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Abstract001

LLM-powered Multi-Agent Systems (MAS)002
have demonstrated remarkable capabilities in003
complex domains but suffer from inherent004
fragility and opaque failure mechanisms. Exist-005
ing failure attribution methods, whether relying006
on direct prompting, costly replays, or super-007
vised fine-tuning, typically treat execution logs008
as flat sequences. This linear perspective fails009
to disentangle the intricate causal links inher-010
ent to MAS, leading to weak observability and011
ambiguous responsibility boundaries. To ad-012
dress these challenges, we propose CHIEF, a013
novel framework that transforms chaotic tra-014
jectories into a structured hierarchical causal015
graph. It then employs hierarchical oracle-016
guided backtracking to efficiently prune the017
search space via sybthesized virtual oracles.018
Finally, it implements counterfactual attribu-019
tion via a progressive causal screening strat-020
egy to rigorously distinguish true root causes021
from propagated symptoms. Experiments on022
Who&When benchmark show that CHIEF out-023
performs eight strong and state-of-the-art base-024
lines on both agent- and step-level accuracy.025
Ablation studies further confirm the critical role026
of each proposed module.027

1 Introduction028

The advent of Large Language Models (LLMs) has029

empowered agents with exceptional proficiency030

in perception (Zheng et al., 2024), planning (Er-031

dogan et al., 2025), and reasoning (Putta et al.,032

2024). Building on these capabilities, Multi-Agent033

Systems (MASs) have emerged to orchestrate spe-034

cialized agents, achieving superior performance035

in complex domains such as software engineer-036

ing (Ma et al., 2025; Wang et al., 2025) and general-037

purpose realistic tasks (Mialon et al., 2024; Yoran038

et al., 2024). However, the integration of au-039

tonomous agents alongside diverse tools introduces040

inherent fragility, with recent studies revealing fail-041

ure rates up to 86.7% (Cemri et al., 2025), where042

Figure 1: A failure log induced by an unsatisfied con-
straint. Although the Orchestrator marking constraints
(red, Step 14), the Websurfer overlooks these constraints
during execution (Step 16).

errors propagate through intricate dependencies, 043

rendering systems unreliable and opaque. 044

Consequently, Failure Attribution, identifying 045

the root cause and the responsible agent for a task 046

failure, has emerged as a critical yet challenging 047

task. Since the introduction of the Who&When 048

benchmark (Zhang et al., 2025d), various ap- 049

proaches have been proposed to automate this di- 050

agnosis. Direct LLM-based methods (Zhang et al., 051

2025d; Banerjee et al., 2025) often struggle to cap- 052

ture fine-grained causal clues within lengthy con- 053

texts; Spectrum-based methods (Ge et al., 2025) 054

incur prohibitive token costs through repeated tra- 055

jectory replays; Fine-tuning-based methods (Zhang 056

et al., 2025a,b) introduce significant training over- 057

heads and generalization risks. 058

More critically, current approaches are limited 059

by treating MAS trajectories as flat sequences, ig- 060
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noring the inherent structural complexity illustrated061

in Fig. 1. Unlike simple linear texts, these logs062

represent a dense intertwining of agents’ observa-063

tions, thoughts, actions, and results, interconnected064

by rigorous data dependencies (e.g., web search065

results) and agent interactions (e.g., orchestrator-066

executor interactions). This lack of structural ab-067

straction and causal disentanglement leaves exist-068

ing methods struggling to address three diagnostic069

obstacles inherent to failure attribution:070

Opaque Causal Flows: As illustrated in Fig. 1,071

raw MAS logs exhibit a dense entanglement of072

tool executions, environmental feedback, and inter-073

agent communications. Without structural pars-074

ing, the implicit dependencies and causal links are075

submerged in this verbose text, leading to weak076

observability for attribution analysis.077

Sparse Intermediate Supervision: Unlike tradi-078

tional software debugging with modular unit tests,079

MAS trajectories lack intermediate ground truth.080

As correctness is observable only at the final out-081

come, pinpointing the precise failure step within082

long-horizon trajectories becomes a “needle in a083

haystack” search.084

Ambiguous Responsibility Boundaries: As ex-085

emplified in Fig. 1, a constraint violation (e.g., “5-086

minute walk”) triggers failure (Step 19), yet it is087

unclear whether the error stems from the orches-088

trator’s omission (Step 14) or the executor’s negli-089

gence (Step 16). This discrepancy between where090

an error manifests and where it was introduced091

makes distinguishing root causes from propagated092

symptoms challenging without causal abstraction.093

To address these obstacles, we propose CHIEF, a094

Causal HIErarchical Failure attribution framework095

for LLM-based MASs. Departing from paradigms096

that treat logs as flat sequences, we explicitly recon-097

struct chaotic trajectories into a structured graph,098

transforming attribution into a transparent and sys-099

tematic divide-and-conquer process. First, we con-100

struct a Hierarchical Causal Graph. CHIEF de-101

composes tasks into subtasks, applies Observation-102

Thought-Action-Result (OTAR) parsing to disentan-103

gle intertwined agent behaviors, and models the104

data dependencies between steps explicitly. Sec-105

ond, we propose Hierarchical Oracle-Guided Back-106

tracking. This module acts as an organized divide-107

and-conquer strategy, replacing linear scans with108

a top-down search. By verifying subtasks via syn-109

thesized virtual oracles, we bypass granular action110

inspection, efficiently pruning the search space to111

pinpoint the precise failure step. Finally, we imple-112

ment Counterfactual Attribution via a progressive 113

causal screening strategy. By filtering responsibil- 114

ity through causal scope and dependency nature, 115

and applying a deviation-aware check for reversibil- 116

ity, we rigorously distinguish true root causes from 117

propagated symptoms. 118

Our experimental evaluation leverages the 119

Who&When benchmark (Zhang et al., 2025d), span- 120

ning 127 diverse MAS architectures. CHIEF 121

demonstrates superior performance, outperform- 122

ing 8 baselines categorized into four paradigms. It 123

delivers 77.59% agent-level and 29.31% step-level 124

accuracy on the hand-crafted subset, alongside 125

76.80% and 52.00% on the algorithm-generated 126

subset. Furthermore, ablation studies isolate the 127

impact of our proposed modules, verifying that 128

the hierarchical causal graph and virtual oracle are 129

critical for effective failure attribution. Our contri- 130

butions are summarized as follows: 131

• A novel method, CHIEF, which transforms 132

chaotic trajectories into a structured graph, 133

enabling a transparent and systematic divide- 134

and-conquer attribution process. 135

• A Hierarchical Causal Graph construction 136

method, establishing a structured foundations 137

that facilitates precise failure attribution and 138

other understanding and analysis for MASs. 139

• Extensive experiments on Who&When bench- 140

mark, demonstrating superior performance 141

over existing baselines. 142

• The replication package on our website1 to 143

support reproducibility and future research. 144

2 Related Work 145

2.1 LLM-based Multi-Agent Systems 146

LLM-based MASs achieve superior performance 147

on complex tasks by orchestrating specialized 148

agents (Li et al., 2023; Hong et al., 2024; Wu et al., 149

2023). Existing frameworks generally fall into 150

two categories: hand-crafted systems (e.g., Au- 151

toGen (Wu et al., 2023), MetaGPT (Hong et al., 152

2024), ChatDev (Qian et al., 2024)) that rely on 153

pre-defined standard operating procedures, and au- 154

tomated systems (e.g., AgentPrune (Zeng et al., 155

2025), AFlow (Zhang et al., 2025c)) that au- 156

tonomously optimize agent roles and topologies. 157

Despite successes in reasoning and assistant 158

tasks (Zhuge et al., 2024; Mialon et al., 2024), the 159

intricate orchestration of agents and tools intro- 160

duces inherent fragility, where errors propagate 161

1https://anonymous.4open.science/r/CHIEF-86B8
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through opaque dependencies. Shifting focus from162

