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Abstract001

Real-world multi-hop QA is naturally linked002
with ambiguity, where a single query can trig-003
ger multiple reasoning paths that require inde-004
pendent resolution. Since ambiguity can oc-005
cur at any stage, models must navigate lay-006
ered uncertainty throughout the entire reason-007
ing chain. Despite its prevalence in real-world008
user queries, previous benchmarks have primar-009
ily focused on single-hop ambiguity, leaving010
the complex interaction between multi-step in-011
ference and layered ambiguity underexplored.012
In this paper, we introduce MARCH, a bench-013
mark for their intersection, with 2,209 multi-014
hop ambiguous questions curated via multi-015
LLM verification and validated by human anno-016
tation with strong agreement. Our experiments017
reveal that even state-of-the-art models strug-018
gle with MARCH, confirming that combining019
ambiguity resolution with multi-step reason-020
ing is a significant challenge. To address this,021
we propose CLARION, a two-stage agentic022
framework that explicitly decouples ambiguity023
planning from evidence-driven reasoning, sig-024
nificantly outperforms existing approaches, and025
paves the way for robust reasoning systems.026

1 Introduction027

Multi-hop Question Answering (QA) presents a028

significant reasoning challenge, requiring models029

to construct logical chains by connecting disparate030

pieces of information scattered across multiple doc-031

uments (Trivedi et al., 2022; Yang et al., 2018; Ho032

et al., 2020b). Ambiguity in QA can further compli-033

cate this process, as a single query may stem from034

polysemous terms or insufficient context, demand-035

ing clarification or interpretation before an answer036

can be derived (Min et al., 2020). The intersec-037

tion of these two challenges—multi-hop reasoning038

and ambiguity—creates a uniquely difficult setting039

where uncertainty scales exponentially. In multi-040

hop ambiguous QA, ambiguity can emerge at any041

step of the reasoning chain, often remaining latent042

Question: What is the best-selling pickup historically sold by the 
company that manufactures the 'Mustang'?

...The Ford Mustang is a 
series of American 

automobiles manufactured 
by Ford Motor Company. 

Sub Question 2 

“Mustang” = Car “Mustang” = Guitar

Which company manufactures 
the Mustang car? 

(Ford Motor Company)

Missing  
Answer 

The company is Fender, 
and their most 

famous pickup design 
is the Single-Coil Pickup 

(used in Stratocasters 
and Telecasters).

...The Fender Mustang is a solid 
body electric guitar produced 

by the Fender Musical 
Instruments Corporation.

The company is Ford, and 
their best-selling pickup

is the F-Series
(specifically the F-150), 

which has been the 
best-selling vehicle 

in the US for decades.

Sub Question 1 
Which company manufactures the 

Mustang guitar? 
(Fender Musical Instruments)

What is the best-selling pickup
truck model produced by Ford?

What is the most famous type of 
magnetic pickup produced by Fender?

LLM 

Sub Question 1 

Sub Question 2 

Figure 1: An example of multi-hop ambiguity QA. The
ambiguity of the second hop ("pickup") is latent; it is
only detectable if the alternative interpretation of the
first hop ("Mustang" as guitar) is preserved.

until prior steps are resolved. This interdependence 043

means that errors in resolving early-stage ambi- 044

guity propagate downstream, causing models to 045

prematurely commit to incorrect reasoning paths 046

and producing incomplete or flawed answers. 047

Figure 1 illustrates the challenge of multi-hop 048

ambiguous QA. In “What is the best-selling pickup 049

historically sold by the company that manufactures 050

the ‘Mustang’?”, ambiguity arises from the inter- 051

action of Mustang and pickup. Because pickup 052

is polysemous (truck vs. guitar component), the 053

second-hop ambiguity is latent and only surfaces 054

if we keep both Mustang interpretations. Current 055

LLMs often commit early to the car reading and 056

prune the valid guitar→magnetic-pickup branch. 057

We observe that this layered ambiguity is not a rare 058

edge case. An analysis of real-world user queries 059

from the lmsys-chat-1m corpus (Zheng et al., 2024) 060

(Figure 2, top) reveals that 48.4% of questions are 061

ambiguous, 17.7% involve multi-hop reasoning, 062

and 13.3% overlap. Despite this prevalence, empir- 063
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Single-hop Multi-hop Total

Ambiguous 1010
(48.4%)

277
(13.3%)

1287
(61.7%)

Non-ambig 428
(20.5%)

370
(17.7%)

798
(38.3%)

Total 1438
(69.0%)

647
(31.0%)

2085
(100%)
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Figure 2: Multi-hop ambiguity prevalence (top) and
performance drops (bottom).

ical results (Figure 2, bottom) show that datasets064

like MuSiQue (Multi-hop) (Trivedi et al., 2022)065

and ASQA (Ambiguous) (Stelmakh et al., 2022)066

suffer substantial performance drops when these067

features intersect. This underscores the need for068

benchmarks that specifically test the ability to hold069

multiple reasoning paths in superposition.070

To address this, we introduce Multi-hop071

Ambiguity Reasoning CHain (MARCH), a bench-072

mark designed to evaluate this intersection of073

ambiguity interpretation and multi-step inference.074

MARCH contains 2,209 ambiguous multi-hop075

questions derived from MuSiQue, each paired with076

type-specific clarified questions (covering multi-077

ple interpretations), interpretation-grounded short078

answers, supporting evidence passages, and a syn-079

thesized long answer. We construct MARCH from080

MuSiQue through a rigorous pipeline involving081

multi-LLM verification to ensure quality. To ad-082

dress concerns about LLM-generated data quality,083

we validate a stratified sample with five human084

annotators, confirming high long-answer validity085

(over 90% integrate all interpretations) and strong086

inter-annotator agreement (Fleiss’ κ up to 0.95).087

Our experiments with MARCH reveal that even088

state-of-the-art models struggle to resolve these089

layered ambiguities, often producing incomplete or090

one-sided answers.091

To overcome this, we propose CLARION092

(CLarifying Ambiguity with a Reasoning and093

InstructiON), a two-stage agentic framework that094

decouples ambiguity planning from evidence re-095

trieval. By explicitly mapping out diverging in-096

terpretations via a Planning Agent before acting,097

CLARION prevents the premature pruning of la-098

Type
(LLM Action)

Definition & Typical Cues

Semantic
(Interpret)

Homonyms/aliases or entity-name collisions (one name,
multiple entities); cues: homonyms/aliases, acronym
collisions, entity-name clashes.

Syntactic
(Resolve)

Multiple valid parses of the same query; cues: pronouns,
ellipsis, PP attachment, coordination, quantifier scope.

Constraint
(Generalize)

Over-specific query where a broader related query better
matches intent; cues: comparatives/superlatives, vague
heads, “overview vs. details”.

Table 1: Taxonomy of multi-hop ambiguity in QA,
paired with an LLM action and typical detection cues.

tent branches. Empirical results demonstrate that 099

CLARION significantly outperforms standard base- 100

lines, validating the necessity of separating ambi- 101

guity resolution from the retrieval loop. To isolate 102

the source of difficulty, we also run the baselines 103

on single-hop ambiguity and standard multi-hop 104

datasets, where modern baselines are often reason- 105

ably capable in each setting alone. We then see 106

this capability fail on MARCH, where early inter- 107

pretation choices lock in bridge entities and make 108

ambiguity latent and path-dependent across hops. 109

2 Multi-Hop Ambiguous QA 110

We define multi-hop ambiguous QA as a task where 111

a single input query triggers multiple valid reason- 112

ing chains, requiring the system to resolve uncer- 113

tainties that determine the trajectory of multi-step 114

inference. In multi-hop ambiguous QA, each valid 115

interpretation dictates a unique sequence of inter- 116

mediate decomposition steps (e.g., identifying dif- 117

ferent bridge entities), which in turn necessitates 118

retrieving disjoint sets of evidence documents. Con- 119

sequently, failing to resolve ambiguity at the initial 120

or intermediate hops leads to a cascading failure, 121

where the reasoning agent pursues an irrelevant 122

trajectory and cannot recover the correct final an- 123

swer. To systematically analyze these challenges, 124

we extend the standard ambiguity taxonomy to the 125

multi-hop setting. Following prior ambiguity defi- 126

nitions (Tang et al., 2025; Tanjim et al., 2025), we 127

extend the taxonomy to multi-hop QA and group 128

ambiguous questions into three types—semantic, 129

syntactic, and constraint (Table 1). 130

Multi-hop Semantic Ambiguity (Entity-Driven 131

Divergence). Semantic ambiguity arises when a 132

mention can map to multiple entities/concepts (e.g., 133

homonymy/entity collision), yielding disjoint evi- 134

dence trails; choosing the wrong entity invalidates 135

downstream hops. For the example in Figure 1: 136

“What is the best-selling pickup sold by the manufac- 137

turer of the ‘Mustang’?” branches by the bridge 138
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Which specific movie adaptation did 
Stephen King hate, and who is the 

director of that movie?

