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ABSTRACT

The rise of Large Language Models (LLMs) has transformed AI agents from
passive tools into autonomous economic participants, marking the emergence of
the agent-centric economy where agents exchange value, make strategic decisions,
and coordinate with minimal human oversight. We propose Agent Exchange
(AEX), an auction platform designed for AI agent marketplaces. Inspired by
Real-Time Bidding (RTB) in online advertising, AEX serves as the central auction
engine coordinating four ecosystem components: the User-Side Platform (USP)
for translating human goals into agent-executable tasks; the Agent-Side Platform
(ASP) for capability representation and performance tracking; Agent Hubs for
team coordination and auction participation; and the Data Management Platform
(DMP) for secure knowledge sharing and fair value attribution. We present AEX’s
design principles, system architecture, and empirical evaluation focusing on the
core auction mechanisms. Our contribution lies in engineering a practical auction-
based coordination framework and demonstrating that competitive multi-level
selection improves task outcomes over direct assignment, laying the groundwork
for agent-based economic infrastructures in future AI ecosystems.

1 INTRODUCTION

Large Language Models (LLMs) have enabled AI agents to evolve from passive tools into autonomous
decision-making entities capable of complex reasoning and planning (Wang et al., 2024; Zhou et al.,
2024; Yang et al., 2024; OpenAI, 2024b; Liu et al., 2025). Empowered by emerging AI protocols,
agents can now autonomously discover web services, coordinate at runtime, and maintain persistent
task contexts, forming the foundation of the Agentic Web (Yang et al., 2025c). In this paradigm,
agents operate as autonomous actors capable of dynamic collaboration within digital ecosystems.

This evolution signals the emergence of the agent-centric economy, where AI agents autonomously
make decisions, execute tasks, and exchange value with minimal human oversight (Wang et al., 2024;
Yang et al., 2024; Sapkota et al., 2025). We identify four defining characteristics: (1) Economic
Autonomy: Agents make self-interested decisions, such as bidding, deferring, or collaborating
based on local context, utility estimates, and environmental signals. Participation is strategic and
agent-driven rather than externally scheduled. (2) Market-Based Coordination: Agents coordinate
via open market mechanisms (e.g., auctions, posted-price bargaining) rather than a central scheduler
that fixes participants and routes ex ante without economic value exchange. (3) Dynamic Capability
Representation: Agents are evaluated via evolving runtime profiles that reflect their real-time behav-
ior and performance, enabling accurate matching and team formation. (4) Fair Value Attribution:
Contributions within collaborative teams are measured via marginal analysis (e.g., Shapley value) to
ensure fair compensation aligned with actual impact.

Realizing this vision requires establishing a structured and standardized paradigm capable of sup-
porting these features. First, an agent-centric economy requires economic participants to directly
exchange value in collaboration. Existing task execution paradigms typically rely on single-agent
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Urgent Beijing Business Trip

Travel Dates: Tomorrow (Depart) - 2 Day After (Return)

Budget: Within $3,000

Requirements:

✈️Round-Trip Flights

Depart after 9:00 AM

Economy class

🏨Business Hotel

Located in city center 

Includes breakfast and WiFi

🍜Restaurant Recommendations

Authentic Beijing cuisine

Suitable for business dining

Hub C
Luxury Experience

✈️Flight: Air China CA First Class, 
                       $2,500 (Round-Trip)
🏨Hotel: Ritz-Carlton, $1,500/Night
🍜Dining: Quanjude (Peking Duck)

Travel Cost: $5,500
Success Rate (s): 95%
Fee Structure: Tier-based$200+3%×cost
Platform Fee: $365

Hub B
Cost-Effective Champion
✈️ Flight: Air China Discount, $950
(Round-Trip, Economy)
🏨 Hotel: Vienna Hotel, $600/Night
🍜 Dining: Quanjude (Peking Duck)
Travel Cost: $2,150
Success Rate (s): 90%
Fee Structure: (1-s) × cost 
Platform Fee: $215

Hub A
Business Travel Experts

✈️ Flight: China Eastern Direct, $1,200
(Round-Trip, Economy)
🏨 Hotel: Hilton, $800/Night
🍜 Dining: Haiwanju (Beijing Cuisine)
Travel Cost: $2,800
Success Rate (s): 85%
Fee Structure:  12% (Fixed Rate)
Platform Fee: $336

Find the Optimal Solution in an Agent Marketplace?