system construction, we tackle the critical down-163

stream task of automated failure attribution.164

2.2 Failure Attribution for LLM Agents165

Failure attribution is pivotal for system debug-166

ging, yet existing methods face distinct limitations.167

Early works (Zhang et al., 2025d) employ the LLM-168

as-a-Judge paradigm but fail to handle lengthy169

logs, often yielding < 10% accuracy. While170

ECHO (Banerjee et al., 2025) introduces hierar-171

chical context and consensus voting, it treats hi-172

erarchy merely as static representation, often mis-173

taking visible symptoms for hidden root causes.174

Spectrum-based FAMAS (Ge et al., 2025) relies on175

repeated replays for statistical attribution. While ef-176

fective for long trajectories, it incurs high costs and177

yields correlations without causal explanations. Ap-178

proaches like AgenTracer (Zhang et al., 2025a) and179

GraphTracer (Zhang et al., 2025b) fine-tune spe-180

cialized models (e.g., 8B) on synthetic failure data.181

Despite achieving high accuracy, they demand sub-182

stantial upfront costs for data generation and model183

training, posing generalization risks when applied184

to unseen agent logs.185

Distinct from prior works, CHIEF reconstructs186

a hierarchical causal graph that enables efficient187

one-pass reasoning, yielding promising attribution188

without costly replays or additional training.189

3 Problem Formulation190

LLM MAS. We follow the standard turn-based191

LLM-based MAS protocol (Hong et al., 2024; Wu192

et al., 2023), where exactly one agent performs193

an action at each timestep. The MAS is defined194

as M = ⟨N ,S,A,P⟩, consisting of N agents195

N = {i}Ni=0. At step t, active agent it executes196

an action at, transitioning the system from st to197

st+1 via the transition probability P(st+1|st, at).198

This yields a trajectory τ = {st, (it, at)}Tt=0, with199

outcome Z(τ) ∈ {0, 1} (1 denotes failure).200

Failure Attribution. For a failed trajectory τ201

(Z(τ) = 1), the problem of Failure Attribution is202

to identify the specific agent-step pair (i, t) as the203

root cause of the failure. We first define the decisive204

error indicator ∆i,t(τ) = I(Z(τ̃ (i,t)) = 0), where205

τ̃ (i,t) is the counterfactual trajectory with agent i’s206

action at step t corrected. ∆i,t = 1 implies that the207

correction leads to success (Z(τ̃ (i,t)) = 0), identi-208

fying (i, t) as a decisive error, and 0 otherwise.209

Practically, a trajectory may contain multiple210

decisive errors due to error propagation. The root 211

cause is the earliest decisive error in the temporal 212

sequence (Zhang et al., 2025d): 213

(i∗, t∗) = argmin
(i,t):∆i,t(τ)=1

t (1) 214

Consequently, the objective is to construct a map- 215

ping F that accurately recovers the ground truth 216

root cause (i∗, t∗) from the raw trajectory τ . 217

4 Method 218

To resolve the complexity of MAS diagnosis, we 219

propose a causal hierarchical failure attribution 220

framework. As shown in Fig. 2, we transform 221

the attribution into a structured and divide-and- 222

conquer reasoning process via three phases: (1) 223

Hierarchical Causal Graph Construction to parse 224

flat trajectories; (2) Hierarchical Oracle-Guided 225

Backtracking to identify error candidates top-down; 226

and (3) Counterfactual Attribution to distinguish 227

root causes from propagated symptoms. 228

4.1 Hierarchical Causal Graph Construction 229

Raw MAS logs, while appearing as flat text se- 230

quences, inherently have a latent execution topol- 231

ogy. It interweaves environmental feedback, high- 232

level planning, and low-level execution, etc., all in- 233

terconnected by implicit data/control dependencies, 234

agent interactions and logical/temporal relations. 235

Since errors propagate precisely along these hid- 236

den pathways rather than linear text, we construct 237

a Hierarchical Causal Graph (HCG), denoted as 238

G = (V, E), to explicitly mirror this structure. 239

4.1.1 Hierarchical Node 240

Nodes V = Vsub ∪ Vagt abstract the trajectory into 241

semantic units at two granularities: 242

Subtask Node Sk ∈ Vsub is defined as a high- 243

level logical abstraction representing a distinct task 244

phase, characterized by the structured attributes 245

detailed in Fig. 6a. To partition the raw trajectory 246

τ into a sequence {Sk}Kk=0 that is both logically 247

sound and faithful to the execution log, we employ 248

a two-step process: 249

(1) RAG-based Task Decomposition. To ensure 250

rationality, we construct a knowledge base derived 251

from existing benchmarks (i.e., GAIA (Mialon 252

et al., 2024), AssistantBench (Yoran et al., 2024)), 253

which are populated with human-annotated step- 254

by-step solution exemplars. We leverage Retrieval- 255

Augmented Generation (RAG) to retrieve relevant 256

decomposition prototypes, using them as few-shot 257
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Figure 2: The overview of CHIEF.