Who is the director of the 
movie adaptation of the 

book that Stephen King hated?

Multi-LLM

Step 1: Detecting Ambiguous Questions
& Generating Clarifying Questions

Step 2: Collecting Documents Step 3: Generating Short & Long Answers

Y Y Y Y

Syntactic Ambiguity DetectionIs_ambiguous? (Y / N)

LLM 

Clarifying Questions Generation

LLM 

Which book did Stephen King hate, 
and who is the director of the movie 

adaptation of that book?

𝑪𝑸𝟏

𝑪𝑸𝟐

Which book did Stephen King 
hate, and who is the director of

the movie adaptation of that book?

Which specific movie adaptation 
did Stephen King hate, and 

who is the director of that movie?

Question Decomposition
2-hop 𝑪𝑸𝟏 𝑪𝑸𝟐

Evidence Retrieval

… …

Rerank with CQs 

… …

Which book did Stephen 
King hate, and who is the 

director of the movie 
adaptation of that book?

Which specific movie 
adaptation did Stephen 
King hate, and who is the 

director of that movie?

𝑪𝑸𝟏 𝑪𝑸𝟐 Short Answer Generation

Retrieved Documents

Reranked Documents

(Short Answer, Supporting Passage)

Stanley Kubrick 
(Director of The Shining)

Catherine Hardwicke 
(Director of Twilight)

Long Answer Generation

The answer depends on the interpretation of the 
query. If Stephen King hated the movie adaptation, 

the director is Stanley Kubrick (The Shining). 
However, if he hated the original book, the 
director is Catherine Hardwicke (Twilight).

User Question

Step 4: Filtering

MARCH
(Raw)

MARCH
(High Quality)

Filter with Human and LLMs

Which book did 
Stephen King 

hate?

Who directed 
the movie 

adaptation of 
‘Twilight’?

Who is the 
director of ‘The 

Shining’?

Which movie 
adaptation did 
Stephen King 

hate?

Figure 3: Overview of the four-stage MARCH dataset construction pipeline.

entity: Car: Mustang→Ford→vehicle sales→F-139

Series vs. Guitar: Mustang→Fender→pickup140

types→Single-coil. Thus, the system must INTER-141

PRET the mention to select the intended bridge.142

Multi-hop Syntactic Ambiguity (Structure-143

Driven Branching). Syntactic ambiguity occurs144

when multiple valid parses induce different inter-145

hop dependencies, changing which intermediate146

evidence is needed. For “What is the model of147

the telescope the detective saw the suspect with?”,148

Instrumental: detective used the telescope→find149

equipment→model vs. Attributive: suspect had150

the telescope→find possession→model. The sys-151

tem must RESOLVE the parse to construct the cor-152

rect decomposition plan.153

Multi-hop Constraint Ambiguity (Scope-Driven154

Pruning). Constraint ambiguity occurs when155

an over-specific modifier is unnecessary or mis-156

matched with how evidence is written, caus-157

ing a valid chain to be pruned early. Exam-158

ple: “What is the capital of the country where159

the highest mountain in Europe is located?” Many160

sources disagree on whether the highest mountain161

in Europe is Mount Elbrus (Caucasus) or Mont162

Blanc (Alps), and some pages simply say “Europe’s163

highest mountain” without committing. If the sys-164

tem enforces the modifier literally, it may retrieve165

only one interpretation and miss the other. A robust166

strategy is to GENERALIZE (relax) the constraint167

(e.g., consider both candidates) and then verify the168

remaining hop (country → capital). For more de-169

tails for this taxonomy, see Appendix I.170

3 MARCH: A Benchmark for Multi-Hop171

Ambiguous QA172

We introduce MARCH, a benchmark designed to173

evaluate ambiguity resolution and multi-hop rea-174

soning in question answering jointly. We process 175

ambiguous questions from MuSiQue through four 176

stages to build MARCH: (1) Ambiguity detection 177

and clarification; (2) Document collection; (3) Gen- 178

eration of short answers for each interpretation and 179

a long answer; and (4) Filtering, as in Figure 3. 180

3.1 Dataset Construction 181

We build MARCH from MuSiQue’s validation 182

set and a subset of its training set. Unlike other 183

multi-hop benchmarks (Zhu et al., 2024; He et al., 184

2024) that are narrow in domain or inflate hops 185

with list-style questions (e.g., top-5), MuSiQue 186

enforces connected, dependency-linked reasoning 187

across diverse domains. We first filter out ques- 188

tions from MusiQue that lack ambiguity and re- 189

tain only those judged as ambiguous by our multi- 190

stage pipeline. Let Qbase be the set of base multi- 191

hop questions. We consider three ambiguity types 192

T = {Semantic, Syntactic,Constraint}. We use a 193

set of off-the-shelf LLMs as detectors; for a ques- 194

tion q ∈ Qbase, type t ∈ T , and detector m, let 195

ym,t(q) ∈ {0, 1} denote whether q is judged am- 196

biguous of type t. 197

Step 1. Detecting Ambiguous Questions & Gen- 198

erating Clarified Questions. For each question 199

of MuSiQue, we provide definitions of each ambi- 200

guity type and ask multiple LLMs to detect type- 201

wise ambiguity. We employ four detectors: gpt- 202

4.1 (Achiam et al., 2023), llama-4-maverick (AI, 203

2025), qwen3-235b-a22b (Yang et al., 2025), and 204

claude-sonnet-4 (Anthropic, 2025). We keep a type 205

label only when the detectors are fully in agree- 206

ment. 207

Let M be the detector set (|M| = 4). For a ques- 208

tion q and type t ∈ T , detector m ∈ M outputs 209

ym,t(q) ∈ {0, 1}. We define the full-agreement 210
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rule:211

ϕt(q) = I

(
1

|M|
∑
m∈M

ym,t(q) = 1

)
,212

T (q) = { t ∈ T | ϕt(q) = 1 }.213

where T (q) denotes the ambiguity types as-214

signed to q. Under this rule, we assign a type t215

only if all four detectors judge q ambiguous of type216

t, reducing single-model bias and yielding high-217

quality labels.218

For each (q, t) with t ∈ T (q), we use gpt-4.1 to219

generate clarified questions that resolve the type-t220

ambiguity while preserving the user’s information221

need, denoted as C(q, t) = {c1, . . . , cn} with n ≥222

2. We utilize these clarified questions as retrieval223

inputs.224

Step 2. Collecting Documents. To generate an-225

swers for the questions, we require evidence ob-226

tained via retrieval over clarified questions. How-227

ever, clarified questions can remain multi-hop, and228

questioning with a specific multi-hop form may229

narrow the search scope and miss relevant doc-230

uments. To mitigate this, we use gpt-4.1 to de-231

compose each clarified question c ∈ C(q, t) into232

atomic sub-questions S(c) = {s1, . . . , sk}. For ev-233

ery s ∈ S(c), we retrieve up to 10 candidate docu-234

ments from English Wikipedia1. We then pool can-235

didates D(c) =
⋃

s∈S(c)D(s), and if |D(c)| < 10,236

we additionally perform retrieval process with the237

clarified question c itself to back-fill more evidence.238

Next, we perform embedding-based re-ranking239

with Qwen3-8B-Embedding (Zhang et al., 2025b)240

by the similarity between the clarified question and241

document passages. Finally, we sort D(c) by this242

score to prioritize evidence aligned with the clari-243

fied interpretation.244

Step 3. Generating Short and Long Answers.245

Given each clarified question c and its ranked can-246

didate documents D(c), we use gpt-4.1 to produce247

a short factual answer only when the retrieved ev-248

idence clearly supports it; otherwise, we omit the249

short answer and drop that clarified item. For re-250

tained cases, we also record the passage used for251

generating the short answer. Finally, for the orig-252

inal question Qbase, we utilize gpt-4.1 to write a253

single-sentence long answer that connects the two254

short answers into a coherent statement while in-255

corporating interpretations and citations. For the256

detailed prompts, refer to Appendix J.257

1https://dumps.wikimedia.org/

Step 4. Filtering. Before filtering, we ensure 258

that short answers remain concise. If either clar- 259

ified question has a short answer longer than 10 260

tokens, we cut it down to a much shorter form with 261

gpt-4.1. After that, we remove cases where the two 262

short answers are identical. (We provide represen- 263

tative examples after applying this collision rule in 264

Appendix H.) After the filtering, the final MARCH 265

dataset consists of 2,209 examples. For the final 266

filtering stage, we exclude gpt-4.1—already used 267

in Steps 2 and 3—and instead employ llama-4- 268

maverick, qwen3-235b-a22b, and claude-sonnet-4. 269

Each candidate instance, including the question, 270

clarified questions, ambiguity type, supporting pas- 271

sages, short answers, and long answers, is inde- 272

pendently checked for alignment in all fields. We 273

retain only those cases where all three models unan- 274

imously judged the instance as fully aligned, using 275

the same criteria as our human evaluation proto- 276

col. The upper side of Table 2 shows statistics and 277

reports key characteristics of MARCH. MARCH 278

also retains broad topical coverage; Appendix B 279

reports the domain distribution of MARCH. 280

Stage Sem. Syn. Const. Total

MuSiQue (orig.) 24,834 24,834 24,834 —
After det. +clar. 9,544 8,642 11,703 29,889
After answer gen. 7,034 6,675 8,433 22,142
Before filtering 1,651 1,239 1,440 4,330
After filtering (final) 734 739 736 2,209

Avg. hops 2.44 2.95 2.11 —
Avg. Question length 14.92 18.17 16.18 —

Evaluation protocol Sem. Syn. Const. Fleiss’κ

Question is type-ambig.? 94.0% 94.0% 92.0% 0.92
Clarifications resolve ambiguity? 95.0% 91.0% 96.0% 0.89
Long answer matches short answers? 97.0% 97.0% 98.0% 0.95
All fields valid 92.0% 89.0% 90.0% —

Table 2: Top: Statistics of the MARCH dataset filtering
pipeline for each ambiguity type. Bottom: Human veri-
fication results after filtering, with Fleiss’ κ indicating
high inter-annotator agreement for each ambiguity type.