Hub B Wins!

Agent Exchange (AEX)

1. Receive Requirements - Get user needs
2.  Broadcast & Bid - Send to agents, collect bids

3. Optimize & Rank - Evaluate and rank options
4. Select Winner - Present optimal choice

Figure 1: Agent-Centric Economic Activity. AEX facilitates real-time bidding between agent hubs:
broadcasting requirements, collecting bids, and conducting auctions. Hub B wins, illustrating the
price-performance trade-off.

or centralized multi-agent systems where only pre-chosen agents are involved. These closed archi-
tectures lack flexibility for dynamic interaction with other agents across the network, restricting
broader market-based coordination. Second, real-world tasks are inherently diverse and complex,
often involving multiple domains of specialized knowledge. An ideal paradigm must enable modular
collaboration among agents with different capabilities. By adopting standardized mechanisms, the
most suitable agents can be identified, selected, and orchestrated effectively, improving overall system
performance. Third, upon task completion, agent contributions must be accurately evaluated and
attributed. Proper credit assignment fosters robust incentive mechanisms, encouraging agents to
provide high-quality services. Fair and transparent mechanisms for credit and value attribution
are essential to sustaining a healthy agent ecosystem. Addressing these challenges is pivotal for
transitioning the agent-centric economy from concept to reality. While a complete solution requires
addressing all these dimensions, this work focuses on establishing and validating the foundational
coordination mechanisms that enable competitive agent selection and team formation.

Real-Time Bidding (RTB) systems (Chen et al., 2011; Zhang et al., 2014; Wang et al., 2017; Cai
et al., 2025) in online advertising provide principles for such autonomous coordination. RTB enables
advertisers to evaluate ad opportunities and bid in real time (¡100ms) based on context data, user
profiles, and market conditions (Zhang et al., 2014). While domain-specific, RTB serves as a
compelling reference for designing broader agent-based economic infrastructures.

Building on these ideas, we propose Agent Exchange (AEX), an auction platform enabling AI
agent marketplace dynamics through optimized infrastructure for autonomous coordination. AEX
represents a paradigm shift from agent-as-tool to agent-as-actor, where agents autonomously
interact, collaborate, and exchange value. AEX serves as the central auction engine coordinating
four ecosystem components: the User-Side Platform (USP) transforms human goals into agent-
executable tasks; the Agent-Side Platform (ASP) provides standardized capability representations
and performance tracking; Agent Hubs manage agent collaboration and participate in auctions; and
the Data Management Platform (DMP) ensures secure knowledge sharing and fair value attribution.
Figure 1 illustrates the competitive auction process. Our empirical evaluation focuses on validating
the core auction mechanisms that enable competitive hub and agent selection, while other components
represent important directions for comprehensive system evaluation.

Section 2 reviews background and challenges. Section 3 presents AEX’s design. Section 4 reports
empirical evaluations of the auction mechanisms. Section 5 summarizes our contributions.

2 BACKGROUND AND CHALLENGES

2.1 AGENT ECONOMIC PARTICIPATION: CURRENT STATE

AI agents are increasingly deployed in production workflows (Singla et al., 2024; PwC US, 2025; Ud-
inmwen, 2025), yet current agents operate primarily as programmable tools rather than autonomous
economic entities. They execute predefined tasks but lack capacity to autonomously negotiate, form
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coalitions, or adapt based on economic incentives. Infrastructure protocols like MCP (Anthropic,
2024; Yang et al., 2025a) improve connectivity but stop short of enabling agent-level economic auton-
omy. Autonomous agents like Manus (Manus, 2025) demonstrate task-level flexibility but suffer from
brittleness in dynamic market environments. Platforms like Salesforce’s AgentExchange (Salesforce,
2025) facilitate agent collaboration through pre-built components but still rely on human oversight
and have not achieved fully autonomous coordination.