prompts to guide the LLM in generating a modu-258

lar task plan. Implementation details and example259

prompts are provided in Appx. A.260

(2) Trajectory-Aligned Reflection. To prevent hallu-261

cinated task decomposition, a reflection mechanism262

verifies the alignment between the generated Sk263

and the raw log τ . Mismatched subtasks undergo264

iterative refinement to ensure the decomposition265

strictly follows the actual execution flow.266

Agent Node a ∈ Vagt is defined as an atomic267

execution unit representing a specific agent in-268

stance within a subtask. To rigorously charac-269

terize the agent’s behavior, we assign structured270

attributes to each node using the OTAR tuple:271

⟨Observation,Thought,Action,Result⟩, extended272

from the TAR schema (Bouzenia and Pradel, 2025).273

The components of these attributes are extracted274

from the raw trajectory τ via an LLM-based parser.275

We detail OTAR parsing in Appx. B and illustrate276

agent node attributes in Fig. 6b.277

4.1.2 Causal Edge Construction278

The edge set E = Esub ∪ Eagt ∪ Estep captures279

causal dependencies across three hierarchical lev-280

els. Specifically, Subtask Edges (Esub) link adjacent281

subtasks to model high-level logical progression of282

the task, while Agent Edges (Eagt) connect agent283

nodes to represent inter-agent collaboration. At284

the finest granularity, we explicitly construct Step285

Edges (Estep) by mapping data flow dependencies286

(e.g., variable references) between execution steps.287

This multi-level connectivity establishes the neces-288

sary pathways for tracing error propagation.289

We construct different edges based on the edge 290

type. Subtask and agent edges utilize Counter- 291

factual Patterns Φ, i.e., Bias(u) Φ−→ Anomaly(v), 292

linking latent upstream deviations Bias(u) to ob- 293

servable downstream errors Anomaly(v). In con- 294

trast, step edges serve as data snapshots, explicitly 295

recording the exact upstream outputs and down- 296

stream inputs. By combining them, we provide 297

comprehensive evidence for the subsequent back- 298

tracking phase. We detail the implementation in 299

Appx. C and illustrate edge attributes in Fig. 6c 300

4.2 Hierarchical Oracle-Guided Backtracking 301

To pinpoint the root cause (a∗, x∗) (agent-step pair) 302

within the graph G, we propose a two-phase strat- 303

egy comprising Subtask Virtual Oracle Synthesis 304

and Hierarchical Failure Backtracking. We first 305

synthesize a virtual oracle Ok for each subtask 306

node Sk, serving as an intermediate supervision to 307

verify execution correctness at subtask level. We 308

then execute a top-down backtracking process to 309

progressively narrow down the failure scope from 310

coarse-grained subtask to fine-grained agent steps. 311

4.2.1 Subtask Virtual Oracle Synthesis 312

For each subtask node Sk ∈ Vsub, we synthesize a 313

virtual oracle Ok serving as the ideal intermediate 314

verifier. We formalize it as a structured semantic 315

tuple: Ok = ⟨Gsub,Ppre, Ekey, Cacc⟩. Gsub defines 316

subtask’s specific Goal derived from the task in- 317

struction, while Ppre outlines the Preconditions 318

dependent on upstream outputs and environmen- 319

tal states. Furthermore, Ekey highlights the Key 320

4



Evidence that must be verified during reasoning,321

and Cacc establishes the Acceptance Criteria for322

determining subtask’s success.323

We model the synthesis of Ok as a generation324

function Fgen parameterized by an LLM:325

Ok = Fgen(I,O<k, τ>k, τs) (2)326

The inputs comprise the task instruction I, the his-327

tory of preceding oracles O<k, the subsequent un-328

processed trajectory τ>k (i.e., the remaining steps329

following the completed subtasks), and similar task330

decomposition examples τs retrieved via RAG. The331

implementation details are presented in Appx. D.332

4.2.2 Hierarchical Failure Backtracking333

Based on the causal graph and the synthesized or-334

acles, we execute a top-down backtracking proce-335

dure to progressively narrow the failure scope. This336

process identifies failure candidates at three levels:337

Subtask Level. To trace the failure source, we338

traverse subtask nodes in reverse topological order.339

For each subtask Sk, we employ an LLM-based340

semantic evaluator Feval to get binary decisions,341

by comparing its actual execution output against342

the oracle’s Goal (Gsub) and Acceptance Criteria343

(Cacc). An output of 1 signifies discrepancies, iden-344

tifying the subtask as a failure candidate:345

Csub = {Sk ∈ Vsub | Feval(Sk, ⟨Gsub, Cacc⟩) = 1}
(3)346

Agent Level. For each candidate subtask Sk ∈347

Csub, we drill down to its constituent agents. We348

apply the semantic evaluator Feval to assess the349

consistency of each agent’s (a ∈ Sk) OTAR tuple350

with the oracle’s Preconditions (Ppre) and Key Evi-351

dence (Ekey). Agents exhibiting biases (i.e., Feval352

outputting 1) are identified as candidates:353

Cagt = {a ∈ Sk | Feval(aotar, ⟨Ppre, Ekey⟩) = 1}
(4)354

Step Level. Given the candidate agent a ∈ Cagt355

within subtask Sk ∈ Csub, we perform a final356

scrutiny on its executed steps X . We employ Feval357

to verify each step x ∈ X , cross-referencing its358

actual execution details (e.g., input/output) against359

the agent’s summarized OTAR (aotar) and the sub-360

task’s oracle constraints (Ok). Steps exhibiting361

deviations (i.e., Feval outputting 1) are pinpointed362

as failure candidates:363

Cstep = {x ∈ X | Feval(x, ⟨aotar,Ok⟩) = 1}
(5)364

The detailed implementation of LLM-based seman-365

tic evaluator Feval is presented in Appx. E.366

4.3 Counterfactual Attribution 367

Having identified failure candidates, this phase 368

attributes them to their true origins. To system- 369

atically disentangle error propagation paths, we 370

employ a progressive causal screening strategy. 371

This approach distinguishes responsibility based 372

on causal scope (local vs. non-local) via Local At- 373

tribution, and dependency nature (control vs. data) 374

via Planning-Control and Data-Flow Attribution. 375

Finally, Deviation-Aware Attribution serves as a 376

validity filter, pruning transient errors that are sub- 377

sequently self-corrected. The rationale for each 378

stage follows, while technical implementation de- 379

tails are provided in Appx. F. 380

4.3.1 Local Attribution 381

This stage verifies whether the localized error orig- 382

inates at step x itself, rather than being propagated 383

from upstream. We identify the upstream causal 384

triggers Scause by applying the counterfactual pat- 385

terns Φ bound to the dependency edges: 386

Scause = {x′ ∈ Pre(x) | Bias(x′) Φ−→ Anomaly(x)}
(6) 387

Scause represents any prior steps x′ ∈ Pre(x) that 388

causally account for the current error at x. We 389

attribute the error based on this set: If Scause = 390

∅, it implies that step x received valid inputs yet 391

produced an incorrect output. Thus, we attribute 392

the root cause locally to x. If Scause ̸= ∅, the error 393

is propagated from upstream. We exclude x and 394

proceed to the Planning-Control and Data-Flow 395

stages to pinpoint the non-local source. 396

4.3.2 Planning-Control Attribution 397

If the error is determined to be non-local, we first 398

investigate control flow errors, which frequently 399

manifest as redundant cyclic behaviors. Since these 400

cycles often obscure the boundary between plan- 401

ning and execution errors, our core idea is to distin- 402

guish whether the agent attempts to adapt its plan 403

or simply fails to execute a valid plan. To decouple 404

responsibility, we aggregate the repeating sequence 405

of steps into a Loop Group and check the specific 406

rationale behind the iterative re-planning and re- 407

execution steps. We assign planner’s (orchestrator) 408

responsibility when the planner generates seman- 409

tically identical thoughts or commands despite re- 410

ceiving repeated error signals, indicating failing to 411

update the control flow. Conversely, we identify 412

executor’s responsibility when the planner actively 413

proposes valid strategy shifts (e.g., modifying tool 414
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arguments or APIs) to break the loop, yet the ex-415

