition

Compete via domain specialization, person-

alization, or robustness

Marginal utility contribution, selection fre-

quency, long-term survival

4 RQ1: Marketplace Simulation
To understand how IA agent marketplace should be simulated, we

question how we can effectively model users (RQ 1.1) and agents

(RQ 1.2). To do so, we discuss each stakeholder and their objectives

in the marketplace. Table 4 summarizes the primary stakeholders

in an IA marketplace. Rather than viewing these stakeholders as

static system components, we model them as strategic actors that
pursue objectives, adapt their behavior under competition, and are

evaluated based on their long-run impact on marketplace outcomes.

Across all stakeholder types, we need to consider:

(1) a goal that defines what success means for the stakeholder,

(2) adaptation strategies that determine how behavior changes

over time, and

(3) evaluation signals that reflect whether those strategies succeed

in the marketplace.

4.1 RQ1.1: Modeling Users
4.1.1 Users: Demand-Side Adaptation. Users represent the de-
mand side of the marketplace. Their objective is to maximize utility

from interactions, accounting for factors such as answer quality

[35], cost [2], and trust [48]. Referring to the example in Section 3.1,

the expert user may be willing to incur higher cost to access a more

capable generator, whereas the general user may prioritize lower

cost or faster responses. As a result, each user type operates under

a different notion of utility.

Based on their notion of utility, users may adapt by reallocating

their demand across competing generators based on past experience

[43, 63]. This adaptation may take the form of gradual preference

shifts, exploration of alternatives after poor outcomes, or abandon-

ment of previously favored services.

Accordingly, users can be evaluated indirectly, through the sig-

nals they generate [35]. Longitudinal utility trajectories, retention

rates, and switching behavior can serve as market-level feedback

that shapes competition among downstream stakeholders.

4.1.2 Simulation of Users. Grounded in the stakeholder analysis

above, user behavior in the simulation can be modeled through an

explicit utility function. For a user 𝑢 interacting with agent 𝑎 at

time 𝑡 , utility may be defined as 𝜃
𝑢,𝑎
𝜇 (𝑡) = 𝛼𝑢 𝑄𝑢,𝑎 (𝑡) − 𝛽𝑢 𝐶𝑎 (𝑡) −

𝛾𝑢 𝐿𝑎 (𝑡), where𝑄 denotes answer quality,𝐶 cost, 𝐿 latency, and the

coefficients capture heterogeneous user sensitivities and encode

tradeoff across competing attributes.

Given realized utility, user preferences over agents can be viewed

in a perspective of choice modeling across heterogeneous agents

[88]. Different agents can pursue distinct objectives under shared

constraints, and their interactions jointly determine marketplace

outcomes. In choice modeling, decisions are formalized as utility

maximization over bundles of commodities [33], directly aligning

with our formulation. One simple option, is stochastic choice model

[88] that assigns selection probabilities to agents as a smooth func-

tion of their estimated utility.

Preference modeling choices are tightly coupled to the construc-

tion of the dataset D. While D may be instantiated using existing

benchmarks or synthetically generated queries [15, 63, 75, 98], the

structure and topical distribution of the dataset implicitly deter-

mines the space over which user preferences are defined. This raises

another question: whether user preference should be expressed by

topic-dependent distribution, or at the level of persistent users

whose preferences evolve across simulation steps.

Prior work has proposed taxonomies of IA behaviors [16, 30, 83]

which can be derived from interaction logs [46, 100]. However, it

remains unclear how these should be operationalized as sampling

distributions or state variables within 𝜃𝑢 when users face multi-

ple substitutable services. Understanding this coupling between

dataset design and preference dynamics is central to modeling user

adaptation in a marketplace with multiple substitutable services.

Another interesting direction concerns cross market competition

formed by users. Users may substitute across IA stakeholders based

on task characteristics. For example, they may choose a traditional

search engine over than a conversational system for certain queries

[14]. Competition therefore occurs not only within a market, but

also across markets with partially substitutable functionality.