2.2 REAL-TIME BIDDING: INSPIRATIONS FROM ONLINE ADVERTISING

RTB systems (Chen et al., 2011; Yuan et al., 2013; Zhang et al., 2014; Wang et al., 2017) exemplify
automated economic coordination. When a user loads a webpage, the publisher’s Supply-Side
Platform sends bid requests to an ad exchange, which forwards them to Demand-Side Platforms
(DSPs). DSPs query Data Management Platforms to enrich user profiles and decide bidding strategies.
The exchange selects the winner via auction. This cycle illustrates key features of agentic markets:
standardized interfaces, low-latency decisions, and decentralized optimization. While RTB systems
are not general agents, they demonstrate how autonomous economic interaction can occur through
structured protocols. RTB offers architectural insights, including lightweight standardized messaging,
utility-maximizing behavior under timing constraints, and resilience in open environments. Applying
these to multi-agent systems requires coordination mechanisms beyond single-round auctions.

2.3 CHALLENGES FOR AGENT-CENTRIC SYSTEMS

The transition from “agent-as-tool” to “agent-as-actor” introduces three key challenges: Autonomous
team coordination requires the system to support a diverse and scalable population of agents
with heterogeneous capabilities, enabling real-time collaboration, task coordination, and dynamic
reorganization based on evolving demands (Stone et al., 2010; Agashe et al., 2025). Unlike centralized
orchestration, agents must self-organize into effective teams without explicit human intervention.
Dynamic capability assessment involves maintaining a dynamic profile for each agent, capturing
both intrinsic abilities and empirical performance metrics. These profiles must be standardized for
effective team formation and collaboration across heterogeneous agent populations (Wang et al.,
2025; Chen et al., 2024). Collaborative value attribution must fairly allocate credit based on
each agent’s contribution to joint outcomes (Hua et al., 2025; Xue et al., 2022). This includes
ensuring cost constraints are met, calculating marginal contributions (using methods like Shapley
value), and aligning incentives to prevent manipulative behavior. These challenges highlight the
need for an infrastructure supporting autonomous negotiation, flexible coalition formation, and
incentive-compatible compensation.

3 AGENT EXCHANGE (AEX)

We introduce Agent Exchange (AEX), an auction platform for AI agent marketplaces that addresses
collaborative value attribution, capability standardization, and multi-agent coordination to ensure
economic efficiency and scalability. We present the complete AEX framework to establish a coherent
architectural vision, recognizing that agent-centric economies require integrated design across all
components. While our empirical evaluation focuses on the core auction mechanisms, we describe
the full ecosystem to demonstrate how these mechanisms fit within the broader infrastructure.

3.1 SYSTEM OVERVIEW

AEX operates on four foundational design principles that reflect the requirements of an agent-
driven economy: (1) Adaptive mechanism selection ensures the system responds to real-time market
conditions by switching between auction-based allocation (Krishna, 2009; Adhau et al., 2012)
when sufficient competition exists and direct assignment when market liquidity is limited. This
flexibility is essential in agent economies where market dynamics can shift rapidly. (2) Native
collaboration infrastructure supports multi-agent teams by providing specialized protocols and
coordination mechanisms that account for temporal dynamics, learning effects, and emergent value
creation characterizing multi-agent systems (Wu et al., 2023a; Hong et al., 2023; Agashe et al.,
2025). This enables agents to collaborate effectively and adapt to evolving tasks. (3) Standardized
interoperability enables seamless coordination across heterogeneous agent ecosystems through
capability description frameworks and formal communication protocols (Anthropic, 2024; Yang
et al., 2025a; Georgio et al., 2025; Marro et al., 2024; Google, 2025), ensuring diverse agents can
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Figure 2: AI Agent Marketplace Architecture. Four components centered around AEX: USP
for request management, ASP for agent capabilities, Agent Hubs for coordination, and DMP for
analytics. AEX conducts real-time bidding through broadcast, bid collection, and winner selection.

interact efficiently without friction. (4) Incentive-compatible attribution ensures fair value distribution
mechanisms provide appropriate compensation for agents’ contributions while promoting strategic
truthfulness and long-term participation incentives (Hua et al., 2025; Yang et al., 2025b).