ecutor consistently yields abnormal results. Fig. 12416

provides concrete examples for both failure modes.417

4.3.3 Data-Flow Attribution418

Beyond control flow, non-local errors can also prop-419

agate through data dependencies. We reconstruct420

the error propagation path using step-level data421

flow edges Estep and explicit variable references422

in OTAR tuples. We audit data consistency along423

this path, backtracking to pinpoint the specific step424

where valid upstream inputs are first corrupted into425

an abnormal result. This effectively disentangles426

the data generator (the true root cause, e.g., a hal-427

lucinated fact) from downstream data propagators428

(symptoms, e.g., calculation errors based on bad in-429

puts), ensuring attribution targets the origin rather430

than the manifestation.431

4.3.4 Deviation-Aware Attribution432

MASs often exhibit self-correcting capabilities. To433

strictly distinguish root causes from transient fluc-434

tuations, we assess the Causal Reversibility of iden-435

tified errors. For an upstream suspect step xt, we436

examine the subsequent trajectory τ>t for evidence437

of self-correction. If a later step xt+k successfully438

re-satisfies the oracle criteria (i.e., the system re-439

turns to a valid state), the initial deviation at xt440

is deemed reversible and assigned no responsibil-441

ity. Consequently, we prioritize the attribution to442

irreversible errors.443

5 Experiment Setup444

5.1 Benchmark445

Our evaluation utilizes Who&When (Zhang et al.,446

2025d), to our knowledge, currently the sole public447

benchmark for MAS failure attribution. Derived448

from general-purpose tasks in GAIA (Mialon et al.,449

2024) and AssistantBench (Yoran et al., 2024), the450

dataset comprises 184 failure logs divided into two451

subsets: (1) an algorithm-generated subset con-452

taining 126 logs from 126 diverse architectures453

created by CaptainAgent (Song et al., 2024); and454

(2) a hand-crafted subset containing 58 logs from455

the Magnetic-One (Fourney et al., 2024) system.456

Ground truth reliability is ensured through multi-457

round consensus annotation by human experts.458

5.2 Baselines459

We compare CHIEF against eight representative460

approaches categorized into four paradigms:461

Random: A lower-bound baseline that randomly 462

selects an agent and a step from the log. 463

LLM-based Prompting: We include three strategies 464

proposed in the Who&When benchmark (Zhang 465

et al., 2025d): (1) All-at-once (direct prediction), 466

(2) Step-by-step (sequential judgment), and (3) 467

Binary-search (recursive narrowing). We addition- 468

ally include ECHO (Banerjee et al., 2025), which 469

combines hierarchical context extraction with con- 470

sensus voting. Notably, ECHO utilizes hierarchy 471

primarily for static context representation and ob- 472

jective consistency checks, rather than construct a 473

causal graph for top-down backtracking. 474

Spectrum-based Method: We include FAMAS (Ge 475

et al., 2025), which works by statistically analyzing 476

variations across repeated trajectory replays. 477

Fine-tuning-based Methods: We include two 8B- 478

parameter fine-tuned models: AgenTracer (Zhang 479

et al., 2025a), trained via multi-granular rein- 480

forcement learning on counterfactual replays; and 481

GraphTracer (Zhang et al., 2025b), which utilizes 482

information dependency graphs to construct syn- 483

thetic samples for supervised attribution. 484

5.3 Evaluation Metrics 485

Following standard protocols (Zhang et al., 2025d; 486

Ge et al., 2025; Zhang et al., 2025a), we report 487

accuracy at two granularities: (1) Agent-level Ac- 488

curacy: The proportion of cases where the failure- 489

responsible agent is correctly identified. (2) Step- 490

level Accuracy: The proportion of cases where the 491

exact root cause step is correctly attributed. To mit- 492

igate randomness, all results represent the average 493

of three independent runs using a strict top-1 crite- 494

rion (i.e., the ground-truth target is ranked first). 495

5.4 Implementation Details 496

We implement CHIEF using Python 3.11. Unless 497

otherwise specified, the base LLM employed is 498

DeepSeek-V3.2 (thinking). For baselines, we prior- 499

itize official implementations with default config- 500

urations, while adopting reported results for those 501

where reproduction was hindered by version dis- 502

crepancies or randomness. Experiments were con- 503

ducted on a server with an Intel i7-10700 CPU, an 504

NVIDIA TITAN RTX GPU and 32GB RAM. 505

6 Results 506

6.1 Main Results: Baseline Comparison 507

As shown in Table 1, CHIEF demonstrates domi- 508

nant performance over 8 baselines on Who&When 509
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Table 1: Main results on the Who&When benchmark. We report agent- and step-level accuracy (%) across both
subsets. Each cell reports two values: the left corresponds to the setting w/ G, and the right corresponds to w/o G,
where G indicates access to the task ground truth (i.e., correct outcome). Best results are in bold.

Type Method Hand-Crafted Dataset Algorithm-Generated Dataset

Agent-level ↑ Step-level ↑ Agent-level ↑ Step-level ↑

Heuristic Random 12.00 / 12.00 4.20 / 4.20 29.10 / 29.10 19.10 / 19.10

LLM-based
Prompting

All-at-Once 50.00 / 48.28 5.17 / 5.17 61.11 / 59.52 13.49 / 15.87
Step-by-Step 36.00 / 34.30 6.60 / 6.90 39.70 / 28.30 27.40 / 17.80
Binary Search 51.70 / 36.20 6.90 / 6.90 44.10 / 30.10 24.00 / 16.60
ECHO 68.40 / 67.90 28.10 / 26.80 68.80 / 67.20 28.80 / 27.20

Spectrum-based FAMAS 62.07 / – 41.38 / – 55.56 / – 23.81 / –

Fine-tuning
-based

AgenTracer 69.10 / 63.82 20.70 / 20.68 69.62 / 63.73 42.90 / 37.30
GraphTracer 74.91 / 69.74 28.63 / 27.97 76.64 / 67.42 49.97 / 44.35

CHIEF (Ours) 77.59 / 72.41 29.31 / 29.31 76.80 / 68.80 52.00 / 45.60

benchmark, surpassing existing approaches in all510

metrics with only one minor exception. CHIEF511

significantly surpasses all direct prompting base-512

lines (All-at-once, Step-by-step, Binary Search).513

While ECHO benefits from hierarchical structure,514

it confines the usage of hierarchy to static context515

representation. CHIEF advances this paradigm by516

explicitly constructing a causal graph to guide top-517

down backtracking, enabling superior attribution518

accuracy. Additionally, CHIEF outperforms expen-519

sive baselines with low computational costs. While520

the spectrum-based FAMAS relies on costly replays521

to achieve the best step-level accuracy on the hand-522

crafted subset (where longer trajectories enable523

reliable statistical analysis), CHIEF’s dominance524

across all other settings proves that causal reason-525

ing is more efficient, delivering robust performance526

with zero replay cost. Similarly, fine-tuning meth-527

ods (AgenTracer, GraphTracer) incur high training528

costs and struggle with generalization, yet still fall529

short of CHIEF. This suggests that structuring flat530

logs into causal graphs unlocks LLM reasoning ca-531

pabilities more effectively than parameter updates.532

CHIEF is highly robust to the lack of ground533

truth (G). While access to G benefits all methods,534

CHIEF consistently achieves superior results under535

identical settings, excluding FAMAS’s step-level536

accuracy2. This stability is driven by our virtual537

oracle, which provides effective intermediate super-538

vision, ensuring precise attribution without heavy539

reliance on the final task outcome.540

6.2 Cost Efficiency Analysis541

To assess cost efficiency beyond accuracy, we542

present the average token consumption per fail-543

2As FAMAS only reports results with ground truth in their
paper, missing entries are denoted by – in Table 1.