Beyond structural choices in user simulation, marketplace eval-

uation invites a deeper examination of behavioral assumptions. Be-

havioral economics [65] suggests that, within the user population,

repeated exposure to multiple substitutable agents may introduce

effects that are central to behavioral economics, such as framing

[66], constructed preferences [88], and network effects [87]. Incor-

porating these phenomena into 𝜃𝑢 raises questions about which

behavioral mechanisms materially affect marketplace outcomes.

For example, popularity signals or exposure biases [96] introduced

by their selection policies may amplify market concentration.
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4.2 RQ1.2: Modeling Agents
4.2.1 Generators: Competing forDemandunderConstraints.
Generators are often supply-side actors interfacing directly with

users, especially for GIO creations [20]. From business perspective

[41], their primary objective is to attract and retain users while oper-

ating under quality-cost tradeoffs [50] imposed by inference scaling,

retrieval, or orchestration choices [23]. Looking at the example in

Section 3.1, a more capable generator may prioritize answer quality

over traffic, as its higher per-query cost can still yield substantial

revenue per user, whereas moderate models may rely on higher

traffic volume to compensate for lower revenue per interaction.

Such generators can bemodeled as optimizing an expected utility

function that balances user-derived utility signals with operational

cost. Adaptation then corresponds to updating retrieval strategies,

orchestration depth, or model configuration to maximize long-run

utility or market share.

Within the marketplace, generators may operate without re-

trieval [9], rely on a single retriever [58], aggregate evidence from

multiple retrievers [47], or engage in more complex multi-step or

agentic retrieval strategies [17, 44].

Evaluation of generators should therefore extend beyond answer

quality to include sustained user utility, market share [62, 69], cost

efficiency [51], and retention.

4.2.2 Routers: Market Intermediaries. Routers mediate access

to downstream services by allocating queries among competing

agents. In the Section 3.1’s example, if the generator lacks an ef-

fective updating policy, it may depend on the router for retriever

selection. However, if routing decisions consistently yield poor

outcomes, the generator may bypass it in subsequent interactions.

The two common routers: user-to-generator routers [3, 37, 38, 68]

and generator-to-retriever routers [47, 55, 85, 95] differ in position

but share a common objective.

A router can be modeled as optimizing an allocation utility that

aggregates downstream performance, cost, and fairness constraints.

Preference updates correspond to adjusting routing probabilities

based on observed utility or regret signals over time.

Routers may adopt exclusive or open routing policies [69], shap-

ing exposure and competitive pressure. Evaluation should therefore

focus on allocation-level outcomes such as assignment efficiency

[42], regret [13, 85], and exposure diversity or fairness [25, 54].

4.2.3 Retrievers: Competing for Downstream Selection. Re-
trievers supply evidence to generators and compete for repeated

selection. Their objective can be modeled as maximizing marginal

contribution [81] to generator utility while maintaining efficiency

and robustness.

Retriever adaptation may manifest as domain specialization [12].

Because retrievers are tied to underlying collections, differences

in coverage can implicitly correspond to different data providers.

Retrievers may also differentiate through personalization to gen-

erators [82]. In this setup, retrievers that fail to provide consistent

marginal value [81] will gradually lose traffic.

Evaluation can therefore focus on marginal contribution, as well

as robustness [61] and efficiency [8, 57].

5 RQ2: Marketplace Metrics
In Section 2, together with the experiment (§2.1), we highlighted

the limitations of traditional accuracy-based metrics for evaluating

agents deployed in competitive environments. While relevance, cor-

rectness, and utility remain foundational, they do not capture how

agents perform as market participants, where success is reflected in

sustained usage, traffic allocation, and competitive positioning. This

motivates the need for marketplace metrics that characterize both
individual agent outcomes and emergent marketplace dynamics.

Under RQ2, we examine how to evaluate performance in a mar-

ketplace setting. Specifically, we distinguish between metrics that

measure the market performance of individual agents (RQ 2.1) and

metrics that characterize overall market conditions from the per-

spective of platform operators (RQ 2.2).