3.2 Dataset Analysis and Validation 281

Ambiguity Amplifies Reasoning Depth. We 282

measure the difference in average hop counts be- 283

tween questions assigned ambiguous vs. unam- 284

biguous labels via multi-LLM consensus on the 285

MuSiQue training set. After labeling the train- 286

ing questions, we randomly sample 1,000 from 287

each group and compare their average hop counts. 288

The average hop count for ambiguous questions 289

is 2.441, while for unambiguous questions it is 290

2.074. This result indicates that ambiguous ques- 291

tions generally involve more hops, making them 292
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Figure 4: Overview of our CLARION framework. A Planning Agent resolves ambiguity, and an Acting Agent
executes a ReAct loop to generate the final answer.

more challenging and underscoring the importance293

of addressing them effectively.294

Dataset Quality Assessment. To assess dataset295

quality, we employ five annotators and use a296

majority-vote scheme. We first sample 20 instances297

from the final MARCH dataset per ambiguity type298

(60 total) and obtain binary (YES/NO) judgments299

for each item in our protocol, yielding 300 judg-300

ments in total (5 annotators × 60 items). As shown301

in the lower part of Table 2, annotators evaluate302

whether (i) the question exhibits the specified am-303

biguity, (ii) the clarified question resolves the origi-304

nal ambiguity, and (iii) the generated long answer305

contains the corresponding short answers. The re-306

sults demonstrate not only high validity scores (e.g.,307

>90% for all types) but also strong inter-annotator308

agreement, with Fleiss’ Kappa scores of 0.92 for309

ambiguity detection, 0.89 for clarification quality,310

and 0.95 for answer consistency. These results311

confirm the reliability of our automated pipeline312

in producing high-quality, ambiguous multi-hop313

questions. Please refer to Appendix C for annota-314

tor details, labeling guidelines, and inter-annotator315

agreement statistics.316

4 CLARION: An Agentic Framework for317

Multi-hop Ambiguous QA318

To address multi-hop ambiguous QA, we propose319

CLarifying Ambiguity with a Reasoning and In-320

structiON (CLARION), a two-stage agentic frame-321

work. As in the example of Figure 1, multi-hop322

ambiguity is often latent; the second hop’s am-323

biguity (“pickup”) only surfaces if the first hop324

(“Mustang”) is not prematurely resolved. Stan-325

dard retrieval methods typically fail by commit-326

ting to a single dominant intent (e.g., Ford cars),327

thereby pruning alternative paths (e.g., Fender gui- 328

tars). CLARION overcomes this by explicitly de- 329

coupling Planning from Acting, as outlined in 330

Figure 4. 331

Planning Agent. The Planning Agent serves as 332

a planning module that analyzes the input ques- 333

tion before any retrieval or answering. It performs 334

three sequential operations: (1) Ambiguity Detec- 335

tion: the agent determines whether the question 336

contains ambiguity. If the question is unambigu- 337

ous, it is immediately passed to the Acting Agent. 338

(2) Ambiguity Type Classification: if ambiguity 339

is detected, the question is categorized into one of 340

three predefined types: Syntactic, Constraint, or 341

Semantic. (3) Question Clarification: based on 342

the detected type, the agent rewrites the original 343

question into clarified variants that resolve the am- 344

biguity while preserving the information needed. 345

These clarified questions constitute the execution 346

plan for downstream reasoning. 347

Acting Agent. The Acting Agent executes the rea- 348

soning plan through a ReAct-style prompting (Yao 349

et al., 2023) scheme, unfolding in a Thought → 350

Action → Observation loop. Unlike naive Re- 351

Act, which typically follows a single reasoning tra- 352

jectory whose early assumptions steer subsequent 353

retrieval, CLARION separates interpretation enu- 354

meration from evidence gathering. The Planning 355

Agent produces an initial set of clarified interpre- 356

tations, and the Acting Agent runs a ReAct loop 357

that retrieves and reasons for each interpretation be- 358

fore synthesizing the final long-form answer. Con- 359

cretely, the Acting Agent maintains an interpreta- 360

tion set and collects evidence per interpretation, 361

and is instructed to produce a final answer that ex- 362

plicitly covers all interpretations (or as many as pos- 363
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Model Method STR-EM (%) Disambig-F1 (%) Avg (%) LLM-as-a-Judge

Qwen3-235b No Retrieval 20.98 21.19 21.09 3.083
CoT 21.51 22.32 21.91 2.897
NaiveRAG 25.10 26.20 25.65 2.752
CoT w/ RAG 25.63 26.61 26.12 2.947
DIVA 28.82 22.73 25.78 3.015
ReAct 20.98 21.00 20.99 2.832
CLARION (Ours) 38.73 28.38 33.56 3.474
CLARION w/o clarification 25.10 25.56 25.33 2.922
CLARION w/o clarification & detection 22.94 24.02 23.48 2.782

Gemini-2.5 No Retrieval 15.59 20.10 17.85 2.307
CoT 16.32 17.52 16.92 2.258
NaiveRAG 22.16 28.63 25.40 2.297
CoT w/ RAG 23.15 27.31 25.23 2.373
DIVA 18.82 20.29 19.56 2.303
ReAct 21.32 22.37 21.84 2.428
CLARION (Ours) 29.12 26.30 27.71 2.752
CLARION w/o clarification 24.12 22.54 23.33 2.609
CLARION w/o clarification & detection 23.82 22.04 22.93 2.573

DeepSeek-v3.1 No Retrieval 17.75 18.72 18.24 2.683
CoT 19.80 22.12 20.96 2.512
NaiveRAG 20.20 25.03 22.62 2.084
CoT w/ RAG 21.33 23.18 22.25 2.632
DIVA 18.82 20.66 19.74 2.636
ReAct 23.17 24.78 23.97 2.723
CLARION (Ours) 31.47 27.03 29.25 3.042
CLARION w/o clarification 23.63 22.99 23.31 2.927
CLARION w/o clarification & detection 24.51 24.31 24.41 2.906

Table 3: MARCH benchmark results with baseline reasoning methods. Metrics are scaled to percentages. Best
per-model scores for each metric are in bold, and second-best scores are underlined.

sible under the iteration budget). At each iteration,364

the agent selects one of three actions: (1) Search:365

retrieve external documents when additional evi-366

dence is needed; (2) Planning: refine or expand the367

current interpretation set (e.g., add a missing inter-368

pretation) when the current plan is insufficient; (3)369

Answer: synthesize the final output once enough370

evidence has been gathered. To ensure reliable pars-371

ing and automated execution, all actions generated372

by the agent must be in JSON format. Further-373

more, to prevent infinite loops and ensure compu-374

tational tractability, the ReAct prompting is lim-375

ited to a maximum of five iterations. If this limit376

is reached without a resolution, the agent is com-377

pelled to execute the Answer action, formulating378

the best possible response based on the information379

gathered thus far. We provide implementation de-380

tails(models, decoding, retrieval hyperparameters)381

and the full prompt templates used at each stage in382

Appendix H and Appendix J, respectively.383

5 Experiments and Results384

Models. We evaluate three state-of-the-art LLMs385

widely used in real-world scenarios for MARCH:386

qwen3-235b-a22b-2507 (Yang et al., 2025),387

gemini-2.5-flash (Comanici et al., 2025), and388

deepseek-chat-v3.1 (Liu et al., 2024). To ensure fair 389

comparison, all systems utilize the same retriever 390

(based on qwen3-embedding-8b) and identical re- 391

trieval hyperparameters. 392

Evaluation metrics. We evaluate performance 393

using three metrics: (1) STR-EM (Strict Exact 394

Match): the percentage of gold short answers that 395

appear in the generated long answer after normal- 396

ization. (2) Disambig-F1: We use a frozen extrac- 397

tive QA model as an evaluator. Given the model- 398

generated long answer, we treat it as the context 399

and, for each gold clarified question (one per inter- 400

pretation), the QA model extracts a short answer 401

span. We then compute token-level F1 against the 402

corresponding gold short answer and average over 403

all interpretations. (3) LLM-as-a-Judge: a GPT- 404

4-based judge scores the long answer from 0–5 on 405

Relevance, Faithfulness, Informativeness, and Cor- 406

rectness; we report the average score (validated in 407

Appendix F.1). 408

Baselines. Given that multi-hop ambiguous QA 409

inherently requires external knowledge, we em- 410

ploy search-based baselines for all experiments. (1) 411

No Retrieval: LLM-only inference without any 412

external context. (2) CoT (Wei et al., 2022): A 413

standard Chain-Of-Thought prompting without re- 414
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trieval. (3) NaiveRAG (Lewis et al., 2020): A415

