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Abstract001

As Large Language Models (LLMs) evolve002
into modular agentic workflows, statically as-003
signing frontier models to every sub-task be-004
comes economically unsustainable. While dy-005
namic routing offers a solution, existing ap-006
proaches are often myopic: they overlook the007
substantial context switching costs incurred008
when transferring state between models, and009
they fail to account for the strategic incentives010
of self-interested agents in decentralized mar-011
ketplaces. To address these challenges, we pro-012
pose STAR (Strategy-proof Topology-aware013
Agent Routing), a mechanism that simultane-014
ously minimizes execution costs and guaran-015
tees truthful bidding. STAR models the alloca-016
tion problem as a reverse auction on a depen-017
dency graph. It employs a virtual cost mini-018
mization objective derived from Myerson’s op-019
timal auction theory to ensure dominant strat-020
egy incentive compatibility (DSIC), while rig-021
orously internalizing the path-dependent ex-022
ternalities of context transfer. We evaluate023
STAR across four diverse workflow topologies024
(e.g., software development, legal analysis) un-025
der realistic market volatility. Results demon-026
strate that STAR reduces total payment by up027
to 33.6% compared to myopic baselines.028

1 Introduction029

The paradigm of LLM utilization is shifting from030

single-turn queries to complex modular agentic031

workflows. Frameworks such as Graph of Thoughts032

(Besta et al., 2024), MetaGPT (Hong et al., 2023),033

and ChatDev (Qian et al., 2024) demonstrate that034

decomposing a complex task into a directed graph035

of specialized sub-tasks significantly enhances036

performance. Crucially, in these “agentic work-037

flows”, different nodes may require distinct capabil-038

ities—some requiring high-level reasoning suitable039

for frontier models, while others involve routine040

generation tasks that can be handled by smaller,041

more cost-effective models.042

Concurrently, the landscape of LLMs exhibits 043

significant performance heterogeneity across down- 044

stream tasks. Empirical studies demonstrate that 045

while massive general-purpose models are es- 046

sential for complex reasoning, smaller, domain- 047

specialized models often yield competitive or su- 048

perior performance on specific verticals such as 049

code generation or creative composition, typically 050

at a fraction of the inference cost (Chen et al.; Ong 051

et al., 2024; Zhang et al., 2025). Consequently, 052

relying solely on a frontier model for every node 053

in a workflow results in significant resource over- 054

provisioning, rendering the system economically 055

suboptimal. 056

As LLM providers diversify, we envision an 057

open marketplace for operating agentic work- 058

flows. An orchestrator seeks to execute a task 059

graph by procuring services from a pool of profit- 060

maximizing third-party agents. A central challenge 061

is economical efficiency: How can we minimize 062

the total cost while ensuring that selected agents 063

satisfy competency constraints for each node? 064

To understand the limitations of existing ap- 065

proaches, consider a two-step workflow: a Writer 066

(v1) generates a document, followed by an Editor 067

(v2) who refines it. Existing routers like Frugal- 068

GPT (Chen et al.) or LLM-Rec (Zhang et al., 2025) 069

typically operate at a single-task granularity. They 070

optimize the model selection for v1 and v2 indepen- 071

dently based on local cost-performance trade-offs. 072

While intuitively appealing, this myopic approach 073

fails in a graph context due to two critical factors: 074

1. Token-Based Pricing and Switching Costs: 075

Standard commercial LLM services charge 076

based on token counts, including the input 077

tokens (prompt processing and history) and 078

the output tokens (text generation). While a 079

naive router might switch agents to chase a 080

lower output cost, it ignores the hidden trans- 081

fer overhead. To maintain workflow conti- 082
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nuity, switching to a new agent requires re-083