As illustrated in Figure 2, AEX integrates these principles through a modular design centered around
the Agent Exchange as the core auction engine, dynamically adjusting mechanisms based on agent
capabilities, task requirements, and collaboration potential.

3.2 AGENT MARKETPLACE ECOSYSTEM COMPONENTS

AEX coordinates four components that collectively enable agent-centric economic participation.

3.2.1 USER-SIDE PLATFORM (USP)

The USP transforms human goals into structured task specifications via parsing, constraint valida-
tion, and preference modeling (Wu et al., 2023b; Ulmer et al., 2024). The intent parsing module
converts natural language into T = ⟨O,D,C,Q⟩, where O is the objective type, D specifies domain
constraints, C defines resource/temporal constraints, and Q sets quality requirements. For example,
“develop a market entry strategy for renewable energy in Southeast Asia” becomes:

T =


O := strategy development,
D := renewable energy × Southeast Asia,
C := {budget = $15, timeline = 2h},
Q := {quality = 0.95}.

(1)

This structured representation enables agents to assess their capability alignment using standardized
metrics. The capability matching score quantifies alignment between agent capabilities and task
requirements:

CapabilityMatch(a, T ) =
K∑

k=1

αk · sim(Ck
a , R

k
T ), (2)

where Ck
a represents agent a’s capability level in dimension k, Rk

T denotes task T ’s requirement in
the same dimension, αk is the importance weight for capability dimension k (with

∑K
k=1 αk = 1),

and sim(·, ·) measures alignment between capabilities and requirements (Lim & Kovalenko, 2025).
Agents can then estimate their completion probability based on verified performance history and
capability matching scores.

3.2.2 AGENT-SIDE PLATFORM (ASP)

The ASP enables agent service providers to participate in the marketplace through standardized
capability representation frameworks, strategic optimization guidance, and performance tracking
mechanisms designed for AI agents’ dynamic and evolving nature. Agent capability representation
employs standardized description languages to provide structured profiles enabling direct comparison
and efficient matching (Yang et al., 2025a; Qu et al., 2025). Each agent maintains a comprehensive
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Figure 3: AEX Workflow. 1.User submits request with constraints; 2.Hub selection via competitive
bidding; 3.Internal agent collaboration; 4.Result delivery; 5.Credit settlement based on contributions.

capability profile spanning computational primitives, functional capabilities, domain expertise, and
collaboration skills as defined in standardized frameworks. The representation includes confidence
intervals and performance distributions reflecting the uncertainty and context-dependency inherent in
agent capabilities. The platform needs verification protocols to ensure capability claims accurately
reflect actual performance. Agents undergo standardized testing across relevant capability dimensions,
with results providing verifiable evidence of claimed skills. The peer review system leverages
collaborative experiences to validate capability claims, while historical performance correlation
identifies systematic gaps between claims and actual outcomes (Hou et al., 2025; Ranjan et al., 2025).

3.2.3 AGENT EXCHANGE (AEX)

As shown in Figure 3, the Agent Exchange serves as the intermediary coordination platform that
matches user requests with agent supply under latency and budget constraints. AEX disseminates
task opportunities, gathers bids from qualified participants, executes auctions to select winners, and
settles payments with auditable records. Specifically, AEX: (1) Broadcasts user requirements to
qualified agent hubs based on capability matching and policy constraints; (2) Collects bids from
participating hubs under strict latency budgets; (3) Runs auctions where winner selection integrates
price competitiveness and non-price attributes via the scoring function in Eq. equation 3; (4) Manages
settlement and monitoring by executing payment, recording outcomes, and updating post-trade
performance and reputation signals.