standard retrieve-then-read pipeline that retrieves416

top-k passages using the original question. (4)417

CoT with RAG (Wei et al., 2022; Lewis et al.,418

2020): CoT prompting augmented with retrieved419

documents. (5) DIVA (In et al., 2025): A diver-420

sify–verify–adapt framework designed for ambigu-421

ous QA. It diversifies the query into multiple in-422

terpretations, verifies evidence for each (labeling423

passages as Useful/Partially Useful/Useless), and424

adapts its answering strategy based on evidence425

sufficiency. (6) ReAct (Yao et al., 2023): An agen-426

tic baseline that dynamically interleaves reasoning427

and retrieval. It generates Thoughts to plan, exe-428

cutes retrieval Actions, and uses Observations to429

iteratively refine its path.430

Main Results and Discussion As shown in Ta-431

ble 3, CLARION consistently outperforms all base-432

lines across all models and metrics. Notably, on433

Disambig-F1—which is most sensitive to the "miss-434

ing branch" failure mode—CLARION achieves435

substantial gains. This confirms that CLARION436

uncovers and traverses latent reasoning paths of437

multi-hop QA that standard methods often prune.438

We attribute this failure to the path-dependent439

nature of multi-hop ambiguity: committing to an440

early interpretation conditions downstream decom-441

position and retrieval, which can prevent alternative442

later-hop meanings from even surfacing. Moreover,443

evidence for different interpretations is often dis-444

joint (via different bridge entities), so naive top-445

k retrieval tends to over-focus on the dominant446

branch and under-cover the others.447

In particular, the comparison with ReAct under-448

scores the critical role of explicit disambiguation.449

While ReAct dynamically retrieves information,450

it often prunes alternative interpretations early by451

following a single dominant reasoning trace, after452

which subsequent retrieval further reinforces that453

commitment. A similar failure arises in standard454

RAG-based baselines. Retrieving passages with455

the question over-focuses on the most frequent in-456

terpretation and under-covers evidence for other457

branches, especially when different interpretations458

induce disjoint bridge entities and documents. In459

contrast, CLARION’s Planning Agent forces the460

exploration of divergent paths before retrieval, en-461

abling interpretation-specific evidence collection462

and preventing premature commitment. Ablation463

studies further confirm our design choices. Re-464

moving the Clarification module causes the largest465

performance drop, demonstrating that without ex- 466

plicit query rewriting, even agentic systems fail to 467

capture the user’s multi-faceted intent. 468

Model Ambiguity
Type

STR-
EM

Disambig-
F1

LLM-
as-a-

Judge

Qwen3-235b Syntactic 35.00 25.81 3.370
Constraint 46.45 33.91 3.860
Semantic 33.90 24.86 3.303

Gemini-2.5 Syntactic 29.67 26.53 2.652
Constraint 32.79 28.71 3.059
Semantic 24.86 23.61 2.637

DeepSeek-v3.1 Syntactic 29.33 27.17 2.840
Constraint 34.43 28.78 3.316
Semantic 30.23 25.11 2.940

Table 4: Performance by ambiguity type on MARCH.
Values are percentages except LLM-as-a-Judge.

Performance by Ambiguity Type. Table 4 re- 469

ports performance by ambiguity type across LLMs. 470

We observe a consistent ordering: Constraint > 471

Syntactic ≈ Semantic. This gap mainly reflects 472

whether ambiguity preserves or changes the evi- 473

dence trail. For Constraint ambiguity, the compet- 474

ing readings often differ only by an over-specific 475

modifier. Relaxing the constraint typically re- 476

tains the same bridge entities and yields highly 477

overlapping evidence, allowing models to recover 478

the multi-hop chain even after a suboptimal early 479

choice. In contrast, Syntactic and Semantic am- 480

biguity more directly steer the hop structure and 481

bridge selection, which can split the reasoning 482

process into branch-specific trajectories. Once a 483

model commits early, retrieval and decomposition 484

become path-dependent, reinforcing that trajectory 485

and causing premature pruning of alternatives. 486

Isolating Multi-hop and Ambiguity effects. To 487

isolate the combined challenge of ambiguity in- 488

terpretation and multi-hop inference, we evalu- 489

ate NaiveRAG, DIVA, and ReAct, along with our 490

CLARION, on ASQA, MuSiQue, which respec- 491

tively probe single-hop ambiguity, standard multi- 492

hop reasoning. From the result of Table 6, we 493

find that modern RAG and agentic baselines per- 494

form reasonably well on ASQA and MuSiQue, 495

and CLARION is competitive on both, indicating 496

robustness to constraint ambiguity and standard 497

multi-hop reasoning in isolation. We find that this 498

success does not transfer to MARCH, where ambi- 499

guity is latent and path-dependent. Early interpreta- 500

tion choices fix bridge entities, steer downstream re- 501
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Benchmark Scale Tasks Multi-
hop?

Short
Ans.?

Long
Ans.?

Ambig.
Type

Diversity?

AmbigQA 14,042 Ambiguous QA ✗ ✓ ✗ ✗

CAMBIGNQ 5,653 Ambiguity Detection; Clarifying Question Generation ✗ ✓ ✗ ✗

CondAmbigQA 200 Conditional Ambiguous QA ✗ ✓ ✗ ✗

ASQA 5,301 Long-form QA ✗ ✓ ✓ ✗

AmbigDocs 36,098 Ambiguous QA ✓ ✓ ✗ ✗

DeepAmbigQA 3,600 Multi-hop QA; Answer Completeness; Name Ambiguity ✓ ✓ ✗ ✗

MARCH (Ours) 2,209
Multi-hop Ambiguity Detection

Multi-hop Clarifying Question Generation
Multi-hop Long-form QA

✓ ✓ ✓ ✓

Table 5: Comparison of ambiguous QA benchmarks and MARCH.

Method ASQA MuSiQue

STR-EM Disambig-F1 EM F1

NaiveRAG 75.95 38.50 6.20 51.87
DIVA 71.70 32.92 11.80 53.80
ReAct 82.34 40.83 13.47 54.27
CLARION 91.18 48.78 17.07 55.60

Table 6: ASQA and MuSiQue results averaged over
three LLM backbones.