Table 2: Average token cost per case on Who&When
across two subsets in w/ G setting. Lower is better.

Method Token Cost Per Case ↓

Hand-Crafted Alg.-Generated

All-at-Once 21,581 5,833
Step-by-Step 87,720 6,533
Binary Search 34,659 5,226
FAMAS 431,620 116,660
ECHO 53,701 25,642
CHIEF 55,085 19,504

ure log across different paradigms, shown in 544

Table 2. CHIEF incurs a moderate token in- 545

crease (2.5 ∼ 3×) compared to direct prompting 546

(e.g., All-at-once), maintaining comparable costs 547

to ECHO. However, this cost is justified as CHIEF 548

achieves significantly superior attribution accuracy. 549

Spectrum-based FAMAS incurs high costs due to 550

repeated replays, consuming 6 ∼ 8× more tokens 551

than CHIEF. In contrast, CHIEF employs “one- 552

pass” causal graph reasoning, bypassing costly en- 553

vironment re-interactions and drastically reducing 554

overhead. While fine-tuning methods (AgenTracer, 555

GraphTracer) might offer lower inference costs3, 556

they demand high upfront costs for error-injection 557

data generation and model fine-tuning. Conversely, 558

CHIEF delivers superior performance directly off- 559

the-shelf, bypassing the substantial overhead of the 560

fine-tuning pipeline. 561

6.3 Impact of Base LLM 562

We evaluate CHIEF’s generalizability across di- 563

verse base LLMs, spanning closed-source mod- 564

els (e.g., GPT-5.2, Claude 4.5 Sonnet, Gemini-3) 565

and open-weight models (e.g., Qwen3, Kimi-k2, 566

DeepSeek-V3.2), with results detailed in Table 3. 567

3We do not report their inference costs as the fine-tuned
models are not open-sourced.
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Table 3: Performance of CHIEF on the Who&When benchmark (w/ G) using various base LLMs. We report agent-
and step-level accuracy (%) across both subsets, noting the model’s thinking level in parentheses.

Type Base LLM Hand-Crafted Dataset Algorithm-Generated Dataset

Agent-level ↑ Step-level ↑ Agent-level ↑ Step-level ↑

Open Source
Qwen3-235B-A22B-Instruct-2507 63.79 22.41 69.04 32.53
Kimi-k2-0905-preview 67.24 24.13 68.25 42.06
Deepseek-V3.2(thinking) 77.58 29.31 76.80 52.00

Closed Source
GPT-5.2(medium) 68.96 24.13 66.67 43.65
Claude-4.5-Sonnet(standard thinking) 68.96 27.58 63.49 51.58
Gemini-3-Flash-Preview(medium) 70.68 29.31 69.84 50.79

Attribution accuracy positively correlates with568

the base LLMs’ instruction-following and reason-569

ing capabilities. The open-weight DeepSeek-V3.2,570

adopted as our default backbone, achieves the high-571

est performance across all settings. Among closed-572

source models, Gemini-3 leads on both subsets, ex-573

cept for Claude 4.5, which delivers the best step ac-574

curacy on the algorithm-generated subset. Notably,575

closed-source models like GPT-5.2 underperform576

against high-thinking open models DeepSeek-V3.2.577

This is mainly because we configured them with578

lower thinking level to save costs. Furthermore, our579

prompt design might not be optimally adapted to580

specific models. Collectively, these results demon-581

strate that CHIEF harnesses the base LLM’s ca-582

pabilities to construct precise causal graphs and583

virtual oracles, which in turn unlock the LLM’s in-584

trinsic reasoning potential for effective attribution.585

6.4 Ablation Study586

To assess the individual impact of our proposed587

components, we define three modules: M1 (Hier-588

archical Causal Graph), M2 (Hierarchical Oracle-589

Guided Backtracking), and M3 (Counterfactual At-590

tribution). Building upon M1 as the structural ba-591

sis (except the naive baseline, All-at-Once), we592

evaluate three configurations: ❶ Only M1: Uti-593

lizes the causal graph but performs attribution via594

direct prompting on graph without M2 and M3.595

❷ M1+M2: Incorporates virtual oracles for pre-596

cise top-down backtracking but excludes M3. ❸597

M1+M3: Applies counterfactual reasoning directly598

on the graph but lacks the intermediate supervision599

and search space pruning provided by M2.600

The results are presented in Table 4. First, in-601

troducing HCG (M1) alone consistently improves602

performance on the algorithm-generated subset, but603

yields mixed results on hand-crafted subset (char-604

acterized by longer trajectories): while step-level605

accuracy rises, agent-level accuracy declines com-606

pared to All-at-Once. This suggests that without607

guided reasoning (M2/M3), the dense structural608

Table 4: Ablation study of CHIEF on Who&When
benchmark in w/ G setting. We evaluate the incremental
contribution of modules (M1–M3), reporting agent- and
step-level accuracy (%) across both subsets.

CHIEF
Variants

Hand-Crafted Alg.-Generated

Agent ↑ Step ↑ Agent ↑ Step ↑

All-at-Once 50.00 5.17 61.11 13.49
Only M1 37.93 18.96 66.66 24.60
M1+M2 51.72 22.41 61.11 34.12
M1+M3 50.00 22.41 65.07 26.98
CHIEF 77.59 29.31 76.80 52.00

information induces cognitive overload, hindering 609

the LLM from effectively exploiting the graph. Sec- 610

ond, incorporating M1 with either M2 or M3 re- 611

covers performance. M1+M2 enables precise back- 612

tracking but risks confusing symptoms with root 613

causes due to the lack of causal attribution. Con- 614

versely, M1+M3 applies counterfactual reasoning 615

but suffers from the absence of oracle-guided prun- 616

ing, only relying on raw intuition to scan the entire 617

graph. Third, the full version of CHIEF achieves 618

superior accuracy across all metrics, demonstrat- 619

ing the complementary role of each module. M1 620

provides the structural foundation, M2 efficiently 621

narrows the search space via top-down backtrack- 622

ing, and M3 rigorously verifies the root cause via 623

counterfactual analysis. This holistic integration is 624

indispensable for precise attribution within lengthy 625

and unstructured MAS trajectories. 626

7 Conclusion 627

This paper presents CHIEF, a Causal HIErarchical 628

Failure attribution framework for LLM-based 629

MASs. By reconstructing flat logs into a hierarchi- 630

cal causal graph, CHIEF enables efficient top-down 631

attribution via virtual oracle–guided backtracking 632

and counterfactual reasoning. Extensive experi- 633

ments on Who&When benchmark demonstrate that 634

CHIEF outperforms eight baselines on both agent- 635

and step-level accuracy. These results highlight the 636

importance of causal structure for effective failure 637

attribution in lengthy and unstructured MAS logs. 638
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Limitations639

A primary limitation is that the effectiveness of640

CHIEF relies on the fidelity of the hierarchical641

causal graph and virtual oracles. Upstream inac-642

curacies (e.g., hallucinated edges) may propagate643

to the final diagnosis. Additionally, our evaluation644

is currently limited to the Who&When benchmark,645

the sole public dataset available, necessitating fu-646

ture validation on broader systems. However, the647

performance advantage over eight representative648

baselines on this benchmark substantially alleviates649

these threats. Second, CHIEF focuses on identi-650

fying single decisive root cause, aligning with the651

assumption in Who&When benchmark. Whether652

our method works for cumulative error propaga-653

tion, where failure results from a sequence of minor654

deviations rather than a single catastrophic error,655

remains to be verified in future studies.656
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A Details for RAG-based Task777