feeding upstream information as new input084

tokens. This incurs a redundant input process-085

ing fee—effectively a “switching tax”—that086

can easily negate the savings from a cheaper087

generator.088

2. Dynamic Costs and Strategic Incentives:089

Unlike fixed-price APIs, we envision an090

open marketplace where agents are third-party091

providers running on heterogeneous hardware.092

In this setting, an agent’s internal cost per to-093

ken is not static; it fluctuates based on real-094

time factors such as GPU spot prices, elec-095

tricity rates, and current server load.096

To minimize the total cost of the workflow, the097

system must induce competition, typically by098

soliciting bids from the agents and selecting099

the lowest offer. However, under a standard100

“pay-as-bid” model (where the winner is paid101

exactly their quoted price), competition forces102

agents to play a complex guessing game: they103

must inflate their bids above their costs to104

make a profit, attempting to price just below105

their competitors. This strategy is risky; if a106

low-cost agent overestimates the market price107

and inflates their bid too aggressively, they108

may lose to a higher-cost agent who bid more109

conservatively. Consequently, the submitted110

bids may no longer reflect the true underlying111

costs, preventing the system from minimizing112

the final procurement payment.113

To resolve this, we employ a mechanism114

grounded in the Nobel Prize-winning theory115

of optimal mechanism design established by116

Myerson (1981). The key is to decouple an117

agent’s bid from their potential payment. In118

our framework, an agent’s bid determines119

only whether they are selected, while their120

payment is calculated entirely based on com-121

petitors’ bids. Since an agent cannot influ-122

ence the payment they receive by manipulat-123

ing their own bid, their dominant strategy is124

to report their cost honestly.125

In this paper, we propose STAR (Strategy-proof126

Topology-aware Agent Routing), a novel mech-127

anism that simultaneously minimizes execution128

costs and guarantees truthful bidding for agentic129

workflows. We model the problem as a reverse130

auction over a directed graph. Unlike a traditional131

auction where buyers compete for an item, a re-132

verse auction functions like a procurement system:133

the user acts as a single buyer soliciting services, 134

while agents act as competitive sellers bidding to 135

perform tasks at the lowest cost. 136

To achieve this, STAR operates not on raw re- 137

ported costs, but on virtual costs (Myerson, 1981). 138

Intuitively, a “virtual cost” transforms an agent’s 139

bid by adding a necessary incentive markup—this 140

represents the extra margin the system must implic- 141

itly account for to make honesty the most profitable 142

bidding strategy. By minimizing this adjusted cost 143

metric, our framework allows us to find the glob- 144

ally optimal route while rigorously guaranteeing 145

that agents have no incentive to manipulate prices, 146

a property known as dominant strategy incentive 147

compatibility (DSIC). 148

2 Related Work 149

Our work serves as a synthesis of three active re- 150

search streams: structured agentic orchestration, 151

economical model routing, and mechanism design 152

for graph-structured dependencies. 153

Structured LLM Orchestration. Recent ad- 154

vancements have shifted from single-turn LLM in- 155

teractions to complex, multi-step workflows. Struc- 156

tural prompting strategies like Chain-of-Thought 157

(Wei et al., 2022), Tree of Thoughts (Yao et al., 158

2023), and Graph of Thoughts (Besta et al., 2024) 159

demonstrate that imposing topological constraints 160

on reasoning significantly improves performance. 161

Frameworks such as AutoGen (Wu et al., 2024), 162

MetaGPT (Hong et al., 2023), and ChatDev (Qian 163

et al., 2024) further operationalize this by en- 164

abling arbitrary interaction graphs among special- 165

ized agents. However, these frameworks focus al- 166

most exclusively on capability maximization (i.e., 167

“can we solve the task?”). They typically treat 168

agents as fully aligned entities with no private in- 169

centives. We argue that this ignores the economic 170

reality of open marketplaces. In our model, while 171

agents remain cooperative in executing the work- 172

flow, they are strategically self-interested regarding 173

their compensation. Unlike internal modules that 174

simply obey, these independent providers aim to 175

maximize their own profit, creating a disconnect 176

between the user’s goal (minimizing cost) and the 177

agents’ incentives (maximizing revenue). 178

Economical LLM Routing and Cascading. Ad- 179

dressing the high cost of LLM inference, a parallel 180

line of research explores dynamic model selection. 181

FrugalGPT (Chen et al.) proposes a cascading 182
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architecture to sequentially query cheaper models.183

RouteLLM (Ong et al., 2024) and recent preference-184

based routers (Zhang et al., 2025) learn to dispatch185

queries to the most cost-effective provider based186

on predicted difficulty. While effective, these ap-187

proaches operate under a centralized optimization188

paradigm with two critical limitations: (1) Infor-189

mation Asymmetry: They typically assume fixed,190

public pricing. However, we argue that an open191

LLM marketplace will inevitably mirror physical192

infrastructure realities, where token costs fluctuate193

with electricity spot prices and real-time compute194

and data center demand. In such a dynamic set-195

ting, providers possess private information about196

their instantaneous operating costs and have incen-197

tives to misreport them to maximize profit. (2) In-198

dependence Assumption: They typically route199

individual queries independently. They fail to200

model the switching cost (Su,v) in a workflow,201

where switching agents midway incurs significant202

re-computation or data transmission costs.203

Mechanism Design for Dependent Valuations.204

Our framework is grounded in Algorithmic Mech-205

anism Design (AMD) (Nisan et al., 2007). While206

Myerson’s optimal auction theory (Myerson, 1981)207

solves the revenue maximization problem for sin-208

gle items, extending it to combinatorial settings is209

non-trivial. Prior works have addressed auctions210

for cloud resources (Zaman and Grosu, 2013) and211

crowdsourcing (Singla and Krause, 2013), but they212

generally model resources as additive bundles. The213

unique challenge in agentic workflows is the path-214

dependent switching cost—a negative externality215

where the cost of a node depends on the alloca-216

tion of its prerequisite task (parent node). While217

general combinatorial auctions with externalities218

are often NP-hard, we leverage the inherent struc-219

tured connectivity of agent workflows to design220

a mechanism that is computationally tractable221

in practice, bridging the gap between theoretical222

AMD and practical LLM systems.223

System Efficiency & Context Caching. Finally,224

our cost modeling is motivated by physical system225

constraints. Techniques like PagedAttention (Kwon226

et al., 2023) and SGLang (Zheng et al., 2023) opti-227

mize memory management, while Prompt Caching228

(Gim et al., 2024) explicitly enables the reuse of229

KV-caches across requests. Our mechanism is230

the first to formalize this system-level optimiza-231

tion (cache reuse) as an economic variable (Su,v)232

within a procurement auction, ensuring that finan-233

cial incentives align with computational efficiency. 234

3 System Model 235

3.1 The Workflow Graph 236

We represent the agentic workflow as a directed 237

graph G = (V, E). 238

• Each node v ∈ V represents a sub-task (e.g., 239

“Draft Outline for Chapter 1” or “Generate 240

Code for Step 3”). 241

• Each edge (u, v) ∈ E represents a depen- 242

dency where the input context for node v de- 243

pends on the output from node u. 244

For each node u, we assume the workload is 245

intrinsic to the task and fixed across all capable 246

models. Let Lin
u , Lout

u denote the expected number 247

of input and output tokens generated at node u 248

respectively, and let Ltrans
u,v denote the size of the 249

context passed from u to v. These lengths can be 250

estimated via historical distributions or oracles. 251

3.2 The Agents and Bids 252

LetM = {1, . . . , N} be the set of available LLM 253

agents. We assume feasibility is determined be- 254

forehand (e.g., via an oracle like FrugalGPT (Chen 255

et al.)): letMv ⊆M be the set of agents capable 256

of solving node v. We model the cost structure as 257

follows: 258

1. Single Parameter Private Type: Each agent 259

i has a private base cost ci per output token. 260

This cost captures the agent’s current avail- 261

ability and resource constraints.1 262

2. Coupled Input-Output Pricing: For any 263

agent i, the cost of processing an input token 264

is a publicly-known, monotonically increas- 265

ing function of their per-token output gener- 266

ation cost ci. For clarity, we adopt a linear 267

model where input cost is a known fixed frac- 268

tion ρi of the output cost. This formulation 269

mirrors the pricing structure of major com- 270

mercial APIs (e.g., OpenAI2, Anthropic3), 271

where input tokens are typically priced 2× 272

to 8× lower than output tokens due to the 273

1We assume a constant marginal cost model, where unit
costs are independent of volume. This is because a single
workflow is negligible relative to the service provider’s total
compute capacity.

2https://platform.openai.com/docs/pricing
3https://platform.claude.com/docs/en/about-

claude/pricing
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computational efficiency of parallel prompt274