trieval, and prune alternative branches. As a result,502

baselines often over-focus on a single trajectory503

and mix cross-branch evidence, causing cascading504

errors across hops. CLARION targets this failure505

mode by separating interpretation planning from506

evidence-driven acting, retrieving per interpreta-507

tion, and enforcing hop-consistent reasoning.508

6 Related Work509

Ambiguity in QA. Ambiguity in open-domain510

QA arises from polysemy or insufficient context,511

permitting multiple reasonable interpretations. Sys-512

tems must typically clarify the user’s intent or513

provide comprehensive answers covering all pos-514

sibilities. AmbigQA (Min et al., 2020) formal-515

ized this problem with a disambiguation dataset,516

while ASQA (Stelmakh et al., 2022) introduced517

long-form answers to synthesize multiple interpre-518

tations. SituatedQA (Zhang and Choi, 2021) and519

AmbigDocs (Lee et al., 2024) expanded this scope520

by incorporating situational dependencies and con-521

flicting evidence, respectively. To address such522

ambiguity, many approaches employ question clar-523

ification (Min et al., 2020; Zhang and Choi, 2025;524

Zhang et al., 2025a) or retrieval-augmented strate-525

gies. Recent RAG-based pipelines (Tanjim et al.,526

2025) disambiguate before retrieval, while meth-527

ods like Tree of Clarifications (Kim et al., 2023)528

use branching retrieval to explore interpretations.529

Similarly, DIVA (In et al., 2025) adopts a diver-530

sify–verify–adapt framework to rewrite queries and531

synthesize answers from diverse evidence. Re- 532

Act (Yao et al., 2023) interleaves reasoning and 533

tool-use in a Thought→Action→Observation loop, 534

often following a single trajectory. However, these 535

works primarily target single-hop ambiguity and do 536

not address the compounding uncertainty inherent 537

in multi-hop reasoning chains. CLARION instead 538

enumerates interpretations first and retrieves/evalu- 539

ates evidence per interpretation before synthesis. 540

Multi-hop QA. Multi-hop QA requires reason- 541

ing across multiple documents (He et al., 2024; 542

Zhu et al., 2024; Tang and Yang, 2024). Hot- 543

potQA (Yang et al., 2018) targets the retrieval of 544

articles and sentence-level facts, while 2WikiMul- 545

tihopQA (Ho et al., 2020a) enhances explainabil- 546

ity by providing structured evidence and reason- 547

ing paths. MuSiQue (Trivedi et al., 2022) mit- 548

igates shallow shortcuts found in prior datasets 549

by enforcing connected reasoning through depen- 550

dent single-hop questions. Unlike prior ambi- 551

guity benchmarks (e.g., AmbigQA, ASQA, Con- 552

dAmbigQA (Li et al., 2025)), which target single- 553

hop questions, MARCH targets the intersection 554

of ambiguity and multi-step inference. As sum- 555

marized in Table 5, MARCH evaluates the entire 556

pipeline of multi-hop ambiguity detection, clarifi- 557

cation, and answer generation. 558

7 Conclusion 559

We introduce MARCH, a benchmark designed to 560

evaluate ambiguity in multi-hop question answer- 561

ing. MARCH consists of 2,209 carefully annotated 562

questions that include type-specific clarifications, 563

evidence-grounded short and long answers. Finally, 564

we propose CLARION, an effective solution for 565

MARCH, and we show that robust LLMs struggle 566

when ambiguity and multi-hop reasoning co-occur. 567

We find failures are largely path-dependent: early 568

interpretation commitments lock in retrieval and 569

trigger cascading multi-hop errors. 570
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Limitations571

CLARION demonstrates strong performance but572

introduces additional system complexity due to573

its multi-agent structure and planning-acting cycle.574

Although this complexity enables richer ambigu-575

ity resolution, future work could explore lighter-576

weight or more efficient designs without sacrificing577

effectiveness, making deployment and integration578

even more practical.579

Despite CLARION’s effectiveness, MARCH sur-580

faces the ongoing difficulty of achieving complete581

and faithful resolution for all multi-hop ambiguous582

queries. Our results showcase both the progress583

and the remaining gaps in current methods, pro-584

viding a solid foundation and clear direction for585

continued innovation in this important area.586

Ethics Statement587

MARCH benchmark is constructed entirely588

from publicly available data sources (MuSiQue,589

Wikipedia), ensuring that no personally identifiable590

or private information is present. We use a multi-591

LLM consensus pipeline for ambiguity detection592

and filtering, reducing the risk of individual model593

bias or hallucination. Expert contributors, with594

their consent conduct all human annotation, and595

no unfair labor practices are involved. While our596

dataset and evaluation pipeline strive to minimize597

bias, users should be aware that language models598

may still inherit subtle biases from the underlying599

data. We encourage responsible use and further600

analysis of potential risks when applying MARCH601

or derived models in real-world settings.602
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Appendix768

A The Use of Large Language Models769

We write the manuscript ourselves, and an LLM770

(ChatGPT-5.2) is used solely for refinement—style,771

clarity, and grammar. It is not used for ideation or772

content generation.773

B Domain Diversity of MARCH774

We tag the topic of each question using gpt-oss-775

120b and report the distribution in Table 7. As776

shown in Table 7, MARCH covers a broad range777

of subject areas. The most frequent topics in-778

clude “History”, “Geography&Places”, and “Pol-779

itics&Government”, indicating diverse coverage780

beyond any single domain.781

Domain Ratio

Science & Technology 2.79
Math & Logic 0.07
History 30.88
Geography & Places 20.44
Politics & Government 10.16
Business & Economics 2.49
Society & Culture 1.76
Arts & Literature 4.32
Entertainment (Film/TV/Games) 8.59
Music 7.48
Sports 6.44
Religion & Philosophy 2.31
Medicine & Health 0.18
Nature & Environment 1.57
UNKNOWN 0.51

Total 100%

Table 7: MARCH domain coverage.

C Details for Human Annotation782

C.1 Details about Annotators783

We employ five graduate-level annotators fluent in784

English for all labeling tasks in our study. Annota-785

tors were compensated at a rate of 10 USD per hour.786

Each annotator received detailed guidelines and787

example cases before annotation, and ambiguous788

cases were discussed through controlled calibration789

sessions. In total, evaluating the 60 sampled in-790

stances for our human assessment required approx-791

imately 10 hours of annotation effort. Reporting792

inter-annotator agreement is crucial for assessing793

the reliability of human judgments. Therefore, we794

compute Fleiss’ κ, average category-wise agree-795

ment (P̄ ), strict agreement (all annotators selecting796

Item Fleiss’ κ P̄
Strict
Agree

Maj.
Agree

Relevance 1.000 1.000 1.000 1.000
Faithfulness 1.000 1.000 1.000 1.000
Informativeness 0.907 0.978 0.967 0.989
Correctness 1.000 1.000 1.000 1.000
Ambiguity 0.589 0.978 0.967 0.989
Clarification 0.851 0.989 0.983 0.994
Long Answer -0.006 0.989 0.983 0.994

Table 8: Inter-annotator agreement across long-answer
judgments and dataset quality evaluation.

the same label), and majority agreement (at least 797

three annotators agreeing) for both (1) long-answer 798

judgment dimensions (Relevance, Faithfulness, In- 799

formativeness, Correctness) and (2) dataset quality 800

evaluation dimensions (Ambiguity, Clarification, 801

Long Answer). 802

C.2 Human Evaluation Protocols 803

We develop a dedicated human evaluation protocol 804

to systematically assess long answer quality, as in 805

the correlation analysis presented in Figure 5. An- 806

notators rate each answer using the detailed criteria 807

shown in Table 9, with explicit written instructions 808

for each aspect. This protocol is introduced exclu- 809

sively for the evaluation setup in Figure 5, ensuring 810

that all human judgments are directly comparable 811

with the figure’s correlation metrics. 812

Table 8 summarizes the results. Overall, anno- 813

tators exhibit consistently high agreement across 814

evaluation criteria. The relatively low κ value for 815

the Long Answer quality dimension stems from 816

a well-known prevalence effect: when nearly all 817

annotators overwhelmingly choose the same label 818

(here, “Yes”), Fleiss’ κ is distorted downward due 819

to artificially inflated chance agreement. Impor- 820

tantly, the strict and majority agreement rates for 821

this item remain very high, confirming that annota- 822

tors were indeed consistent and that the low κ does 823

not reflect genuine disagreement. 824

D Latency Analysis 825

Table 10 presents the end-to-end latency (in sec- 826

onds) for each method across three LLM backbones 827

on the MARCH dataset. To ensure a fair compari- 828

son, all retrieval-augmented and agentic methods 829

utilize the same retriever and identical retrieval hy- 830

perparameters. For agentic approaches, latency 831

is strictly bounded by a fixed interaction budget 832

within the acting loop (maximum of five ReAct- 833
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Criterion Description

Relevance Does the long answer fully address both clarified queries and include all relevant short
answers, without digression?

Faithfulness Is the answer consistent with the intent and facts in the original query, clarified queries,
and short answers?

Informativeness Does the answer provide additional useful background, explanations, or actionable guid-
ance to fulfill the user’s needs?

Correctness Are all facts accurate, with no errors or omissions in the key information?

Table 9: Human evaluation protocol for long answer quality. Used for correlation analysis in Figure 5.

Method Qwen3-235b Gemini-2.5 DeepSeek-v3.1

No Retrieval 0.439 0.169 0.226

CoT 1.295 0.476 0.862

NaiveRAG 0.667 0.220 0.246

CoT w/ RAG 1.042 0.440 0.778

DIVA 1.026 0.506 0.746

ReAct 3.820 2.290 4.167

CLARION (Ours) 8.958 2.576 5.566

CLARION w/o clarification 4.968 2.629 4.863

CLARION w/o clarification & detection 4.443 2.567 4.116

Table 10: Latency (s) comparison across models and
methods on the MARCH dataset.