Accordingly, we propose two complementary classes of metrics.

Agent-Level Metrics quantify the position and performance of indi-

vidual agents within the marketplace, such as their share of traffic

and their ability to retain users. Marketplace-Level Metrics capture
aggregate structural properties, including concentration and in-

equality, which reflect dominance, competitiveness, and overall

market health.

5.1 RQ2.1: Agent-Level Metrics
As shown in Figure 2, we derive agent market share from the inter-

action logs of the simulation. Rather than computing market share

cumulatively over the entire horizon, we use a sliding window to

capture temporal dynamics and short-term competitive effects.

Let 𝐴 denote the population of information access agents in a

given market, and let 𝑞𝑢 (𝑡) ∈ 𝐴 denote the agent selected by user

𝑢 ∈ 𝑈 at timestep 𝑡 . For a window of length 𝑤 , the market share

(MS) of agent 𝑎 ∈ 𝐴 at time 𝑡 is defined as

MS𝑎 (𝑡 ;𝑤) =
∑
𝑢∈𝑈

∑𝑡
𝑘=𝑡−𝑤+1 1[𝑞𝑢 (𝑘) = 𝑎]∑
𝑢∈𝑈

∑𝑡
𝑘=𝑡−𝑤+1 1

, (6)

where 1[·] denotes the indicator function, which equals 1 when its

argument is true and 0 otherwise. Therefore, MS𝑎 (𝑡 ;𝑤) measures

the fraction of total interaction volume allocated to agent 𝑎 within

the window. Tracking MS𝑎 (𝑡 ;𝑤) over time reveals how agents gain

or lose traffic as users adapt their preferences and routing policies

evolve.

Beyond traffic volume, an agent’s long-term viability depends

on its ability to retain users after initial adoption. Inspired by cus-

tomer retention metrics from the business literature [53], we define

customer retention (CR) measures tailored to agent marketplaces.

Let 𝜏𝑢,𝑎 = min{ 𝑡 ∈ {1, . . . ,𝑇 } : 𝑞𝑢 (𝑡) = 𝑎 } denote the first

timestep at which user 𝑢 selects agent 𝑎, if such a timestep exists.

Given a window length𝑚, the user-level retention of agent 𝑎 for

user 𝑢 is

CR𝑢,𝑎 (𝑚) =
1

𝑚

𝑚∑︁
𝑡=1

1
[
𝑞𝑢 (𝜏𝑢,𝑎 + 𝑡) = 𝑎

]
, (7)

which measures the fraction of the next𝑚 interactions, following

first adoption, in which 𝑢 continues selecting 𝑎. Aggregating across

users yields the agent-level retention

CR𝑎 (𝑚) =
1

|𝑈𝑎 |
∑︁
𝑢∈𝑈𝑎

CR𝑢,𝑎 (𝑚), (8)
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where 𝑈𝑎 := {𝑢 ∈ 𝑈 : 𝜏𝑢,𝑎 is defined} is the set of users who have

tried agent 𝑎 at least once. A higher CR𝑎 (𝑚) indicates that users
who initially sample 𝑎 tend to continue allocating a larger fraction

of their subsequent interactions to that agent.

However, higher market share does not necessarily imply higher

customer retention. A model may maintain a small market share

yet achieve strong retention by consistently delivering high quality

to a targeted user segment, as in Section 3.1, where a more capable

model provides exclusive value to the domain expert.

5.2 RQ2.2: Marketplace-Level Metrics
Beyond agent-level metrics, marketplace-level metrics character-

ize aggregate interaction patterns and diagnose higher-level mar-

ket properties such as concentration, convergence, and inequality.

These metrics can be computed from the cumulative interaction

behavior observed in the simulation logs. These marketplace-level

metrics primarily reflect the interests of mediation platform owners

or routers rather than individual agents. If the market becomes

highly concentrated, routing may become trivial or even unnec-

essary, and competing service providers may progressively lose

their share of demand. Here, standard market concentration and

inequality metrics from the economics literature can be applied

[62].