processing.275

3. Bidding and Incentives: Each agent submits276

a bid bi, representing their declared price per277

output token. Crucially, we do not assume that278

agents are honest when this is not in their inter-279

est. Instead, our design objective is to enforce280

truthfulness (bi = ci) as a dominant strat-281

egy. This means we construct the payment282

rules such that a profit-maximizing agent will283

always achieve the highest utility by report-284

ing their true cost, regardless of the strategies285

adopted by competitors.286

3.3 Context Switching and Communication287

Costs288

Our cost model explicitly captures the overhead of289

data movement, based on both the Transformer in-290

ference architecture and commercial pricing struc-291

tures:292

• Same-Agent Allocation (Stickiness): If293

node u and its child v are assigned to the294

same agent i (i.e., A(u) = A(v) = i), the in-295

teraction benefits from KV-cache reuse (Kwon296

et al., 2023). Since the agent retains the at-297

tention history in GPU memory, processing298

the subsequent step does not need to pro-299

cess the upstream information from scratch.300

This aligns with emerging “prompt caching”301

pricing models (e.g., Anthropic, DeepSeek)302

where cached input tokens are charged at a303

significantly lower rate (often < 10% of stan-304

dard input costs).305

• Cross-Agent Allocation (Switching): If306

A(u) ̸= A(v), a switching cost is incurred307

due to the loss of shared memory state. The308

system must pay for agent A(v) to process309

the upstream information as fresh input (pre-310

fill cost). This penalty models the “cold start”311

processing required when transferring context312

across disjoint memory domains.313

4 STAR: Strategy-proof Topology-aware314

Agent Routing315

We now introduce STAR, a mechanism grounded316

in the Nobel Prize-winning framework of Myer-317

son (1981) that minimizes the procurer’s expected318

payment while guaranteeing truthful bidding.319

4.1 Virtual Cost: The Bridge to Truthfulness 320

Designing a truthful mechanism poses a unique 321

challenge: we cannot simply select the agents with 322

the lowest raw bids, as this incentivizes agents to 323

game the system (e.g., via strategically inflating 324

their price to marginally undercut competitors). To 325

resolve this, we map the complex strategic game 326

into a standard optimization problem using the con- 327

cept of virtual costs. 328

Conceptual Intuition. Before we present the for- 329

malization, consider the intuition: raw bids bi are 330

unreliable signals of value. Myerson’s theory pro- 331

vides a transformation function ϕ(·) that converts 332

a raw bid into a “virtual cost” ϕi(bi). This virtual 333

cost can be viewed as the true economic cost to the 334

system, encompassing both the agent’s physical 335

execution cost and the “incentive cost” required to 336

keep them honest. By running our routing algo- 337

rithms on these virtual costs instead of raw bids, 338

we effectively internalize the strategic externali- 339

ties. Consequently, the routing algorithm no longer 340

needs to explicitly defend against potential dishon- 341

esty; it simply minimizes the sum of virtual costs, 342

and truthfulness follows automatically. 343

Mathematical Definition. Formally, under the 344

standard assumption that agent costs are drawn 345

from known prior distributions (CDF Fi, PDF fi), 346

the virtual cost is defined as: 347

ϕi(bi) = bi︸︷︷︸
Raw Bid

+
Fi(bi)

fi(bi)︸ ︷︷ ︸
Incentive Markup

(1) 348

The term Fi(bi)
fi(bi)

represents the information 349

rent—the profit margin the system implicitly pays 350

to maintain truthfulness. Crucially, optimizing raw 351

bids ignores this cost. By adding this markup, the 352

virtual cost functions as a comprehensive account- 353

ing metric: it converts the agent’s private resource 354

cost into the procurer’s total payment liability. Min- 355

imizing this metric allows STAR to steer the selec- 356

tion away from agents who might be computation- 357

ally cheap but require high incentive payments to 358

remain honest. 359

Ensuring Truthfulness via Monotonicity. My- 360

erson (1981) dictates that a mechanism is truthful 361

if winning probabilities decrease as bids increase 362

(monotonicity). Since the virtual cost function 363

ϕi(bi) is monotonically increasing with respect to 364
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the bid bi,4 our algorithm naturally favors lower365

bids. An agent who inflates their bid increases their366

virtual cost, thereby reducing their likelihood of be-367

ing selected in the optimal path. Thus, truthfulness368

is satisfied by construction.369

Generalizing from Single Agent to Graph Work-370

flow. We build upon Myerson’s Lemma, which371

guarantees that for any single-parameter agent, the372

expected payment in a truthful mechanism equals373

their expected virtual cost. We extend this theoreti-374

cal guarantee to graph-based workflows by lever-375

aging the linearity of expectation. Since the total376

procurement cost is simply the sum of costs across377

all selected agents, the expected total payment de-378

composes into the sum of expected payments for379

each constituent node. Consequently, we can ag-380

gregate Myerson’s node-level equivalence to the381

entire graph:382

E[Total Payment] =
∑
v∈V

E[Paymentv]383

=
∑
v∈V

E[Virtual Costv].384

This transformation reduces the complex economic385

game into a tractable algorithmic optimization task:386

by minimizing the sum of virtual costs ϕi(bi), we387

mathematically guarantee the minimization of the388

procurer’s total expected payment.389

4.2 The Optimization Objective390

The objective of STAR is to find an allocation map-391

ping A : V →M that minimizes the total virtual392

cost of the workflow. The objective function con-393

sists of two components: the generation cost (in-394

trinsic to nodes) and the switching cost (dependent395

on edges and allocation).396

We formulate the objective function as follows:397

min
A

J (A) :=
∑
v∈V

G(v,A(v))398

+
∑

(u,v)∈E

I(A(u) ̸= A(v)) · Su,v(A) (2)399

The first term captures the generation cost, while400

the second term captures the switching cost in-401

curred when adjacent nodes are assigned to dif-402

ferent agents. Specifically:403

4We assume standard distribution regularity. For irregular
distributions, Myerson’s ironing technique restores monotonic-
ity.

• G(v, i) = ϕi(bi) · Lout
v . This denotes the 404

virtual generation cost for agent i to generate 405

the output for node v. 406

• I(·) is the indicator function, which equals 1 407

if the model switches between parent u and 408

child v, and 0 otherwise (representing the sav- 409

ings from context caching). 410

• Su,v(A) represents the virtual cost of commu- 411

nication overhead when a switch occurs from 412

agent A(u) to agent A(v). Based on our cost 413

structure, this implies paying for the input 414

processing at the new node: 415

Su,v(A) =
(
ϕA(v)(bA(v)) · ρA(v)

)
· Ltrans

u,v

(3) 416

where Ltrans
u,v is the context transferred to the 417

subsequent node v as input (depending on 418

the system architecture, this term could be 419

exactly Lout
u , some state variables, cumula- 420

tive contexts, or other formats). To maintain 421

generality, we define Su,v(A) as the aggre- 422

gate virtual cost associated with the context 423

transfer. 424

4.3 Allocation Algorithms 425

As established in the previous subsections, to guar- 426

antee the incentive compatibility of the mechanism, 427

the allocation rule must strictly satisfy the mono- 428

tonicity condition. This requires finding the exact 429

global minimum of the total virtual cost (Eq. (2)). 430

If the solver is not exact, the approximation solu- 431

tion can lead to the absurd paradox where “low- 432

ering one’s bid causes one to lose the allocation,” 433

thereby fundamentally breaking the mechanism’s 434

strategy-proofness. Consequently, we propose a 435

hierarchy of exact algorithms tailored to the graph 436

topology. In all formulations, let ϕi(bv,i) denote 437

the virtual generation cost of agent i for node v. 438

4.3.1 Algorithm I: Dynamic Programming 439

The first approach leverages the sparsity of agent 440

interaction graphs. We employ Dynamic Program- 441

ming (DP) to exploit the graph topology. 442

Special Case: Trees and Chains. For workflows 443

structured as rooted trees (e.g., hierarchical plan- 444

ning) or linear chains, the optimal allocation can be 445

solved efficiently via Dynamic Programming (DP). 446

Let D[v, i] denote the minimum total virtual cost 447

for the subtree rooted at v, given that node v is 448
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assigned to agent i. The recurrence relation is:449