Decomposition778

We detail the RAG component for task decompo-779

sition. We retrieve semantically similar exemplars780

from a reference knowledge base and inject them781

into the prompt as decomposition prototypes to782

encourage verifiable subtask stages.783

The knowledge base is built from two public784

datasets: (1) GAIA, from which we utilize all 165785

available instances that provides explicit step anno-786

tations (Steps) used as decomposition templates;787

(2) AssistantBench, from which we select 33 high-788

quality instances whose explanation fields con-789

tain rich implicit sub-goals and verification trails790

to serve as decomposition guidelines. During re-791

trieval, we employ a fixed number of 2 exemplars792

for both the initial retrieval stage and the final793

prompt insertion. We compute cosine similarity794

over embeddings to identify relevant entries, while795

excluding any knowledge base instances originat-796

ing from the current evaluation task to prevent data797

contamination.798

Knowledge Base Construction. To construct 799

a unified knowledge base, we normalize entries 800

from the GAIA and AssistantBench datasets into 801

a retrievable plain-text format. Specifically, each 802

GAIA entry is formed by concatenating the ques- 803

tion (Question) with its reasoning steps (Steps), 804

while each AssistantBench entry combines the task 805

description (Task) with its detailed explanation (Ex- 806

planation). This consistent text format facilitates 807

efficient retrieval and utilization, as illustrated in 808

Figure 3. 809

Retrieved Example. These retrieved exemplars il- 810

lustrate different stylistic conventions in presenting 811

tasks and their reasoning processes across bench- 812

marks. The exemplar from AssistantBench uses 813

a "Task" field for the main query followed by an 814

"Explanation" field, where the reasoning implicitly 815

incorporates sub-task decomposition and tool us- 816

age suggestions. In contrast, the GAIA exemplar 817

employs a "Question" field for the task description 818

and explicitly lists numbered "Steps" to delineate 819

the sub-tasks in a structured, sequential manner. 820

Such variations in format help the model adapt to 821

diverse ways of structuring prompts and reasoning 822

traces.Retrieved exemplars are shown in Figure 4. 823

Full Prompt. The prompt is designed to guide the 824

LLM in performing RAG-based task decomposi- 825

tion by incorporating the original question, ground 826

truth, multi-agent conversation history, and re- 827

trieved reference exemplars, thereby ensuring that 828

the generated subtasks are both semantically mean- 829

ingful and faithful to the actual execution trajectory. 830

It further enforces a structured self-reflection pro- 831

cess—consisting of draft optimization, evidence 832

alignment, and final optimization.The full prompt 833

template is provided in Figure 5. 834

B Prompt for OTAR Parsing 835

The prompt is designed to guide the LLM in pars- 836

ing multi-agent execution traces into structured 837

OTAR (Observation, Thought, Action, Result) tu- 838

ples for each agent within predefined subtasks, 839

thereby enabling a rigorous characterization of 840

agent behaviors that extends the original TAR 841

schema. It enforces a strict output format that 842

requires exact matching of subtask names, iden- 843

tification of active agents in each subtask’s step 844

range, and detailed breakdown of their Observa- 845

tion, Thought, Action, and Result components 846

directly extracted from the conversation history. 847

The prompt itself employs a highly constrained, 848
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- GAIA entry format: {Question} + {Steps}
- AssistantBench entry format: {Task} + {Explanation}

Figure 3: Knowledge Base construction description and formatting.

[Injected exemplar 1]
Source: AssistantBench
Task: Which gyms (not including gymnastics centers) in West Virginia are within 5 miles (by

car) of the Mothman Museum?
Explanation: You can use Google Maps to find the Mothman Museum and then search nearby gyms

within 5 miles, ...

[Injected exemplar 2]
Source: GAIA
Question: A 5-man group made up of one tank, one healer, and three DPS is doing a dungeon

...
Steps: 1. Searched "WoW classes" on Google. 2. Opened ... 3. Identified the relevant

classes ... 4. Listed the classes in alphabetical order ...

Figure 4: Retrieved exemplars injected into the prompt

template-driven structure with clear sectional di-849

rectives to ensure consistent and parseable OTAR850

annotations across all subtasks.The prompt tem-851

plate for OTAR parsing is provided in Figure 7.852

C Prompt for Edge Construction853

Subtask & Agent Edge Prompt. To construct the854

structured dependencies for the multi-level causal855

graph, this prompt is specifically designed to gen-856

erate Subtask Edges and Agent Edges. Its core857

mechanism lies in defining specific edge types and858

Counterfactual Patterns, explicitly delineating the859

logical progression between subtasks and the col-860

laboration and error propagation pathways among861

agents within a subtask. The prompt template for862

subtask & agent edge construction is provided in863

Figure 8.864

Step Edge Prompt.To complement the abstract865

causal patterns with concrete data evidence, this866

prompt is specifically designed to construct Step867

Edges. Its core mechanism lies in strictly matching868

the output data from upstream steps with the in-869

put data of downstream steps, explicitly capturing870

the concrete data flow between execution steps to871

provide definitive evidence trails for causal back-872

tracking. The prompt template for step edge con-873

struction is provided in Figure 9.874

D Prompt for Oracle Synthesis875

To generate the intermediate supervision signals876

for hierarchical backtracking, this prompt is specif-877

ically designed to synthesize Subtask Virtual Or-878

acles. Its core mechanism is to leverage the con-879

straints from previously generated oracles and the880

context of subsequent unprocessed trajectories,881

employing sequential generation and global self-882

checking to construct structured and internally con- 883

sistent verification criteria for each subtask. The 884

prompt template for oracle synthesis is provided in 885

Figure 10. 886

E Prompt for Hierarchical Backtracking 887

To achieve fault localization from coarse to fine 888

granularity, this prompt is specifically designed to 889

perform Hierarchical Backtracking. Its core mecha- 890

nism is to sequentially conduct semantic evaluation 891

and comparison at three levels (subtask, agent, and 892

step) by leveraging the causal graph and virtual or- 893

acles, progressively narrowing down the candidate 894

error nodes to pinpoint the root cause. The prompt 895

template for hierarchical backtracking is provided 896

in Figure 11. 897

F Details for Counterfactual Attribution 898

This appendix provides two illustrative examples 899

for Planning-Control Attribution. Both examples 900

exhibit cyclic failures, but the responsibility differs: 901

one is attributed to the planner (no meaningful strat- 902

egy update), and the other to the executor (valid 903

strategy shifts but abnormal execution). 904

In Fig. 12a, at step 4 the planner issues a correct 905

intent: to query the information about version v2. 906

WebSurfer subsequently retrieves the critical evi- 907

dence that v1 has been deprecated and provides a 908

link to v2. Under a correct control flow, the plan- 909

ner should then instruct the executor to follow the 910

v2 link. However, at step 6 the planner remains 911

fixated on v1 and generates a deviated instruction 912

to continue searching around v1, which drives the 913

trajectory into cyclic behavior and yields multiple 914

subsequent loop groups. Across these repetitions, 915

despite receiving repeated failure signals, the plan- 916
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You are an AI assistant tasked with analyzing a multi-agent conversation history when
solving a real-world problem.