3.2.4 AGENT HUB

Agent Hubs operate as coordination units within the marketplace, participating in AEX-hosted
auctions while managing intra-hub coordination and resource allocation. Rather than conducting
auctions themselves, Hubs act as structured participants; internal allocation within a winning hub is
handled via combinatorial assignment. Agent Hubs participate through a two-stage pipeline: Stage 1
(hub-level competition): Multiple hubs propose complete task solutions characterized by completion
time, resource requirements, expected quality, and risk profiles. Candidates are pre-qualified and
ranked via the scoring function in Eq. equation 3; final winner selection and payment are determined
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Agent Exchange (AEX): Multi-level Auction Configuration Framework

Comparative Analysis of Hub Selection and Agent Assignment Mechanisms

Configuration I
Hub Auction + Agent Direct

Assignment

Stage 1: Hub Selection

Hub Auction: Winner Hub₃ pays 2nd price ($4.5)

↓
Stage 2: Agent Assignment

Direct Agent Assignment

Configuration II
Hub Direct Assignment + Agent

Auction

Stage 1: Hub Selection

Direct Hub Assignment

↓
Stage 2: Agent Assignment

Agent Auction: Winners pay 2nd price
(Agent₁:$0.72, Agent₃:$1.45, Agent₅:$0.9)

Configuration III
Dual-Level Auction

Stage 1: Hub Selection

Hub Auction: Winner Hub₄ pays 2nd price ($11.5)

↓
Stage 2: Agent Assignment

Agent Auction: Winners pay 2nd price
(Agent₁:$3.2, Agent₃:$3.8, Agent₅:$2.4)

Configuration IV
Hub + Agent Direct Assignment

Stage 1: Hub Selection

Direct Hub Assignment

↓
Stage 2: Agent Assignment

Direct Agent Assignment

Configuration Classification Matrix

Agent Auction Agent Assignment

Hub Auction Config III
Dual Auction

Config I
Hub-Driven

Hub Assignment Config II
Agent-Driven

Config IV
Direct Assignment

W Auction Winner A Auction Participant D Direct Assignment H Hub Entity A Agent Entity

Hub₁ Hub₂ Hub₃ Hub₄

Agent₁ Agent₂ Agent₃

Hub*

Agent₁ Agent₂ Agent₃ Agent₄

Agent₅

Hub₁ Hub₂ Hub₃ Hub₄

Agent₁ Agent₂ Agent₃ Agent₄

Agent₅ Agent₆

Hub*

Agent₁ Agent₂ Agent₃

$4.5

AUCTION

$3.8

AUCTION

$4.2

WINNER

$5.0

AUCTION

DIRECT DIRECT DIRECT

DIRECT

$0.65

WINNER

$0.72

AUCTION

$1.3

WINNER

$1.45

AUCTION

$0.9

WINNER

$12.0

AUCTION

$11.5

AUCTION

$12.5

AUCTION

$11.0

WINNER

$2.8

WINNER

$3.2

AUCTION

$3.5

WINNER

$3.8

AUCTION

$2.2

WINNER

$2.4

AUCTION

DIRECT

DIRECT DIRECT DIRECT

Figure 4: AEX multi-level auction mechanisms across hub selection and agent assignment stages.

using Eq. equation 4 with a task-dependent budget cap. Stage 2 (intra-hub assignment): Within
the selected hub, fine-grained agent coordination combines competitive selection with collaborative
execution. The hub solves combinatorial assignment to maximize expected net value under availability
and budget constraints, using success-probability modeling. The coordination can incorporate agents
reachable via protocols such as MCP (Anthropic, 2024) for tool integration and A2A (Google, 2025)
for inter-agent communication, accommodating heterogeneous capabilities.

3.2.5 DATA MANAGEMENT PLATFORM (DMP)

The DMP supports secure and privacy-preserving knowledge sharing in agent collaborations (Juneja
et al., 2025; Chen et al., 2025). It provides services for selective information sharing, enabling agents
to contribute insights while maintaining control over their proprietary data. The platform includes
collaborative workspaces for managing complex multi-agent workflows, offering features like version
control, access management, and real-time synchronization. Additionally, it supports performance
monitoring to track agent outputs and collaboration effects, providing the foundation for fair value
attribution and ongoing capability assessments across the ecosystem.