D[v, i] = G(v, i) +
∑

u∈children(v)

min
j∈M

(
D[u, j]

+ I(i ̸= j) · Sv,u(i, j)
)450

where Sv,u(i, j) represents the virtual cost of con-451

text transfer from agent i to agent j. This approach452

yields an exact solution in O(|V| · |M|2) time.453

General Graphs. Real-world workflows can be454

more complicated than trees or chains, containing455

cycles or multi-parent dependencies where stan-456

dard DP fails. To handle these cases, we employ457

the Junction Tree algorithm based on tree decom-458

position (Cygan et al., 2015).459

Intuitively, this method transforms an arbitrary460

graph with cycles into a tree structure of “clus-461

ters” (called bags). By grouping cyclically depen-462

dent nodes into the same bag, we can perform dy-463

namic programming over the tree of bags rather464

than the nodes themselves. This approach guaran-465

tees finding the exact global minimum. The time466

complexity is O(|V| · |M|w+1), where w is the467

graph’s treewidth. Since human-designed agent468

workflows are typically sparse and modular (im-469

plying a small w), this algorithm remains highly470

efficient in practice. We provide the rigorous math-471

ematical definition and the detailed DP transitions472

for tree decomposition in Appendix B.473

4.3.2 Algorithm II: Mixed-Integer Linear474

Programming (MILP)475

Alternatively, we propose another general method,476

applicable to any workflow topologies. The prob-477

lem can be formulated as a Mixed-Integer Linear478

Program (MILP). We leverage the specific cost479

structure of LLM inference: context transfer costs480

are determined by the destination agent’s input481

token price (re-processing the context), unless the482

agent is preserved from the previous node, in which483

case the cost is zero.484

Let Lu,v denote the size of the context trans-485

ferred on edge (u, v). Let pini and pgeni be the input486

and generation virtual prices for agent i. We in-487

troduce decision variable xv,i ∈ {0, 1} (agent i488

assigned to node v) and a cache-miss indicator489

δu,v,i ∈ [0, 1].490

The following MILP minimizes the total virtual491

cost: 492

min
∑

v∈V, i∈M
G(v, i) · xv,i +

∑
(u,v)∈E, i∈M

Su,v(i, j) · δu,v,i 493

s.t.
∑
i∈M

xv,i = 1, ∀v ∈ V 494

δu,v,i ≥ xv,i − xu,i, ∀(u, v) ∈ E , i ∈M 495

xv,i ∈ {0, 1}, δu,v,i ≥ 0 496

The second constraint enforces the KV-Cache logic 497

efficiently. If agent i is preserved (xv,i = 1, xu,i = 498

1), the right-hand side becomes 0, allowing δu,v,i = 499

0 (zero cost) via minimization. Modern solvers 500

(e.g., Gurobi) can solve such instances (|V| < 100) 501

to exact optimality in seconds. 502

4.4 Payment Rule 503

According to Myerson’s optimal auction the- 504

ory (Myerson, 1981), to guarantee truthfulness, the 505

payment must be determined by a threshold-based 506

rule. Intuitively, for each portion of the assigned 507

workload, the agent is paid the critical bid value at 508

which the system would have found it optimal to 509

switch that workload to a competitor. In our work- 510

flow setting, an agent i’s allocation quantity qi(bi) 511

is defined as the aggregate workload across their 512

set of assigned nodes Vi. Specifically, the workload 513

for a node v is modeled as ωv = ρi · Lin
v + Lout

v , 514

accounting for both context processing and genera- 515

tion. 516

Since qi(bi) =
∑

v∈Vi
ωv is a step-wise decreas- 517

ing function of the bid, the payment Pi is cal- 518

culated as the cumulative sum at each “tipping 519

point” where the agent loses a portion of their 520

workload as their bid bi increases. Formally, let 521

z1 < z2 < · · · < z|Vi| be the critical bid values 522

(breakpoints) at which qi(bi) drops. The total pay- 523

ment Pi is: 524

Pi =

|Vi|∑
k=1

zk · (qi(zk − ϵ)− qi(zk + ϵ))︸ ︷︷ ︸
∆qi(zk)

, (4) 525

where ∆qi(zk) represents the workload lost at price 526

zk: it is the sum of the workload ωv for the spe- 527

cific subset of nodes that agent i ceases to win 528

when their bid increases to zk. To compute this 529

efficiently, we employ a recursive interval-splitting 530

binary search (see Appendix C). 531

5 Experiments 532

Table 1 summarizes the performance across exper- 533

imental trials. STAR consistently outperforms the 534
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baselines, achieving cost reductions of up to 33.6%.535

We evaluate STAR against baseline strategies536

on simulation frameworks designed to mirror real-537

world LLM marketplace dynamics. Our experi-538

ments aim to quantify the cost savings achieved539

by internalizing topological dependencies and to540

identify the specific structural patterns where STAR541

yields the highest cost saving. More details are542

given in Appendix D.543

5.1 Experimental Setup544

To ensure our evaluation reflects practical deploy-545

ment conditions, we instantiate our simulation envi-546

ronment using real-world pricing dynamics derived547

from commercial LLM markets and topologies rep-548

resentative of standard agentic workflows.549

Agent Market Construction (Supply Side). We550

simulate a marketplace of N = 9 agents catego-551

rized into three tiers, reflecting the current land-552

scape of commercial LLM providers. Each tier553

contains 3 distinct agents with base prices centered554

around the following anchors: Tier 1 (Small), base555

output price Cbase = $0.10− $0.30 / 1M tokens;556

Tier 2 (Medium), Cbase = $0.50 − $1.50 / 1M557

tokens; and Tier 3 (Large), Cbase = $2.50−$7.50558

/ 1M tokens. The price ratio between tiers follows559

a steep 1 : 5 : 25 progression, mirroring the cost560

disparity among tiers of commercial models.5561

Cost Dynamics (Supply Side). To emulate the562

volatility of LLM model marketplaces, we model563

the instantaneous generation cost ci(t) (take agent564

i as example) as a function of base price, spot565

scarcity, and electricity cycles. For each trial, we566

sample a random time t ∼ Uniform(0, 24) and567

define the cost as:568

ci = Cbase
i · Si(θi) · (1 + β · E(t)), (5)569

where (1) E(t) is the diurnal electricity price factor570

at time t, modeled as a sinusoidal function. Since571

the time t is common knowledge to all participants,572

the term acts as a global scaling factor; (2) Si ∼573

Uniform(0.1, 1.0) is the spot scarcity multiplier,574

representing agent i’s specific resource contention575

(e.g., GPU utilization, local queue depth)6. This576

5The output price for GPT-5-nano, GPT-5-mini, and GPT-
5 API are $0.4, $2.0, and $10.0 per 1M tokens, respectively
(which follows 1 : 5 : 25 progression) as of January 2026.