style iterations), preventing unbounded tool calls834

and ensuring predictable runtime.835

Overall, methods without retrieval exhibit the836

lowest latency, whereas iterative agentic methods837

are the most computationally intensive. Incorpo-838

rating Chain-of-Thought (CoT) increases latency839

compared to direct answering due to the gener-840

ation of intermediate reasoning steps. Standard841

retrieve-then-read pipelines (NaiveRAG, CoT w/842

RAG, DIVA) incur only modest overhead from843

retrieval, remaining substantially faster than multi-844

step tool-use frameworks. In contrast, ReAct shows845

a marked increase in latency as it interleaves reason-846

ing with multiple sequential search steps. CLAR-847

ION yields the highest latency in most settings, as848

it (i) executes a dedicated planning stage for ambi-849

guity detection and clarification, and (ii) performs850

retrieval and reasoning separately for each clarified851

interpretation, effectively conducting multi-branch852

evidence gathering prior to synthesis.853

The ablation studies highlight the inherent854

cost–quality trade-off of explicit clarification. Re-855

moving the clarification stage reduces latency by856

approximately half for Qwen3-235b and DeepSeek-857

v3.1, though the impact is less pronounced for858

Gemini-2.5. Ultimately, the latency results align859

with our design philosophy: CLARION de-860

liberately allocates additional computational re-861

sources to preserve and explore multiple interpre-862

tations—rather than prematurely committing to a863

single dominant branch—which is indispensable 864

for resolving the latent, path-dependent ambiguity 865

characteristic of multi-hop QA. 866

E Results on Other Related Benchmarks 867

E.1 Results for ASQA Benchmark 868

As shown in Table 11, in ASQA, our agentic ap- 869

proach consistently delivers the strongest short- 870

answer performance across models. With detec- 871

tion + clarification enabled, CLARION achieves 872

the best per-model averages—e.g., Qwen3-235b- 873

a22b-250: 71.64 vs. 62.24 (NaiveRAG) and 55.54 874

(DIVA); Gemini-2.5-Flash: 68.81 vs. 58.08 and 875

51.08; DeepSeek-Chat-v3.1: 69.48 vs. 51.34 and 876

50.32. Improvements appear in both STR-EM (cov- 877

erage of gold short answers) and Disambig-F1 (ex- 878

tractability for clarified questions), indicating that 879

explicitly detecting ambiguity and rewriting the 880

query steers retrieval to interpretation-aligned ev- 881

idence rather than memorized or mixed contexts. 882

Ablations verify the contribution of each compo- 883

nent, with the largest drop when clarification is re- 884

moved—highlighting that planning for ambiguity 885

before acting is crucial even on single-hop-oriented 886

datasets like ASQA. Together, these trends support 887

our claim that agentic planning and acting mod- 888

ules are broadly beneficial beyond MARCH and 889

strengthen answer completeness and precision in 890

ambiguous QA settings. 891

E.2 Results for MuSiQue Benchmark 892

As shown in Table 12, CLARION consistently 893

outperforms baseline methods on the MuSiQue 894

dataset, which evaluates standard multi-hop reason- 895

ing without the specific focus on ambiguity found 896

in MARCH. On average across the three LLM 897

backbones, CLARION achieves an Exact Match 898

(EM) score of 20.6 and an F1 score of 59.4. This 899

represents a clear improvement over the strongest 900

agentic baseline, ReAct (EM: 14.0, F1: 56.8), as 901

well as DIVA (EM: 14.2, F1: 57.6). The results 902
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Model Method Short Answer

STR-EM Disambig-F1 Avg

Qwen3-235b-a22b-250 No Retrieval 70.98 36.56 53.77
NaiveRAG 83.14 41.34 62.24
DIVA 73.53 37.54 55.54
ReAct 82.31 40.75 61.53
CLARION (ours) 92.94 50.33 71.64
CLARION w/o clarification 85.69 42.58 64.13
CLARION w/o clarification & detection 84.31 42.30 63.30

Gemini-2.5-Flash No Retrieval 66.86 34.79 50.82
NaiveRAG 76.86 39.30 58.08
DIVA 66.47 35.69 51.08
ReAct 81.13 41.72 61.42
CLARION (ours) 89.61 48.02 68.81
CLARION w/o clarification 88.43 46.09 67.26
CLARION w/o clarification & detection 87.65 46.04 66.84

DeepSeek-Chat-v3.1 No Retrieval 70.59 35.57 53.08
NaiveRAG 67.84 34.85 51.34
DIVA 75.10 25.54 50.32
ReAct 83.57 40.01 61.79
CLARION (ours) 90.98 47.99 69.48
CLARION w/o clarification 87.45 46.16 66.81
CLARION w/o clarification & detection 88.82 46.23 67.53

Table 11: ASQA results across methods and models. We report STR-EM / Disambig-F1 in %. Best per model in
bold, second-best underlined.

Method Qwen3-235B Gemini-2.5-Flash DeepSeek-Chat-V3.1

EM F1 EM F1 EM F1

Naive RAG 0.040 0.558 0.102 0.520 0.044 0.478
DIVA 0.142 0.576 0.106 0.520 0.106 0.518
ReAct Only 0.140 0.568 0.132 0.551 0.132 0.509
Clarion 0.206 0.594 0.146 0.560 0.160 0.514

Table 12: Comparison of EM and F1 scores across different models and methods.

indicate that the benefits of CLARION’s architec-903

ture extend beyond ambiguity resolution to general904

multi-step inference tasks. Even in non-ambiguous905

multi-hop scenarios, CLARION’s ability to decom-906

pose complex queries and verify evidence at each907

hop ensures that the model maintains a coherent908

trajectory across connected documents.909

F LLM-as-a-Judge910

F.1 Validating the LLM Judge.911

We validate the use of the LLM judge for our main912

experiments by comparing its 0–5 scores with hu-913

man ratings on 300 items across four criteria. We914

measure (i) linear association with Pearson r, (ii)915

rank consistency with Spearman ρ and Kendall916

τb, and (iii) grade-level agreement on the 0–5917

scale via Quadratic Weighted Kappa (QWK). As918

shown in Figure 5, we observe consistently strong919

correlations across all families; QWK further in- 920

dicates grade-aligned agreement, supporting the 921

LLM judge as a valid proxy for our main exper- 922

iments. For full details on the human evaluation 923

protocol, see Appendix C.2. 924

F.2 Detailed Score for LLM-as-a-Judge 925

As shown in Table 13, we report the scores of each 926

sub-criterion under the LLM-as-a-Judge evaluation 927

for the baselines and for CLARION. Consistent 928

with our main experiments, CLARION generally 929

achieves higher judge scores across most criteria. 930

G Case Study 931

G.1 Failure Cases of CLARION 932

Despite its strong performance, CLARION still 933

fails on certain ambiguous multi-hop queries. Ta- 934

ble 15 shows representative failure cases across all 935
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Method Model LLM-as-a-Judge (0–5)

Relevance Faithfulness Informativeness Correctness

LLM-only

No Retrieval Qwen-3-235b 3.324 3.147 2.931 2.931
Gemini-2.5 2.643 2.439 1.912 2.233
DeepSeek-v3.1 3.067 2.706 2.480 2.480

RAG-based baselines

Naive RAG Qwen-3-235b 2.961 2.988 2.357 2.829
Gemini-2.5 2.525 2.620 1.643 2.543
DeepSeek-v3.1 2.325 2.408 1.516 2.259

Diva Qwen-3-235b 3.073 3.465 2.565 3.084
Gemini-2.5 2.531 2.694 1.727 2.382
DeepSeek-v3.1 2.918 2.851 2.292 2.596

CLARION (ours)

CLARIONw/o clarification & detection Qwen-3-235b 3.057 2.957 2.496 2.696
Gemini-2.5 2.673 2.963 2.039 2.702
DeepSeek-v3.1 3.075 3.159 2.635 2.839

CLARIONw/o clarification Qwen-3-235b 3.184 3.084 2.608 2.890
Gemini-2.5 2.712 2.963 2.133 2.700
DeepSeek-v3.1 3.089 3.136 2.699 2.843

CLARION Qwen-3-235b 3.600 3.551 3.502 3.271
Gemini-2.5 2.843 3.106 2.302 2.824
DeepSeek-v3.1 3.228 3.177 2.943 2.882

Table 13: LLM-as-a-Judge sub-criteria. All scores are on a 0–5 scale.

Faithfulness

Informativeness

RelevanceCorrectness 0.45 0.50 0.55 0.60 0.65

Pearson r
Spearman 
Kendall b
QWK

Figure 5: Correlation between LLM and human judg-
ments.