3.3 AEX AUCTION MECHANISMS

AEX can adopt adaptive mechanism selection: competitive auctions when participation is sufficient,
direct assignment otherwise.

Multi-attribute evaluation. Each hub h submits price ph and non-price attributes (quality Q(h),
timeliness Θ(h), reliability R(h)). AEX computes:

Score(h) = wq Q(h) + wt Θ(h) + wr R(h),
∑

i∈{q,t,r}

wi = 1, (3)

Candidates below threshold τ(T ) are filtered.

Auction rule. Among qualified participants Hqualified, AEX selects the winner by:
h∗ = arg max

h∈Hqualified
Value(h, T ), (4)

where Value(h, T ) = wcg(ch) + wqQ(h) + wtΘ(h) + wrR(h) combines cost (g(ch) is monotone
decreasing) with non-price attributes. Payment follows first-price rules in high-liquidity markets,
scoring-based pricing for fairness, or direct assignment when |Hqualified| < Nthreshold (Cai et al.,
2025).

Success probability estimation. Team success probability combines individual reliability and
collaboration effects:

psuccess(S) =

(∏
i∈S

pind
i

)
· βcollab(S), (5)

where pind
i is agent i’s individual success probability (learned from history and capability match), and

βcollab(S) ∈ R+ captures interaction effects—synergy (> 1) when agents complement each other, or
overhead (< 1) when coordination costs dominate. More expressive alternatives (e.g., logit models
with pairwise terms) can be employed when data support richer dependence modeling.
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Table 1: Auction configurations. Config I, III: hub-level competition; Config II: agent-level competi-
tion; Config IV: baseline; Config V: capability-based selection.
Config Name Hub Selection Agent Selection # Hubs Description

I Hub Auction + Direct Competitive Direct 3 Hub competition, predetermined teams
II Direct Hub + Agent Auction Direct Competitive 1 Single hub, intra-hub auction
III Dual-Level Auction Competitive Competitive 3 Two-stage: inter- and intra-hub competition
IV Full Direct Assignment Direct Direct 1 No auction baseline
V Capability-First Direct Capability-based 1 Capability ranking selection

Combinatorial agent selection (intra-hub). The winning hub selects team S ⊆ A to maximize
expected realized net value:

max
x

∑
S⊆A

[
phub
h · psuccess(S) v(S)− c(S)

]
xS . (6)

subject to ∑
S⊆A

xS = 1,
∑
S:i∈S

xS ≤ 1 (∀i ∈ A), xS ∈ {0, 1}, (7)

with optional budget and deadline constraints
∑

S c(S)xS ≤ B, t(S)xS ≤ Tdeadline.

Here phub
h denotes the historical reliability of hub h, the probability that its coordination and resource

allocation succeed, while psuccess(S) is the conditional probability that team S completes the task
given successful coordination. Their product represents the overall success probability, capturing both
organizational stability and team-level efficiency. This hierarchical formulation aligns with AEX’s
reputation system: phub

h evolves through exponentially weighted updates over historical performance,
and psuccess(S) is inferred from intra-hub collaboration data.

Collaborative value attribution. Post-task credit is allocated by Shapley value to ensure fair
compensation reflecting each agent’s marginal contribution (Hua et al., 2025; Yang et al., 2025b):

ϕi =
∑

S⊆A\{i}

|S|!(|A| − |S| − 1)!

|A|!
[
v(S ∪ {i})− v(S)

]
, (8)

where v(S) is the coalition value function. Monte Carlo sampling approximates large-scale cases.
This ex-post credit distribution ensures fairness within teams and complements the ex-ante efficiency
of the auction layer, jointly fostering both truthful bidding and equitable collaboration.

Adaptive mechanism selection. When there are a large number of agents available on the platform,
a competitive mechanism can be more appropriate. If there are fewer options or the task has strong
requirements for specific agents, a more stable mechanism will be more suitable.