6This range is calibrated to real-world cloud pricing. As
of January 2026, Google Cloud Spot VMs provide discounts
of up to 91% off on-demand rates during off-peak periods
(similar rate for AWS Spot Instances), corresponding to a
multiplier lower bound of ≈ 0.1.

stochastic factor determines the agent’s private cost 577

ci, which the mechanism must truthfully elicit. 578

Workflow Topologies (Demand Side). We as- 579

sume that each node v in the workflow is assigned 580

an intrinsic difficulty level Diff ∈ {1, 2, 3}. An 581

agent i is considered capable of handling node v if 582

and only if its capability tier meets or exceeds the 583

task difficulty. Infeasible assignments are strictly 584

prohibited. Based on this, we construct four distinct 585

workflow topologies representing common agentic 586

patterns. Detailed specifications and diagrams are 587

provided in Appendix ??. 588

• S1: Chain of Broadcasters (Creative Writ- 589

ing). Simulating an agentic workflow solv- 590

ing LongWriter (Bai et al., 2024) tasks. This 591

topology features a sequential chain where a 592

Brainstorm node feeds several parallel writ- 593

ers. Crucially, their outputs are collected by 594

an Aggregator which then broadcasts a mas- 595

sive compiled context to downstream revisers. 596

This cycle of aggregation and broadcast re- 597

peats multiple times. This topology tests the 598

router’s ability to manage context accumu- 599

lation and optimize serial bottlenecks where 600

data volume grows progressively. 601

• S2: Nested Fan-out (Software Develop- 602

ment). Simulating an agentic workflow solv- 603

ing SWE-Bench (Jimenez et al., 2023) tasks. 604

A root sequence feeds into a SpecGenerator 605

(Diff=1) which broadcasts massive specifica- 606

tions to 10 parallel coding modules, which 607

further recursively decompose into 30 file- 608

level tasks. This topology features explosive 609

branching factors, testing the router’s abil- 610

ity to minimize switching costs across deep, 611

high-volume context cascades. 612

• S3: Tree-structure Fan-out (Web Develop- 613

ment). Modeling a full-stack agentic team 614

structure for website design (Niu et al., 2025) 615

tasks. An Architect designs a system, and 616

a SpecWriter broadcasts to 3 heavy-weight 617

Team Leads (Diff=2, Output=50k), who then 618

distribute tasks to 12 developers. Unlike S2’s 619

sheer scale, this structure emphasizes inter- 620

mediate bottlenecks: the router must op- 621

timize the Team Leads’ allocation to care- 622

fully balance upstream reception costs against 623

downstream distribution costs. 624
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Setting
Average Total Payment ($) (Mean ± Std) Payment Reduction

STAR (Ours) Myopic Homogeneous STAR vs. Myopic STAR vs. Homo.

S1: Chain of Broadcasters 4.03 ± 0.81 4.48 ± 0.85 5.14 ± 0.98 10.0% 21.6%
S2: Nested Fan-out 5.18 ± 0.44 6.72 ± 0.53 7.80 ± 0.64 22.9% 33.6%
S3: Tree-structure Fan-out 1.90 ± 0.23 2.10 ± 0.25 2.38 ± 0.29 9.5% 20.2%
S4: Hourglass-structure 1.58 ± 0.19 1.96 ± 0.24 2.24 ± 0.28 19.4% 29.5%

Table 1: Main experimental results (averaged over 50 trials). We compare the total procurement payments of
STAR against two truthful baselines. STAR consistently minimizes procurement costs compared to truthful baselines
across all settings.

• S4: Hourglass-structure (Legal Analysis).625

An iterative map-reduce topology modeling626

litigation support. It begins with a computa-627

tionally simple Case Retriever fetching mas-628

sive context, which is consumed by multi-629

ple parallel Analysts. Crucially, these parallel630

streams converge into a Lead Attorney node631

for synthesis, followed by a second fan-out632

stage where the synthesized strategy is de-633

composed into parallel drafting tasks. This634

structure tests the handling of contraction-635

expansion cycles typical in complex reason-636

ing tasks.637

Baselines. We compare STAR against two stan-638

dard baseline strategies. To ensure a fair compari-639

son of economic efficiency, we implement both640

baselines as truthful mechanisms using second-641

price payment rules:642

• Myopic Allocation: Selects the cheapest ca-643

pable agent for each node independently. The644

payment for each node is determined by the645

second-lowest bid among capable agents for646

that specific task.647

• Homogeneous Allocation: Auctions the en-648

tire workflow as a single indivisible bundle.649

The contract is awarded to the provider with650

the lowest aggregate bid who meets the maxi-651

mum difficulty requirement of the graph. The652

payment is set to the second-lowest aggregate653

bid from the pool of capable competitors.654

5.2 Results and Analysis655

The most significant gains (33.6% in S1, 29.5% in656

S4) occur in topologies featuring a specific struc-657

tural motif we term the “Broadcaster Trap”. In658

S4 (Legal), the Case Retriever is computationally659

simple (Diff=1) but outputs 400k tokens to 5 down-660

stream analysts. A myopic router selects a cheap661

Tier-1 model (∼$0.10) for the retriever. However, 662

this forces the system to pay for transferring 400k 663

tokens to 5 separate analysts, incurring a massive 664

communication penalty. STAR anticipates this and 665

assigns a more expensive Tier-3 model to the re- 666

triever if it matches the downstream analysts, elim- 667

inating the transfer cost. 668

The Homogeneous baseline consistently per- 669

forms the worst. In S1 (SWE), over 60% of the 670

nodes (e.g., file generation, testing) are Diff=1, 671

yet the presence of a single Diff=3 Planner node 672

forces the homogeneous strategy to assign the en- 673

tire graph to an expensive Tier-3 agent. This results 674

in massive resource over-provisioning. STAR suc- 675

cessfully identifies “islands of simplicity” within 676

the graph, routing them to cheaper models while 677

selectively enforcing agent stickiness along some 678

high-bandwidth edges.. 679

6 Conclusion 680

In this work, we addressed the critical challenge of 681

ensuring economic efficiency and incentive compat- 682

ibility in the emerging landscape of decentralized 683

agentic workflows. We introduced STAR, a mech- 684

anism that bridges the gap between algorithmic 685

mechanism design and system-level LLM orches- 686

tration. By leveraging virtual cost minimization, 687

STAR simultaneously guarantees that truthful cost 688

reporting is a dominant strategy for self-interested 689

agents and internalizes the path-dependent exter- 690

nalities of context transfer. 691

Empirically, STAR achieves cost reductions of 692

up to 33.6% over the baselines, effectively mitigat- 693

ing topological inefficiencies like the “broadcaster 694

trap.” As the LLM ecosystem transitions to an open 695

marketplace of specialized agents, frameworks like 696

STAR will be essential for orchestrating these re- 697

sources efficiently, ensuring that the division of 698

labor in AI remains economically viable at scale. 699
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Limitations700