The problem is: {question}
The correct answer for the problem is: {ground_truth}
Here is the conversation in JSON format: {history_text}
There are total {len(history_text)} steps, each entry provides the agent output and its

role.
Here is the retrieved reference example: {rag_text}
Based on this conversation and retrieved example, please decompose the reasoning into

semantic subtasks.
You must perform a self-reflection process to optimize your decomposition:
1. Draft Optimization: propose an initial set of subtasks.
2. Evidence Alignment: ensure each subtask's step range aligns with the dialogue.
3. Final Optimization: ensure step ranges are continuous, cover all steps, and do NOT

overlap.

Figure 5: Prompt for RAG-based task decomposition.

(a) Subtask node. (b) Agent node. (c) Edges.

Figure 6: An example of hierarchical causal graph.

ner continues to emit semantically equivalent “ex-917

plore v1” thoughts or commands, indicating a lack918

of effective strategy update. Eventually, WebSurfer919

is forced to produce an incorrect answer grounded920

in v1. Therefore, this case satisfies our criterion of921

persisting with a failed approach under failure feed-922

back, and we attribute the root cause to Planner923

Responsibility.924

In Fig. 12b, at step 10 the planner explicitly is-925

sues a query instruction and emphasizes the full926

set of constraints: “24-hour + self-service print-927

ing + the target area.” Yet at step 11, WebSurfer928

ignores the “self-service” constraint and returns929

an invalid candidate. In response, at step 12 the930

planner identifies the omission and reasserts the931

constraints; nevertheless, at step 13 WebSurfer re-932

peats a similar execution deviation, pushing the933

trajectory into another loop and forming multiple934

loop groups. Unlike Figure 12a, the planner re-935

peatedly detects the error and proposes reasonable936

strategy shifts intended to break the loop, while the 937

executor persistently ignores or misinterprets parts 938

of the constraints and thus keeps producing abnor- 939

mal results. Hence, this case matches our criterion 940

of valid planning but abnormal execution, and we 941

attribute the root cause to Executor Responsibility. 942

Moreover, the prompt template for counterfac- 943

tual attribution systematically integrates four core 944

attribution strategies: it first employs Local Attribu- 945

tion to determine if the error originates locally. If 946

not, it then utilizes Planning-Control Attribution to 947

dissect responsibility within cyclic behaviors, and 948

Data-Flow Attribution to trace back to the source 949

of data corruption. Finally, Deviation-Aware Attri- 950

bution acts as a validity filter to dismiss transient 951

deviations that are later self-corrected by the sys- 952

tem. The full prompt template for counterfactual 953

attribution is provided in Figure 13. 954
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You are an AI assistant tasked with analyzing multi-agent execution traces.
The problem is: {question}
The correct answer for the problem is: {ground_truth}
Here is the conversation in JSON format: {history_text}
There are total {len(history_text)} steps, each entry provides the output of the agent and

its role.
Below are the subtasks: {subtasks_text}
Your job:
1. For each subtask, identify the agents that actively perform actions within its

step_range.
2. Summarize each agent's behavior into Action / Observation / Thought / Result.
For EACH subtask, you MUST answer in the following strict format:
The Subtask Name: (must exactly match one of the given subtask names)
Agents:
- Agent: <agent_name>
-- Action: <what this agent did>
-- Observation: <what they saw>
-- Thought: <their reasoning>
-- Result: <their output>
(repeat '- Agent' blocks if multiple agents in this subtask)

Figure 7: Prompt for OTAR parsing.

You are an expert in causal reasoning and multi-agent task analysis.
The problem is: {question}
The correct answer for the problem is: {ground_truth}
Here is the conversation in JSON format: {history_text}
There are total {len(history_text)} steps, each entry provides the output of the agent and

its role.
Below are the subtasks with their agents: {subtasks_agents_text}
Your job:
1. Construct causal edges ONLY for consecutive subtask pairs: (S1->S2), (S2->S3), ...

(subtask-subtask edges)
2. For each subtask, construct causal edges BETWEEN agents inside this subtask only (no

cross-subtask agent edges)
3. Use the agent-level DAG to describe how observations, reasoning, and decisions flow from

one agent to another
For EACH subtask-subtask edge (consecutive pairs) and EACH agent-agent edge (per subtask),
you MUST output ONE block in the following exact format:
From: <upstream subtask id (e.g., S1) or upstream agent name>
To: <downstream subtask id (e.g., S2) or downstream agent name>
Type: <subtask edge type: data_dependency / logical_prereq; or agent edge type:

obs_dependency / reasoning_continuation / decision_dependency / environment_feedback /
memory_ref / loop_control>

Counterfactual_Patterns:
- Bias: ...
Anomaly: ...

Guidelines:
- You may output zero, one, or multiple Failure Modes items for each edge
- Output all subtask edges first, then agent edges by subtask
Additional Guidelines for Counterfactual Pattern Construction:
1. Counterfactual patterns must correspond to 4 attribution scenarios: Local (whether the

error of the current edge is caused by itself), Planning-Control (planner/executor
responsibility in control flow/loops), Data-Flow (the starting point of data corruption
in data streams), and Deviation-Aware (whether the deviation is reversible).

2. For Subtask/Agent edges, explicitly bind the potential bias of the upstream node (Bias)
to the observable anomaly of the downstream node (Anomaly), e.g., "If the Thought of
the upstream Agent has hallucinations (Bias), the Result of the downstream Agent will
have data errors (Anomaly)".

3. When constructing Planning-Control counterfactuals, distinguish between planner
responsibility (repeating failed strategies) and executor responsibility (execution
anomalies under valid strategies).

4. When constructing Data-Flow counterfactuals, associate the consistency corruption node
of specific data items.

5. When constructing Deviation-Aware counterfactuals, mark whether the deviation is
reversible (whether subsequent steps self-correct).

Figure 8: Prompt for subtask & agent edge construction.
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You are an AI assistant tasked with analyzing multi-agent execution traces.
The problem is: {question}
The correct answer for the problem is: {ground_truth}
Here is the conversation in JSON format: {history_text}
There are total {len(history_text)} steps, each entry provides the output of the agent and

its role.
Below are the subtasks: {subtasks_text}
Your job:
1. Identify step-level edges (meaningful data passing between steps)
2. For each step edge, identify the upstream step (data producer) and downstream step (data

consumer)
You MUST answer in the following strict format:
- Upstream: <integer step id where the data is produced>
output_data: "short description of the data (e.g., 'distance=30' or 'parsed_goal')"
data_type: "text/numeric/list/boolean"
step_id: <step id in the upstream step>
agent_id: <agent id in the upstream step>

- Downstream: <integer step id where the data is used>
input_data: "short description of the data (e.g., 'distance=30' or 'parsed_goal')"
data_type: "text/numeric/list/boolean"
step_id: <step id in the downstream step>
agent_id: <agent id in the downstream step>

Guidelines:
- Step Edges should capture meaningful data passing from upstream to downstream step
- You may output zero, one, or multiple Step Edges items

Figure 9: Prompt for step edge construction.