3.4 MARKET PATTERNS AND APPLICATIONS

Configurations in Figure 4 correspond to distinct economic patterns observed in real-world markets:
• Config I (Hub Auction + Direct Assignment) mirrors competitive service provider markets where

platforms compete for projects through bidding (e.g., advertising slot auctions) while maintaining
direct control over task execution through predetermined agent assignments. This optimizes
platform-level competition while ensuring execution efficiency.

• Config II (Direct Hub + Agent Auction) reflects outsourcing platforms where clients directly
select service providers who then conduct internal competitive bidding for task execution. This
pattern is common in enterprise procurement where trust relationships determine platform selection
but competitive dynamics optimize internal resource allocation.

• Config III (Dual-Level Auction) handles complex multi-tier markets involving both platform
competition and internal resource competition (e.g., supply chain management). This maximizes
competitive efficiency at both coordination levels.

• Config IV (Full Direct Assignment) represents long-term partnership models where both platform
selection and task assignment are predetermined, minimizing transaction costs for recurring
collaborations.

This economic correspondence demonstrates AEX’s capability to accommodate diverse market
structures through adaptive mechanism selection based on market conditions and task characteristics.
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Comparative Studies of Different Configurations on DeepResearch Bench (Excluding Config 5)

Comprehensiveness Insight Instruction Following Readability Overall

Figure 5: Performance comparison of auction configurations on DeepResearch Bench. Results shown
for 5-Arch pool with GPT-4o-mini backbone (OpenAI, 2024a).

4 EMPIRICAL EVALUATION: MULTI-LEVEL AUCTION MECHANISMS

We conduct exploratory experiments to validate AEX’s auction mechanisms. Specifically, we
investigate three questions: (1) Does hub-level competition improve task outcomes compared to
direct assignment? (2) Does adding intra-hub agent competition provide additional gains? (3) How
does agent pool composition (architecture diversity and LLM backbone) affect performance?

4.1 EXPERIMENTAL SETUP

Benchmark. We use DeepResearch Bench (Du et al., 2025), a comprehensive benchmark of
PhD-level research tasks, restricting evaluation to 50 English tasks spanning multiple research
fields. Evaluation uses RACE (Reference-based Adaptive Criteria-driven Evaluation), which reports
five dimension scores: Overall (aggregate quality), Comprehensiveness (coverage breadth), Insight
(analytical depth), Instruction Following (constraint adherence), and Readability (presentation clarity).
External retrieval is disabled to avoid exogenous variance. Final reports are judged using gemini-2.5-
flash following the benchmark protocol (Google, 2026).

Configurations. We evaluate 5 configurations (Table 1): (I) hub auction with direct intra-hub
assignment; (II) agent auction only; (III) dual-level auction; (IV) direct assignment baseline; (V)
capability-first matching.

Implementation. AEX implements: (1) Task Loader for structured specifications; (2) Hub Layer
managing agent pools with bids (pi, ti, qi, ci); (3) Auction Layer scoring bids via score(bi) =∑

k wkfk(bi) with weights wcost=0.3, wtime=0.2, wquality=0.3, wconf=0.2; (4) Execution Layer for
team selection and task execution.

Workflow. At hub level, each hub proposes a team with cost, time, quality, and confidence estimates.
AEX selects winners via weighted scoring. The winning hub builds its team by role-skill matching,
with staged execution and review cycles.

Agent Pool Construction. We construct agent pools
from diverse architectures (Table 2). We evaluate two
pool configurations: 5-Arch contains five architectures
in Table 2 with GPT-4o-mini as the backbone (OpenAI,
2024a). 7-Arch includes all seven architectures, tested
under two backbone settings: (1) GPT-4o-mini for homo-
geneous evaluation, and (2) Multi-LLM using three LLMs
(GPT-4o-mini, GPT-3.5-turbo, GPT-4) to assess LLM het-
erogeneity effects (OpenAI, 2024c; OpenAI et al., 2024).

Table 2: Agent architecture composition.