The Herfindahl–Hirschman Index (HHI) [77] captures the degree

of market concentration. Using the windowed market-share from

Equation (6), we define HHI-based market concentration as

HHI(𝑡 ;𝑤) =
∑︁
𝑎∈𝐴

MS𝑎 (𝑡 ;𝑤)2 . (9)

Larger HHI(𝑡 ;𝑤) indicates greater concentration, approaching mo-

nopoly as the value increase.

Marketplace outcomes may also be evaluated through fairness

lenses, e.g., whether providers receive exposure consistent with

a target allocation. Notion of fair market share helps us creating

related marketplace-level metrics. Let’s define a target share or ex-
posure distribution 𝜖∗ over agents, where

∑
𝑎∈𝐴 𝜖∗𝑎 = 1. Depending

on the definition of fairness, we can define 𝜖∗𝑎 as 1/|𝐴| for equal
share, or proportional to the merit of an agent, where the merit can

be based on the static benchmark score (as in Table 1) or cumulated

𝜇’s during the window𝑤 at time 𝑡 .

From here, we can yield a complementary market dominance

measure

Δ(𝑡 ;𝑤) = max

𝑎∈𝐴
MS𝑎 (𝑡 ;𝑤) − 𝜖∗𝑎 . (10)

A larger Δ(𝑡 ;𝑤) indicates that the top agent captures substantially

more market share than the target share.

Additionally, inspired by expected exposure (EE) in document

ranking [25], we can define an expected exposure difference metric

by comparing realized traffic shares to a target exposure distribution

𝜖∗ over agents. Using market share as a proxy for exposure, we

define expected exposure difference as

EE
marketplace

(𝑡 ;𝑤) = ∥MS𝑎 (𝑡 ;𝑤) − 𝜖∗𝑎 ∥22, (11)

where ∥ · ∥2
2
denotes the squared ℓ2 norm.

Following the definition of expected exposure disparity (EE-D)

[25], we obtain EE-D
marketplace

(𝑡 ;𝑤) = ∥MS𝑎 (𝑡 ;𝑤)∥2
2
, which is

analogous to the HHI(𝑡 ;𝑤).

6 RQ3: Adoption to Evaluation Campaigns
The marketplace evaluation framework also raises questions about

how large-scale evaluation campaigns, such as TREC [84] and CLEF

[29], can evolve beyond traditional Cranfield-style setups. Histor-

ically, these campaigns have relied on a static test collection and

offline run submission, where systems are evaluated independently

by organizers or assessors. While this paradigm has enabled repro-

ducibility and straightforward comparability, it does not capture

the dynamics we want to measure.

Adopting a simulated marketplace environment within evalua-

tion campaigns introduces new design choices that can be organized

along two orthogonal axes.

Axis 1: Peer Competition Vs. Benchmark Competition. In
a peer competition setting, submitted systems compete directly

with one another for traffic and exposure within a shared mar-

ketplace simulation. Outcomes will be jointly determined by the

participant pool, enabling analysis of dominance, switching, and

concentration under head to head conditions. However, results

may depend on the specific mix of systems submitted in a given

year, potentially limiting stability and cross-year comparability.

In a benchmark competition setting, each submission competes

against a fixed population of organizer-provided IA agents. This

improves reproducibility, allowing clearer attribution of outcomes

to individual system properties.

Axis 2: Run Submission Vs. Agent Submission. In the run

submissionmodel, participants provide static outputs that are treated

as cached agent responses, and only the simulated user population

adapts over time. This preserves many practical advantages of tradi-

tional campaigns, including low computational burden, and repro-

ducibility. However, systems themselves cannot adapt or respond

to competitive feedback. In the agent submission model, partici-

pants submit executable agents that interact with a shared simula-

tion, making sequential decisions under competition. This enables

evaluation of adaptive routing, cost-aware strategies, and strate-

gic behavior, but introduces challenges in controlling stochasticity,

ensuring fair resource allocation, and maintaining reproducibility.