three ambiguity types. In each case, CLARION’s936

prediction collapses to a single interpretation with-937

out resolving ambiguity, so the system generates938

only one short answer and misses the gold interpre-939

tations. This results in complete mismatches (0 on940

STR-EM and Disambig-F1). These errors illustrate941

how mis-specified sub-questions or over-broad in-942

terpretations derail reasoning and retrieval, leading943

to a complete mismatch against gold answers.944

G.2 Case Study: A 3-hop Query with Three 945

Interpretations 946

Table 16 illustrates how CLARION handles a nom- 947

inal 3-hop query whose hop-1 is semantically am- 948

biguous. Because The Birds and the Bees may 949

refer to different performers/versions, the Plan- 950

ning Agent first detects ambiguity and enumer- 951

ates three clarified interpretations (I1–I3). The Act- 952

ing Agent then executes the same 3-hop schema 953

(performer/version → birthplace → largest annual 954

event in the birthplace) for each interpretation in a 955

ReAct-style loop, carrying entities forward across 956

hops while retrieving evidence step-by-step. Cru- 957

cially, CLARION enforces hop-consistency verifi- 958

cation: the performer/version at H1 must be sup- 959

ported by retrieved evidence, and the event evi- 960

dence at H3 must be explicitly grounded in the 961

location resolved at H2 before downstream propa- 962

gation. In this example, I1 passes verification and 963

yields a grounded answer (Houston Livestock Show 964

and Rodeo). In contrast, I2 retrieves a plausible 965

event candidate but fails verification due to miss- 966

ing/weak grounding across hops (e.g., unsupported 967

H1 and/or an H2–H3 mismatch), so the Acting 968

Agent triggers recovery via targeted re-retrieval 969
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or user confirmation. Finally, I3 correctly blocks970

execution and requests the missing artist/version,971

preventing ungrounded multi-hop synthesis.972

H Implementation Details973

As shown in Table 17, we report our implementa-974

tion details for our MARCH construction pipeline975

and running CLARION.976

API Access and Infrastructure. All LLM calls977

were made using the OpenRouter API. Experi-978

ments were run on a workstation equipped with979

an RTX 6000 Ada GPU.980

Models. We use four off-the-shelf LLMs as am-981

biguity detectors: GPT-4.1 (OpenAI), Llama-4-982

Maverick (Meta), Qwen3-235b (Alibaba), and983

Claude-Sonnet-4 (Anthropic). For generating clar-984

ified questions and answers, we exclusively use985

GPT-4.1. We use gpt-4.1 (snapshot: gpt-4.1-2025-986

04-14) in all experiments to ensure reproducibility.987

For LLM-as-a-judge filtering, we employ Llama-4-988

Maverick, Qwen3-235b, and Claude-Sonnet-4.989

Decoding and Prompting. All LLM calls (for990

both detection and generation) were run with tem-991

perature set to 0.0 and a maximum token limit of992

512. All prompts and task templates are described993

in detail in Section J.994

Retrieval Pipeline. For evidence retrieval, we995

use FAISS for fast vector search over Wikipedia996

passages. Query and document embeddings are997

computed with the Qwen3-8B-Embedding model.998

Retrieval is performed with a fixed top-k of 10 per999

query.1000

Agentic Reasoning. For CLARION, the agent’s1001

maximum search iteration is set to 5. The planning1002

agent performs ambiguity detection, type classifi-1003

cation, and clarification as described in Section 4;1004

the acting agent executes search and answer steps1005

up to the iteration limit.1006

Filtering and Evaluation Protocol. After an-1007

swer generation, candidate instances are filtered1008

using three LLMs (excluding GPT-4.1 to prevent1009

overfitting). An instance is retained only if all mod-1010

els unanimously judged every field (question, clari-1011

fications, type, evidence, answers) as fully aligned,1012

following the same protocol as human evaluation1013

(see Appendix C.2 and Table 2 for details).1014

Ambiguity Taxonomy for Constructing Data 1015

Syntactic: Two clarified questions differ in gram- 1016

matical structure (“in the birthplace of” vs. “in the 1017

place where ... was born”), but both shorten to the 1018

same short answer. 1019

Constraint: Two clarified questions ask about dif- 1020

ferent ways of defining Antarctica’s border, yet 1021

both reduce to the same numeric answer. 1022

Semantic: Two clarified questions focus on differ- 1023

ent semantic aspects (actor identity vs. character 1024

role), but shortening collapsed both to the same 1025

name. 1026

I Detection cue for Constraint ambiguity 1027

Constraint ambiguity arises when a query is over- 1028

specified (e.g., exact dates, versions, quoted spans) 1029

so that retrieval narrows the user’s true intent. We 1030

use three complementary signals. First, total_hits 1031

H(q) flags abnormally small result sets, indicat- 1032

ing a narrowed scope. Second, the KL diver- 1033

gence DKL(Ptop ∥ Pcorpus) measures how skewed 1034

the top-snippet word distribution is relative to 1035

the background corpus, revealing over-reliance on 1036

special tokens (dates, numbers, quoted phrases). 1037

Third, the relax_delta_ratio ρ(q) = H(relax(q))
H(q) 1038

is an intervention-style cue: it asks how much 1039

the hit count jumps when we remove exactly one 1040

constraint (a date, a number, or a quoted span). 1041

In combination, H(q) low, DKL high, and ρ(q) 1042

high strongly suggest over-specialization–induced 1043

recall failure, whereas low H(q) with low ρ(q) 1044

points to genuinely sparse topics rather than over- 1045

specification. These cues reduce false positives 1046

and guide the LLM toward expert, evidence-aware 1047

judgments. 1048

J Prompt Templates 1049

This section summarizes the prompt templates used 1050

to construct MARCH and CLARION. For each 1051

ambiguity type, we provide templates for detection, 1052

clarification, answer generation (short/long), and 1053

query decomposition from Figures 6 to 14. 1054
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Type QID Clarified Query 1 Clarified Query 2 SA1 SA2

Syntactic 4hop1__8294
15324_26424
_581618

Who founded the chain
of music-themed restau-
rants whose first estab-
lishment was located
in the birthplace of the
person who ejected the
Benedictines in 1559?

Who founded the chain
of music-themed restau-
rants with its first es-
tablishment in the
place where the person
who ejected the Bene-
dictines in 1559 was
born?

Isaac Tigrett Isaac Tigrett

Constraint 2hop__100274
_14948

What latitude marks
the northern border of
Antarctica?

At what latitude is the
continental boundary of
Antarctica defined?

60° S 60° S

Semantic 2hop__725611
_52870

Which actor from
Michael Collins ap-
pears in The Phantom
Menace, and which
character do they por-
tray?

In The Phantom Men-
ace, which character is
played by an actor who
was also in Michael
Collins?

Liam Nee-
son

Liam Nee-
son

Table 14: Failure cases during MARCH construction due to short-answer shortening collisions. After
shortening, both short answers collapsed to identical strings, causing removal even though the clarified queries
represent distinct interpretations.

Type Original Query Predicted Long An-
swer

Gold Long Answer Fail Reason

Semantic What city shares a bor-
der with the place where
the person who went to
the state known for its
Mediterranean climate
during the gold rush
worked?

Stockton Brooklyn and Traverse
City share borders with
the relevant places.

Collapsed to a single
interpretation; failed
to clarify multiple
possible places.

Syntactic Who won the Indy Car
Race in the largest pop-
ulated city of the state
where Yuma’s Library
District is located?

Mario Andretti
(Phoenix, 1993)

Álex Palou and Hélio
Castroneves

Relied on historical
fact lookup; failed to
disambiguate event
scope and multiple
winners.

Constraint Who brought the lan-
guage Hokkien to the
country on the natural
boundary between the
country that hosted the
tournament and the
country where A Don is
from?

The Hoklo (Hokkien)
people

Dutch colonial admin-
istration and Hokkien-
speaking immigrants
during Spanish coloniza-
tion

Did not resolve broad-
/general query; sim-
plified to one actor
instead of multiple
sources.

Table 15: Representative CLARION failure cases. CLARION often fails to clarify ambiguous sub-questions and
collapses to a single short answer, leading to zero scores on both STR-EM and Disambig-F1.
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Step I1: Jewel Akens (1964) I2: Dean Martin (claimed) I3: Other/unknown artist

User query. What is the largest annual event held in the birthplace of the performer of The Birds and the Bees?

Detect. Ambiguous (all detectors: Y): The Birds and the Bees can refer to different performers/versions, so hop-1 branches the entire 3-hop chain.

Clarify Performer/version: Jewel Akens (1964)
Birthplace: Houston, TX

Performer/version: Dean Martin (version)
Birthplace: to verify

Performer/version: unspecified
Ask user to specify

Plan (3-hop) H1 identify performer/version
H2 retrieve birthplace
H3 largest annual event in birthplace

H1 identify performer/version
H2 retrieve birthplace
H3 largest annual event in birthplace

H1 missing → cannot execute
H2–H3 blocked

Retrieve H1 evidence: The Birds and the Bees (1964)
performed by Jewel Akens (doc: 12676138).
H3 evidence: Houston Livestock Show and
Rodeo held in Houston (doc: 318775).

Candidate H3 event: Pennsic War (doc:
535960).
Issue: H1 (performer/version) is unsup-
ported and H2 (birthplace) is ungrounded,
so the event is not tied to the H2 location
(H2–H3 mismatch).

No retrieval: artist/version for H1 is missing,
so H2–H3 cannot be queried.

Verify Pass: H1 supported; H2 (Houston) grounds
H3 evidence.

Fail: hop-consistency break (H1 unsup-
ported and/or H2–H3 mismatch).

Blocked: missing H1 prevents verification
and downstream hops.

Output ANSWER: Houston Livestock Show and
Rodeo (with citation).

RECOVER: re-retrieve for H1/H2 or ask user
to confirm intended performer.

CLARIFY: ask for the artist/version.

Final (answer-focused). Verified answer is I1: Houston Livestock Show and Rodeo. I2 is not safely answerable without additional grounding; I3 requires user
specification.