You are an AI assistant tasked with synthesizing a complete set of Subtask Virtual Oracles
for hierarchical failure diagnosis in a multi-agent trajectory.

The problem is: {question}
The correct answer for the problem is: {ground_truth}
Here is the conversation in JSON format: {history_text}
There are total {len(history_text)} steps, each entry provides the output of the agent and

its role.
Here is the retrieved reference example: {rag_text}
Given subtask plan produced by the decomposition stage: {subtasks}
Your goal: Generate ALL virtual oracles for ALL subtasks.
IMPORTANT thinking rule:
- You must synthesize oracles in subtask order: k = 1..K.
- While generating the oracle for the current subtask, treat all previously generated

oracles as "previous oracle constraints" (internal memory). Use them to ensure
consistency, avoid contradictions, and define valid preconditions.

You MUST perform a self-check process:
1) Draft All Oracles (sequential):

- For k=1..K, draft the oracle using the Problem, the retrieved reference example, the
subsequent unprocessed trajectory, and the previously generated oracle constraints.

2) Global Consistency Check:
- No oracle contradicts the problem instruction or earlier oracles.
- Precondition must only depend on information that is available before or at the
beginning of this subtask (i.e., upstream outputs, environment states, or outcomes
implied by earlier oracles).
- Key Evidence must include only essential evidence that should be checked during this
subtask.
- Acceptance Criteria must be checkable after execution and falsifiable.

3) Finalize All Oracles.

Output format:
For each subtask, output exactly the following block, repeated K times in order:
-Subtask Name: <copy exactly from subtask plan>
-Oracle:
Goal: <what this subtask should achieve>
Precondition: <each item must reference upstream outputs/environment states only>
Key Evidence: <critical facts/claims/tool-return fields/intermediate quantities to verify>
Acceptance Criteria: <checkable post-hoc; define pass/fail>

Figure 10: Prompt for Oracle Synthesis.
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You are an AI assistant tasked with analyzing a multi-agent conversation solving a
real-world problem and performing hierarchical failure backtracking.

The problem is: {question}
The correct answer for the problem is: {ground_truth}
Here is the conversation in JSON format: {history_text}
There are total {len(history_text)} steps, each entry provides the output of the agent and

its role.
Here is the causal graph describing the hierarchical reasoning structure:{graph}
Your job :
1) Subtask-level backtracking:
- Traverse subtasks in reverse topological order according to the subtask edges in the
graph.For each subtask, determine its actual execution output from the conversation
slice within its step range.Compare the actual execution output against this subtask's
oracle Goal and Acceptance Criteria.Internally make a binary discrepancy decision
(0/1). If discrepancy=1, include this subtask in the candidate error subtasks set.

2) Agent-level backtracking:
- For each candidate subtask, evaluate each constituent agent.Compare the agent OTAR
against the oracle Preconditions and Key Evidence of that subtask.Internally make a
binary discrepancy decision (0/1). If discrepancy=1, include this agent in the
candidate error agents set.

3) Step-level backtracking:
- For each candidate agent within a candidate subtask, evaluate its executed steps in
that subtask.

- For each step, extract concrete execution details (prioritize tool input/output,
intermediate computed values, cited facts, or explicit variable references).

- Cross-check the step's execution details against:
(i) the agent's OTAR summary
(ii) the full oracle checklist of this subtask (Goal, Preconditions, Key Evidence,
Acceptance Criteria).

- Internally make a binary discrepancy decision (0/1). If discrepancy=1, include this
step as a candidate error step.

Now, please strictly follow this output format:
Candidate Error Subtasks: [Id1, Id2, ...]
Candidate Error Agents: [agent1, agent2, ...]
Candidate Error Steps: [step_Id1, step_Id2, ...]

Figure 11: Prompt for hierarchical backtracking.

(a) An example of blaming the planner. (b) An example of blaming the executor.

Figure 12: Examples of Planning-Control Attribution .
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You are an AI assistant tasked with analyzing a multi-agent conversation solving a
real-world problem and performing counterfactual failure attribution.

The problem is: {question}
The correct answer for the problem is: {ground_truth}
Here is the multi-agent conversation: {history_text}
There are total {len(history_text)} steps, each entry provides an agent's output.
Here is the structured candidate_set: {candidate_set}

Here is the graph: {dag_graph}

Your job is to identify the SINGLE most responsible reasoning mistake that directly leads
to the wrong final result.

You MUST follow this internal reasoning procedure over the candidate_error_steps :

Stage A Local Attribution (local vs upstream propagation):
- For each candidate step x:
- Use the graph's predecessor relations and edge-attached counterfactual patterns to
judge whether there exists any upstream step that can causally explain the anomaly at x
under the oracle constraints.

- If no upstream causal trigger can explain x AND x received valid inputs yet produced an
incorrect output, treat x as a strong local-origin root-cause candidate.

Stage B Planning-Control Attribution (control / loop responsibility):
- Use loop information from the graph (e.g., loop groups and entry/internal/exit roles) to

analyze whether the failure is caused by redundant cyclic behavior.
- Distinguish planner vs executor responsibility:
- Planner responsibility: despite repeated error signals, the planner repeats
semantically identical thoughts/commands and fails to adapt strategy.

- Executor responsibility: the planner proposes valid strategy shifts, yet execution
still yields abnormal results.

Stage C Data-Flow Attribution (data dependency responsibility):
- Use data-flow information in the graph to trace how key data items are produced and

consumed.
- Decide whether the candidate step:
- fabricates data (no upstream basis),
- misinterprets upstream data,
- misuses otherwise correct data.

- If the error propagates via data, prefer attributing responsibility to the earliest step
where valid upstream inputs are first corrupted into an abnormal result .

Stage D Final Screening (Reversibility and Irrecoverability):
- Deviation-aware filter (reversibility): Check whether the deviation introduced by a

candidate step is later self-corrected such that oracle constraints are re-satisfied
(system returns to a valid state). If the deviation is reversible (self-corrected
later), assign it minimal responsibility compared to irreversible deviations.

- Irrecoverability tie-break (first point blocking recovery): Prefer the candidate step
that first makes it hard or impossible to restore the correct reasoning path through
conventional means, rather than the earliest deviation.

Final decision rule;
- Select ONE step that best satisfies: (1) true origin (local-origin or earliest data

corruption) AND (2) passes Final Screening (irreversible and/or first irrecoverable
point) AND (3) strongest downstream impact / irrecoverability.

- After deciding the single most responsible step:
- Determine the agent name at that step (from candidate_set and conversation context).
- Determine the exact step index (step_id).
- Provide a concise explanation (2-3 sentences) that explicitly mentions which
attribution stages (Local / Planning-Control / Data-Flow / Final Screening) support
this choice.

Now, please answer in this exact plain text format:
Agent Name: (your final prediction, a single agent name)
Step Number: (your final prediction, a single integer step id)
Reason for Mistake: (your explanation, summarize in 2-3 sentences)
No special symbols, no extra commentary.

Figure 13: Prompt for counterfactual attribution.
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