Task Design. From a task-design perspective, marketplace-

based campaigns could focus on settings where interaction and

adaptation are essential, such as distributed information retrieval

(e.g., TREC Million LLMs [49]), generator–retriever coordination

(e.g., TREC RAG [74]), and interactive information access (e.g.,

TREC iKAT [4]). These tasks would allow campaigns to evaluate

not only effectiveness, but also robustness, adaptability, and strate-

gic behavior under competition.

7 Validation of Marketplace Simulation
Validation of marketplace simulations is a necessary step following

any simulated evaluation [5, 76]. Because simulation outcomes

emerge from interacting components rather than isolated system

runs, validation must assess whether the constructed environment

meaningfully reflects the phenomena it aims to study.

We organize validation around three pillars. Validation of (1)

sampled or synthetically generated user queries; (2) marketplace in-

teraction dynamics and stakeholder modeling; and (3) marketplace

metrics (meta-evaluation).
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Validation ofUserQueries.Validation of user queries concerns
whether sampled or synthetically generated queries adequately rep-

resent the intended demand distribution. From a construct validity

perspective, the query distribution should align with the real user

population it claims to model. This can be examined through dis-

tributional comparisons against real logs when available [46, 83],

or through expert review of coverage across task types, difficulty

levels, and user expertise strata.

Convergent validity can be assessed by measuring system rank

correlations between simulation-based evaluations and established

offline benchmarks. Suppose we obtain systems from a public model

leaderboard that reports download counts or market share. We can

instantiate those systems within our marketplace simulation and

run the simulation under controlled conditions. Based on a chosen

marketplace metric, we can produce a ranking of systems from the

simulation. We then compute the correlation between the simulated

ranking and the ranking implied by the real-world leaderboard.

A higher correlation would suggest that the simulation captures

relevant aspects of real-world competitive dynamics.

Validation ofMarketplace Stakeholders.As another example

of construct validity, we can introduce controlled perturbations

within the marketplace setup and examine whether the intended

marketplace-level or agent-level metrics respond accordingly. For

instance, if we artificially increase the latency of a particular model,

we would expect to observe lower customer retention or increased

market concentration due to the system’s degradation.

Meta Evaluation of Marketplace Metrics.Marketplace met-

rics require meta evaluation to ensure they meaningfully support

comparison [80]. Key properties include sensitivity, discrimina-

tion power, and robustness to gaming. Sensitivity can be assessed

through bootstrap based hypothesis testing and ASL curves. Dis-

crimination power measures a metric’s ability to separate agents

with genuinely different performance profiles (e.g., if the current

definition of customer retention rate has a strong discrimination

power is unclear). Robustness to gaming evaluates whether agents

can inflate scores without improving underlying utility. Grounded

in measurement theory, these analyses strengthen the credibility

of marketplace simulation as an evaluation framework.

8 Further Research Agenda
8.1 Single-Market Vs. Multi-Market
As shown in Section §2.1, evaluation can be conducted using only

user-facing agents without explicitly modeling downstream inter-

actions. Recall a market denotes a task-specific set of stakeholders
that jointly deliver a functionality and compete for traffic within

it. We refer to such settings as single-market evaluations. Here,
routers that mediate user-to-generator selection remain within the

same market. Although front-facing agents may rely on complex

internal components, evaluation considers only their observable

end outcomes (e.g., final responses or rankings), abstracting away

internal or downstream dynamics.

Single-market evaluation can be naturally extended to multi-
market evaluation by explicitly modeling multiple coupled markets

within the same simulation. As exemplified by RAG, such settings

involve distinct markets that are linked through a compositional

workflow (Figure 3).

In contrast to single-market evaluation, multi-market evalua-

tion explicitly models inter-market coupling and captures how

competition, mediation, and composition jointly shape user-facing

outcomes. For example, a generator’s realized quality depends on

the retriever it invokes, while a retriever’s value depends on how

generators use its evidence. By treating routers and retrievers as

first-class stakeholders and logging full compositional trajectories,

including which agents were selected in each market and with

what outcomes, multi-market evaluation supports cross-market

diagnosis and enables attribution of observed behaviors to specific

markets or mediation policies.