Table 16: Case study (qid: 3hop1__337919_841757_11974): hop-1 semantic ambiguity yields three interpretations.
Each branch follows the same 3-hop schema and is checked by hop-consistency verification before producing
outputs.

Item Value / Setting

API OpenRouter API
Detection Model GPT-4.1, Llama-4-Maverick, Qwen3-235b, Claude-Sonnet-4
Generator Model GPT-4.1
Filtering Model Llama-4-Maverick, Qwen3-235b, Claude-Sonnet-4
LLM-as-a-Judge Model GPT-4.1
Temperature 0.0 (detection), 0.0 (generation)
Max Tokens 512 (detection), 512 (generation)
Evaluation Protocol See Appendix C.2 and Table 2
Embedding Model Qwen3-8B-Embedding
Retriever FAISS
Top-k 10
Agent Max Search Iteration 5
GPU RTX 6000 Ada

Table 17: Implementation details.
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You are a linguistics expert.

1) Read the sentence below.
2) Decide whether it is syntactically ambiguous under any of the 18 phenomena.
3) If ambiguous, list all applicable phenomenon numbers (ascending).

Phenomena (1–18)

1. PP Attachment (including instrument vs. attribute "with"); 2. Relative-Clause
Attachment; 3. Coordination Scope (and/or); 4. Comparative Attachment / Ellipsis;
5. Quantifier / Negation Scope; 6. Dangling / Misplaced Modifier; 7. Genitive-Chain
Attachment; 8. Complement vs. Adjunct; 9. Gerund vs. Participle; 10. Ellipsis / Gapping;
11. If-clause Attachment; 12. Right-Node Raising; 13. Adjective Stacking / Coordination;
14. Inclusive vs. Exclusive "or"; 15. Adverbial Attachment (VP vs. S); 16. Focus /
Only-scope; 17. Apposition vs. Restriction; 18. Degree / Comparative subdeletion.

Question: QUESTION

Output (JSON): "is_ambiguous": "Y", "categories": [1, 3, 7] // [] if "N"

Keys must be exactly "is_ambiguous" and "categories". No extra text.

Figure 6: Prompt template for syntactic ambiguity detection.

You are a linguistics expert.

The question below is syntactically ambiguous. Write at least MIN_VERSIONS distinct
clarified questions, each encoding a different structural reading (attachment, scope, etc.).
Preserve the topic; each rewrite must be fully unambiguous; concise, natural English.

Question: QUESTION

Output (JSON): "clarified_queries": ["...", "..."]

Key exactly "clarified_queries"; provide at least 2 strings; no other keys.

Figure 7: Prompt template for syntactic clarification.
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You are a linguistics expert.

1) Read the search query and three RAW metric values.
2) Decide if the query shows constraint ambiguity (over-specific constraints harming
recall).
3) Output ONLY the JSON object in the required format.

A query with constraint ambiguity (over-specific) is narrowly constrained (dates, version
numbers, quoted strings, etc.), likely missing the broader intent.

Metrics

Total_hits: Result count for the literal query.
KL_divergence: D_KL between top-k snippet unigrams and the whole corpus.
Relax_delta_ratio: Largest fold-increase in hits after removing one numeric/date/quoted
constraint.

Question: QUESTION

Raw metric values

Total_hits: TOTAL_HITS
KL_divergence: KL_DIVERGENCE
Relax_delta_ratio: RELAX_DELTA_RATIO

Output (JSON): "is_ambiguous": "Y" // "N" if not constraint

Use expertise; no hard thresholds. No markdown, code fences, or extra keys.

Figure 8: Prompt template for constraint (over-specific) ambiguity detection.
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You are an information-retrieval and linguistics expert.

Rewrite the query below into at least MIN_VERSIONS broader, faithful variants that
surface the user’s core intent and remove needless specificity or indirections.

How to clarify

1) Identify the core question (fact or relationship truly sought).
2) Resolve or drop cascading indirections (replace "the country where X was born" with
the direct entity if obvious; else use a neutral placeholder).
3) Remove or soften excessive constraints (exact dates, versions, quoted titles).
4) Keep the answer type the same; do not over-broaden. Write concise English.

Question: QUESTION

Output (JSON): "clarified_queries": ["...", "..."]

Key must be exactly "clarified_queries"; provide at least 2 strings; no extra keys.

Figure 9: Prompt template for general clarification.

You are a linguistics expert.

Semantically ambiguous lacks sufficient context so multiple reasonable meanings or
referents are possible (unclear pronoun, vague time, polysemy, etc.).

1) Read the sentence.
2) Output "Y" if semantically ambiguous, else "N".

Question: QUESTION

Output (JSON): "is_ambiguous": "Y" // "N" if unambiguous

Key must be exactly "is_ambiguous". No extra text.

Figure 10: Prompt template for semantic ambiguity detection.
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You are a linguistics expert.

Rewrite the semantically ambiguous question into at least 2 distinct clarified questions,
each resolving a different interpretation. Preserve the original topic. Add only minimal
context (time, referent, sense) to make each unambiguous. Concise English.

Question: QUESTION

Output (JSON): "clarified_queries": ["...", "..."]

Key exactly at least 2 "clarified_queries"; no other keys.

Figure 11: Prompt template for semantic clarification.

You are an extractive QA assistant.

Given a question and one passage, return the shortest exact span in the passage that
answers the question. If no answer, return an empty string.

Question: QUESTION

Passage: PASSAGE

Output (JSON): "short_answer": "..."

Extractive only (verbatim span); no justification or extra text.

Figure 12: Prompt template for short answer generation (extractive).
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You are an expert open-domain QA assistant.

Combine two validated short answers (A1, A2) to create a single, coherent long answer to
the original ambiguous question (OQ). If both can be true, merge into 1–3 fluent sentences.
Do not invent facts beyond A1 and A2.

Return only JSON that matches the schema: SCHEMA

Question: QUESTION

Clarified Q1 | Short Answer A1

CQ1
A1 = A1

Clarified Q2 | Short Answer A2

CQ2
A2 = A2

Output (JSON): "long_answer": "..."

Figure 13: Prompt template for long answer generation (merge A1 + A2).

You are an information-retrieval expert.

Break the complex question into the minimal set of atomic, single-hop sub-questions in
the exact order needed to fully answer it.

- Output each sub-question as a Markdown bullet starting with "* ".
- Each sub-question must ask for exactly one fact or relationship.
- No explanations or extra text.

Question: QUESTION

Output (JSON): "sub_query": "..."

Figure 14: Prompt template for query decomposition (ordered single-hop bullets).

22



You are an expert at analyzing query ambiguity.
Your task is to determine whether a query is ambiguous and to classify the ambiguity type.

Analyze the following query and decide:

1. Provide brief reasoning.
2. Is the query ambiguous?
3. Which specific aspects make it ambiguous?
4. What extra information would clarify it?
5. Classify the ambiguity as one of: "syntactic", "constraint", "semantic", or "none".

Definitions:

* syntactic: multiple plausible grammatical parses (attachment/scope/coordination/pro-
noun reference).
* constraint: over-specific query where a broader, closely related formulation better
matches the user’s need.
* semantic: syntax is clear but meaning/intent admits multiple valid interpretations via
world knowledge.

Query: {query}

Return STRICT JSON:
{
"reasoning": "string",
"is_ambiguous": true/false,
"ambiguity_type": "syntactic" | "constraint" | "semantic" | "none",
"ambiguous_aspects": ["..."],
"clarification_needed": "string"
}

Figure 15: Prompt template for ambiguity detection and typing (strict JSON).

You are an expert at clarifying ambiguous queries.
Given the original query and an ambiguity analysis, rewrite the query into two specific,
actionable, and faithful clarified versions.

Original Query: {query}
Ambiguity Analysis (JSON): {analysis}

Write STRICT JSON:
{
"reasoning": "why these clarifications resolve the ambiguity",
"clarified_query1": "string",
"clarified_query2": "string"
}

Figure 16: Prompt template for generating two clarified queries from an ambiguity analysis.
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You are a research assistant following ReAct (Reasoning, Acting, Observing).

Available Actions:

* SEARCH[query]→ run a search using the configured method
* ANSWER[planning]→ run a planning agent
* ANSWER[text]→ provide a final answer now

Constraints:

* Max searches allowed: max_searches
* Searches used so far: current_searches
* Do not reuse the exact same search query as previously used in context.

Task Query: {query}
Previous Context:
{context}

Instructions:

1. THINK about the next best step.
2. If more evidence is needed, choose SEARCH[very specific query].
3. If sufficient, choose ANSWER[concise, well-supported answer].
4. If you have already reached the maximum allowed searches, you must output
ANSWER[...] now.

Respond in EXACT format:
THOUGHT: <your internal reasoning, one short paragraph>
ACTION: SEARCH[...specific query...] OR
ACTION: PLANNING[...call planning agent...] OR

ACTION: ANSWER[...final answer...]

Figure 17: Prompt template for ReAct-style retrieval and answering with a bounded search budget.
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