While STAR provides a rigorous theoretical frame-701

work and demonstrates significant empirical cost702

savings, we acknowledge several limitations in-703

herent to our modeling assumptions, which point704

towards fruitful directions for future research.705

Single-Dimensional Optimization Objective.706

Our current mechanism focuses exclusively on min-707

imizing the financial execution cost of workflows.708

While we enforce capability constraints (i.e., en-709

suring tasks are assigned to capable agents via the710

tier system), we do not explicitly optimize for other711

quality-of-service (QoS) metrics such as end-to-712

end latency or throughput. In time-sensitive scenar-713

ios where latency is as critical as cost, the objective714

function in Eq. (2) would need to be extended to a715

multi-objective formulation, potentially requiring a716

multi-dimensional auction mechanism.717

Assumption of Known Priors. Following stan-718

dard practices in optimal auction design (Myerson,719

1981), STAR assumes the orchestrator has access720

to the prior distributions (Fi) of agents’ private721

costs. In a mature marketplace, these can be esti-722

mated from historical bidding data. However, in723

a cold-start scenario with new agents or shifting724

market dynamics, these priors may be initially in-725

accurate. Future work could explore online mecha-726

nism design or bandit-based approaches (one sim-727

ilar setting has been recently discussed by Patra728

et al. (2026)) to learn these distributions dynami-729

cally while maintaining incentive compatibility.730

Agent Rationality and Collusion. Our theoreti-731

cal guarantees rely on the assumption that agents732

are rational, risk-neutral, and non-collusive. While733

Strategy-Proofness (DSIC) protects against individ-734

ual strategic misreporting, it does not account for735

complex collusive behaviors (e.g., agents forming a736

cartel to artificially inflate bids). Although standard737

in mechanism design literature, addressing robust738

mechanism design against irrational or collusive739

agents in decentralized AI systems remains an open740

challenge.741
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A Derivation of Virtual Cost for850

Procurement851

In this section, we provide the formal derivation852

showing that minimizing the expected total pay-853

ment in a procurement (reverse) auction is equiva-854

lent to minimizing the expected virtual cost. This855

derivation adapts Myerson’s optimal auction theory 856

(Myerson, 1981) from the standard revenue maxi- 857

mization setting to our cost minimization setting. 858

Setup. Consider a single agent i with private cost 859

ci drawn independently from a distribution with 860

CDF Fi and PDF fi on support [c, c̄]. The mecha- 861

nism specifies: 862

• Allocation rule xi(ci): The probability (or 863

amount) of task assignment given reported 864

cost ci. 865

• Payment rule pi(ci): The payment from the 866

procurer to the agent. 867

The agent’s utility is ui(ci) = pi(ci)− cixi(ci). 868

Incentive Compatibility (IC). By the Envelope 869

Theorem, for a mechanism to be truthful, the util- 870

ity function must satisfy u′i(ci) = −xi(ci). This 871

implies that the utility of an agent with cost ci is 872

determined by the allocation rule: 873

ui(ci) = ui(c̄) +

∫ c̄

ci

xi(z) dz (6) 874

We assume individual rationality such that the 875

highest-cost agent makes zero profit, i.e., ui(c̄) = 876

0. Thus, ui(ci) =
∫ c̄
ci
xi(z) dz. 877

Expected Payment. The procurer’s expected 878

payment to agent i is: 879

E[pi] =
∫ c̄

c
pi(c)fi(c) dc (7) 880

Substituting pi(c) = ui(c) + cxi(c): 881

E[pi] =
∫ c̄

c

(∫ c̄

c
xi(z) dz + cxi(c)

)
fi(c) dc

(8) 882

Integration by Parts. We simplify the double in- 883

tegral term using integration by parts. Let U = 884∫ c̄
c xi(z) dz and dV = fi(c)dc. Then dU = 885

−xi(c)dc and V = Fi(c). 886∫ c̄

c

(∫ c̄

c
xi(z) dz

)
fi(c) dc (9) 887

=

[
Fi(c)

∫ c̄

c
xi(z) dz

]c̄
c

−
∫ c̄

c
Fi(c)(−xi(c)) dc

(10)

888

= 0− 0 +

∫ c̄

c
Fi(c)xi(c) dc (11) 889

=

∫ c̄

c

Fi(c)

fi(c)
xi(c)fi(c) dc (12) 890
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(Note: The boundary terms vanish because at c̄, the891

integral is 0; at c, Fi(c) = 0.)892

Result. Substituting this back into the expected893

payment equation:894

E[pi] (13)895

=

∫ c̄

c

(
Fi(c)

fi(c)
xi(c) + cxi(c)

)
fi(c) dc (14)896

=

∫ c̄

c

(
c+

Fi(c)

fi(c)

)
︸ ︷︷ ︸

ϕi(c)

xi(c)fi(c) dc (15)897

= Eci [ϕi(ci)xi(ci)] (16)898

Thus, minimizing the expected payment is math-899

ematically equivalent to minimizing the expected900

virtual cost ϕi(c) = c+ Fi(c)
fi(c)

.901

B Tree Decomposition for General902

Graphs903

For general graphs containing cycles, we utilize the904

Junction Tree algorithm. This involves two steps:905

constructing a tree decomposition and running dy-906

namic programming on the resulting structure.907

1. Decomposition Definition. A tree decomposi-908

tion of a graph G = (V, E) is a tree T where each909

node represents a “bag” Bt ⊆ V . This decomposi-910

tion must satisfy two properties:911

1. Edge Coverage: For every edge (u, v) ∈ E ,912

there exists at least one bag Bt containing913

both u and v.914

2. Running Intersection: For any vertex v ∈ V ,915

the set of bags containing v forms a connected916

subtree in T .917

The width of the decomposition is maxt |Bt| − 1.918

The treewidth w of G is the minimum width over919

all possible decompositions.920

2. Dynamic Programming Transition. We treat921

the junction tree T as a rooted tree and perform922

bottom-up DP. Let at ∈ M|Bt| represent a joint923

assignment of agents to all nodes within bag Bt.924

The state space size for each bag is |M||Bt|. Let925

Dt(at) denote the minimum virtual cost for the926

subtree of bags rooted at Bt, consistent with the927

local assignment at. The recurrence relation is:928

Dt(at) = Ψ(Bt,at)929

+
∑

Bc∈children(Bt)