Architecture Pattern Role

ReAct Reasoning+Acting Analysis
Reflection Self-Critique Review
Chain-of-Thought Sequential Analysis
Planning Decomposition Coordinator
Hierarchical Multi-Level Manager
Adaptive Adaptive Manager
Collaborative Multi-Perspective Manager

4.2 RESULTS AND ANALYSIS

Table 3, Figure 5 and Figure 6 present results across configurations and pool types.

Q1: Hub-level competition. Configurations with hub-level auctions (Config I, III) consistently
outperform those without (Config II, IV). Across all pool types, Config III achieves the highest
Overall scores, while Config IV (direct assignment) ranks lowest. This indicates that competitive hub
selection improves outcomes.

Q2: Intra-hub agent competition. Comparing Config I (hub auction only) and Config III (dual-
level), the additional intra-hub competition in Config III yields marginal gains in homogeneous
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Table 3: Performance across agent pool configurations. 5-Arch: 5 architectures with GPT-4o-mini.
7-Arch: all 7 architectures, tested with GPT-4o-mini and Multi-LLM backbones.

Configuration Pool Type Comp. Insight Inst. Follow. Read. Overall

Config I
5-Arch (GPT-4o-mini) 0.2395 0.2458 0.2819 0.4050 0.2790
7-Arch (GPT-4o-mini) 0.2446 0.2526 0.2869 0.4106 0.2850
7-Arch (Multi-LLM) 0.2292 0.2279 0.2671 0.3753 0.2612

Config II
5-Arch (GPT-4o-mini) 0.2415 0.2446 0.2913 0.4050 0.2812
7-Arch (GPT-4o-mini) 0.2344 0.2372 0.2826 0.4008 0.2740
7-Arch (Multi-LLM) 0.2090 0.2117 0.2525 0.3831 0.2492

Config III
5-Arch (GPT-4o-mini) 0.2485 0.2533 0.2902 0.4076 0.2856
7-Arch (GPT-4o-mini) 0.2446 0.2493 0.2831 0.4053 0.2816
7-Arch (Multi-LLM) 0.2360 0.2366 0.2720 0.4040 0.2725

Config IV
5-Arch (GPT-4o-mini) 0.2371 0.2386 0.2798 0.4061 0.2757
7-Arch (GPT-4o-mini) 0.2333 0.2361 0.2743 0.4025 0.2721
7-Arch (Multi-LLM) 0.2117 0.2125 0.2531 0.3789 0.2491

Config V
5-Arch (GPT-4o-mini) 0.2434 0.2511 0.2861 0.4069 0.2824
7-Arch (GPT-4o-mini) 0.2407 0.2471 0.2885 0.4122 0.2822
7-Arch (Multi-LLM) 0.2353 0.2363 0.2830 0.3821 0.2709
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Figure 6: Agent architecture distribution and performance across different agent pool configurations.

pools (GPT-4o-mini) but larger improvements in heterogeneous pools (Multi-LLM). Config II (agent
auction only, no hub competition) underperforms Config I, suggesting hub-level selection matters
more than agent-level selection alone.

Q3: Pool composition effects. While 7-Arch pools exhibit greater architectural diversity, per-
formance gains are not monotonic with pool complexity. This suggests that more complex agent
compositions and model diversity do not automatically yield better outcomes, rather, increased
system complexity imposes higher coordination demands among heterogeneous agents, placing
greater requirements on the platform’s mechanism design to effectively orchestrate collaboration.

These exploratory results provide initial evidence that market-based coordination through AEX
improves task outcomes over direct assignment, supporting the “agent-as-actor” paradigm where
agents compete through structured auction mechanisms.

5 CONCLUSION

We present the AEX framework to establish a coherent architectural vision for agent-centric
economies, recognizing that realizing such systems requires integrated design across demand specifi-
cation, capability representation, auction coordination, and value attribution. While our empirical
evaluation focuses on validating the core auction mechanisms, the central engine enabling competi-
tive agent selection, we describe the full ecosystem to demonstrate how these mechanisms integrate
with complementary infrastructure components. This holistic treatment provides both a validated
foundation and a roadmap for comprehensive system development.
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