8.2 Economic Models of Competition
Broadly, the marketplace perspective motivates closer engagement

with economic models of competition [88]. Classical concepts such

as market dominance [34] and competitive entry [72] have well-

established theoretical foundations, but their application to AI and

information access agent marketplaces remains largely unexplored.

Also, as discussed in Section 4.1.2, incorporating choice model-

ing for agent selection and behaviorally grounded user and agent

models [65] remains underexplored in information retrieval. Such

perspectives can enrich the study of retrieval in multifirm settings.

Beyond being helpful to information retrieval research, this

framework may also benefit scholars in computational economics

and algorithmic market design. By providing a controllable simula-

tion environment with explicit user adaptation, agent competition,

and market-level observables such as market share, retention, and

concentration, it offers a testbed for studying dynamic competition

among AI agents under realistic demand feedback. Such a setting

enables the empirical exploration of classical economic constructs,

including dominance, entry, switching costs, and equilibrium for-

mation, in domains where analytical modeling alone may be in-

sufficient. In this sense, marketplace simulation and evaluation

framework provides a new computational laboratory for economic

research on digital competition.

8.3 Optimization of Agents and Adversaries
Marketplace evaluation naturally raises the question of how infor-

mation access agents should be optimized when success is defined

by competitive, market-level outcomes along with effectiveness

metrics. Simulated environments have played an important role

in optimizing agents in interactive settings [71], particularly in

reinforcement learning, where feedback is delayed and behavior

unfolds over time.

In a marketplace, optimization can be framed as an online deci-

sion problem where agents repeatedly choose actions (e.g., agent se-

lection [49]) under uncertainty about competitor behavior. This set-

ting naturally supports the study of bandit [85] and online learning-

to-rank methods [21, 102] for agent selection that optimize long-

term objectives such as retention, or profit under cost constraints.

The optimization of agents in a marketplace naturally brings

attention to adversarial behaviors. Agents may deliberately or un-

intentionally exploit weaknesses in evaluation metrics, routing

policies, or user models, leading to outcomes that are harmful to

the marketplace as a whole. This includes behaviors analogous to

reward hacking [40], where agents optimize for observed signals
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while undermining the intended objectives of the system. Under-

standing such behaviors raises questions about the robustness of

marketplace metrics, the vulnerability of routing mechanisms, and

the safeguards required to ensure healthy competition [67].

8.4 Implementation Choices
Marketplace simulations require several practical design decisions

that can affect outcomes. Key choices include the number of users,

and the number of competing systems. The batch size of users to

sample per simulation step may influences the effective time scale

of adaptation. The simulation horizon determines whether results

reflect short term dynamics or long term convergence. Finally, from

sampled users, simulations may operate synchronously, with global

in-batch updates, or asynchronously, with staggered interactions

that more closely resemble real deployment.

8.4.1 Resource Contribution. To facilitate systematic exploration

of these factors, in the interest of feasibility and reproducibility,

we release a Python package marketplace-eval that implements

the proposed framework. The package provides a minimal starting

point with example configurations, including the exact simulation

setup used in our motivating experiment, enabling researchers to

readily replicate results and extend to new settings. Beyond param-

eter control over population sizes, batch sampling, horizon length,

and interaction mode, the package supports modular overrides of

core components, allowing researchers to customize interaction

dynamics and adapt the framework to a wide range of experimental

settings.
1

9 Conclusion
We propose a marketplace-based perspective for evaluating in-

formation access agents, shifting evaluation from isolated system

performance to outcomes shaped by interaction, adaptation, and

competition. We outline a research agenda and release extensi-

ble resources to support further study of marketplace evaluation.

This perspective encourages evaluation frameworks that better

reflect real-world deployment, where information access systems

co-evolve with users and other agents.
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