min
ac∈M|Bc|
ac∼at

(Dc(ac)−∆(Bt, Bc))930

Here, the terms are defined as follows: 931

• Ψ(Bt,at): The local cost within bag Bt, sum- 932

ming the generation costs of nodes in Bt and 933

the switching costs for edges fully contained 934

in Bt. 935

• ac ∼ at: The consistency constraint. The 936

child assignment ac must match the parent 937

assignment at for all nodes in the separator 938

(intersection) Bt ∩Bc. 939

• ∆(Bt, Bc): A correction term to prevent 940

double-counting. Since nodes in the inter- 941

section Bt ∩ Bc appear in both bags, their 942

generation costs are subtracted: 943

∆(Bt, Bc) =
∑

v∈Bt∩Bc

ϕat[v] · Lv (17) 944

The computational bottleneck is determining 945

the optimal assignment for each bag, scaling as 946

O(|M|w+1). For sparse workflow graphs where w 947

is small (typically w ≤ 3, e.g., w = 1 for linear 948

chains or trees, w = 2 for feedback loops or ensem- 949

ble voting/Best-of-N structure, versus high w for 950

dense cliques), this is computationally tractable. 951

C Payment Calculation Algorithm 952

To accurately compute the cumulative payment de- 953

fined in Eq. (4), we must identify all critical bid 954

values where the allocation quantity q(b) changes. 955

Since q(b) is a step function with potentially multi- 956

ple drops, a standard binary search (which finds a 957

single root) is insufficient. 958

We implement a recursive interval-splitting bi- 959

nary search algorithm (Algorithm 1). The core 960

idea is to maintain a set of “active intervals” [L,R] 961

where the allocation at the endpoints differs (i.e., 962

q(L) ̸= q(R)), implying at least one drop exists 963

within. We iteratively split these intervals at their 964

midpoint M , discarding sub-intervals that are con- 965

stant (flat) and keeping those that contain transi- 966

tions. 967

This approach is highly efficient for our setting. 968

If there are K critical drops, the algorithm con- 969

verges inO(K log( bmax
ϵ )), focusing computational 970

effort solely on the transition regions. 971

D Market Simulation Details 972

D.1 Agent Pricing and Tiers 973

We model a 9-agent marketplace with a steep price 974

progression (1 : 5 : 25) to simulate the difference 975
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Algorithm 1: Recursive Interval Splitting
for Payment Calculation
Require: Winning bid bwin, Max bid bmax,

Allocation function q(·).
1: Initialize: Payment← 0.
2: Initialize Queue: Q← {[bwin, bmax]}.
3: while Q is not empty do
4: Pop interval [L,R] from Q.
5: Calculate midpoint M ← (L+R)/2.
6: Evaluate allocations:

qL, qM , qR ← q(L), q(M), q(R).
7: if qL == qR then
8: continue ▷ Interval is flat, no price drop

here.
9: end if

10: if |L−R| < ϵ then
11: ▷ Found a critical point at approx M
12: Drop← qL − qR
13: Payment← Payment+M ·Drop
14: continue
15: end if
16: ▷ Split and check sub-intervals
17: if qL ̸= qM then
18: Push [L,M ] to Q.
19: end if
20: if qM ̸= qR then
21: Push [M,R] to Q.
22: end if
23: end while
24: return Payment

between distilled models and frontier reasoning976

models. The specific base prices for the agents are977

fixed as follows (before dynamic multipliers):978

Tier Base Prices ($/1M) Avg Price

Tier 1 (Small) $0.10, $0.20, $0.30 $0.20
Tier 2 (Med) $0.50, $1.00, $1.50 $1.00
Tier 3 (Large) $2.50, $5.00, $7.50 $5.00

Table 2: Base pricing configuration. Within each tier,
agents have 3x variance to encourage competition.

D.2 Dynamic Cost Model979

To simulate real-time market conditions, the actual980

cost Ci(t) is dynamically generated in each trial981

using the following components:982

1. Spot Multiplier Si(t): Drawn from983

Uniform(0.1, 1.0). This introduces a 10x984

dynamic range, simulating periods of extreme 985

surplus (90% off). Set β = 1.5. 986

2. Electricity Factor E(t): A sinusoidal func- 987

tion E(t) = 0.5·(1+sin(2π(t−8)
24 )) simulating 988

grid load, where t ∈ [0, 24] is the trial start 989

time. 990

To test robustness, token lengths for each node 991

are perturbed by ±10% noise in each trial. 992

D.3 S1: Chain of Broadcasters (Creative 993

Writing) 994

Simulating a long-context creative writing pipeline 995

(e.g., LongWriter), this topology features a sequen- 996

tial bottleneck architecture. Unlike tree-like ex- 997

pansions, S1 operates in a rhythm of expansion, 998

aggregation, and re-broadcast. 999

The workflow begins with parallel content gen- 1000

eration by multiple Chapter Writers. These outputs 1001

are collected by a central Aggregator, which syn- 1002

thesizes the full narrative into a 300k-token context. 1003

This massive context is then broadcast to a second 1004

parallel layer of Revisers. The Aggregator creates 1005

a high-stakes “Broadcaster Trap”: assigning it to 1006

a cheap but isolated provider incurs heavy transfer 1007

penalties for all downstream Revisers. The topol- 1008

ogy structure is visualized in Figure 1, and the 1009

configuration details are listed in Table 3. 1010

D.4 S2: Nested Fan-out (Software 1011

Engineering) 1012

This topology mimics a complex software engineer- 1013

ing workflow derived from SWE-Bench tasks. It is 1014

characterized by a deep, recursive decomposition 1015

structure. The workflow begins with a sequential 1016

analysis phase (Scanner, Analyzer, Planner) which 1017

culminates in a SpecGenerator. 1018

The SpecGenerator acts as the critical broad- 1019

caster, generating a massive 350k-token technical 1020

specification. This context is broadcast to a primary 1021

fan-out layer of 10 distinct Modules, which subse- 1022

quently branch further into a secondary layer of 30 1023

granular File-level tasks. The workflow concludes 1024

with a convergence phase via Merger and Tester 1025

nodes. This structure tests the mechanism’s ability 1026

to handle multi-stage switching costs where a de- 1027

cision at the root propagates through two layers of 1028

descendants. The topology structure is visualized 1029

in Figure 2, and the detailed node configuration is 1030

provided in Table 4. 1031
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Table 3: S1 Node Configuration. Highlights the context accumulation at the Aggregator, creating a high-cost
switching trap for downstream revisers.

Node Role Count Diff (Dv) Input (Lin) Output (Lout)

Brainstorm 1 3 2k 30k

Parallel Writing
Chapter Writers 8 3 30k 40k

Aggregator 1 1 320k 300k

Parallel Revising
Reviser (Polish) 4 1 300k 35k
Reviser (Content) 4 3 300k 35k

Final Editor 1 3 35k 10k

Table 4: S2 Node Configuration. The SpecGenerator acts as a massive broadcaster (350k tokens) feeding into a
recursive fan-out structure.

Node Role Count Diff (Dv) Input (Lin) Output (Lout)

Scanner 1 1 1k 3k
Analyzer 1 2 3k 5k
Planner 1 3 5k 8k
SpecGenerator 1 1 8k 350k

Fan-out Layer 1 (Modules)
Module (Core Logic) 1 3 350k 25k
Module (API/Data/UI) 7 2 350k 25k
Module (Utils/Cache) 2 1 350k 25k

Fan-out Layer 2 (Files)
File (Main Implementation) 10 3 25k 15k
File (Types/Boilerplate) 20 1 25k 15k

Merger 1 1 30k 15k
Tester 1 2 15k 8k

D.5 S3: Tree-structure Fan-out (Web1032

Development)1033

Modeled after a full-stack web development team,1034

S3 employs a shallow but wide Tree-structure1035

Fan-out. This topology is distinct from S2 due to1036

the presence of heavy intermediate nodes.1037

A SpecWriter broadcasts a 300k-token require-1038

ment document not to leaf workers, but to three1039

Team Leads (Frontend, Backend, Interactive). Cru-1040

cially, these Team Leads are complex nodes1041

(Diff=2) with substantial output generation (40k-1042

50k tokens), making them expensive to migrate.1043

They subsequently distribute tasks to a leaf layer1044

of 12 Developers. This structure tests the mech-1045

anism’s ability to balance costs across a “heavy”1046

middle layer. The topology structure is visualized1047

in Figure 3, with configuration parameters in Ta-1048

ble 5.1049

D.6 S4: Hourglass (Legal Discovery) 1050

The Hourglass topology simulates a complex legal 1051

discovery process involving map-reduce operations. 1052

It features a unique “Retrieval Trap” and a dual 1053

fan-out/fan-in structure. 1054

A computationally cheap Case Retriever 1055

(Diff=1) broadcasts a massive 400k-token dataset 1056

to a wide layer of Analysts. This is followed by 1057

a contraction phase at the Aggregator, and a sec- 1058

ondary expansion to Strategist nodes. This struc- 1059

ture creates complex path dependencies, where the 1060

initial routing decision at the Retriever significantly 1061

impacts the cumulative transfer costs incurred by 1062

both the Analyst and Strategist layers. The topol- 1063

ogy structure is visualized in Figure 4, and the node 1064

configuration is detailed in Table 6. 1065

13



Table 5: S3 Node Configuration. The SpecWriter broadcasts to three Team Leads. Note that Team Leads are
Diff=2 nodes with substantial output (40-50k), making them expensive to switch.

Node Role Count Diff (Dv) Input (Lin) Output (Lout)

Architect 1 2 2k 10k
SpecWriter 1 1 10k 300k

Intermediate Layer (Leads)
Lead (Frontend) 1 2 300k 50k
Lead (Backend) 1 2 300k 40k
Lead (Interactive) 1 2 300k 30k

Leaf Layer (Developers)
Devs (Frontend Static) 5 1 50k 15k
Devs (Backend API) 4 2 40k 20k
Devs (Interactive AI) 3 3 30k 15k

Table 6: S4 Node Configuration. The Case Retriever (Diff=1) creates a trap: using a small model saves generation
cost but incurs massive transfer penalties to the 5 downstream Analysts.

Node Role Count Diff (Dv) Input (Lin) Output (Lout)

Expert Assessment 1 3 2k 5k
Case Retriever 1 1 5k 400k

Fan-out Layer 1 (Analysis)
Analyst (Clause Extract) 3 1 400k 35k
Analyst (Liability) 2 2 400k 20k

Contraction Phase
Aggregator 1 1 145k 80k

Fan-out Layer 2 (Strategy)
Strategist (Aggressive) 1 2 80k 20k
Strategist (Defensive) 1 2 80k 20k
Strategist (Settlement) 1 2 80k 20k

Expert Synthesis 1 3 60k 10k
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Brainstorm

Writer
1-A

Writer
1-B

Aggregator 1
(Out=150k)

Writer
2-A

Writer
2-B

Aggregator 2
(Out=250k)

...
Cycles 3 & 4 Omitted

↓

Aggregator 5
(Out=350k!)

Reviser
Polish

Reviser
Content

Final Editor

Figure 1: S1: Chain of Broadcasters (Creative Writing). A 5-stage iterative pipeline. The diagram visualizes
Cycles 1, 2, and 5 (omitting 3 and 4). While each cycles may broadcast to arbitrary numbers of nodes, this diagram
illustrates the structural topology. Context accumulates at each simple Aggregator (Diff=1), creating a series of
intensifying “Broadcaster Traps” (represented by thick blue arrows) before reaching the final editor.
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Scanner Analyzer Planner

SpecGenerator
(Long Output)

Module
Core

Module
API

Module
Data ... (x10) Module

Utils

File
Main

File
Impl ... (x30) File

Types

Merger Tester

Figure 2: S2: Nested Fan-out (Software Development). Features a deep, recursive structure. A simple SpecGener-
ator (Diff=1) broadcasts massive 350k-token specifications to 10 modules, which further branch into 30 file-level
tasks. The thick blue arrows highlight the critical high-bandwidth edges that create cascading switching penalties.

Architect

SpecWriter
(Long Output)

Lead
Backend

Lead
Frontend

Lead
Interactive

...(x3)Dev F
(D1)

Dev F
(D2) ...(x2)Dev B

(D2)
Dev B
(D2)

...Dev I
(D3)

Dev I
(D2)

Figure 3: S3: Tree-structure Fan-out (Web Development). Emphasizes a single, massive broadcast stage followed
by a structured team fan-out. A simple SpecWriter (Diff=1) sends a 250k-token specification to three heavy-weight
Team Leads (Diff=2), who then distribute tasks to multiple developers of varying difficulties.
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Expert
Assess

Case Retriever
(Long Output)

Analyst 4
(Civil)

Analyst 2
(Extract)

Analyst 1
(Extract)

Analyst 6
(Liability)

...

Synthesizer
(Aggregator)

Strat 1
(Aggressive)

Strat 2
(Defensive)

... Strat 3
(Settle)

Final Brief

Figure 4: S4: Hourglass-structure (Legal Analysis). Visualizing the “Retrieval Trap.” A simple Case Retriever
(Diff=1) creates a massive bottleneck by broadcasting 400k tokens to downstream analysts (mixed Diff=1/2). The
workflow narrows at the simple Synthesizer (Diff=1) before expanding again to Strategists (Diff=2), creating
complex path dependencies and multi-stage optimization challenges.
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