
Hop, Skip, and Overthink: Diagnosing Why Reasoning
Models Fumble during Multi-Hop Analysis

Anonymous Author(s)
Affiliation
Address
email

Abstract

The emergence of reasoning models and their integration into practical AI chat1

bots has led to breakthroughs in solving advanced math, deep search, and extrac-2

tive question answering problems that requires a complex and multi-step thought3

process. Yet, a complete understanding of why these models hallucinate more4

than general purpose language models is missing. In this investigative study, we5

systematically explore reasoning failures of contemporary language models on6

multi-hop question answering tasks. We introduce a novel, nuanced error cate-7

gorization framework that examines failures across three critical dimensions: the8

diversity and uniqueness of source documents involved ("hops"), completeness9

in capturing relevant information ("coverage"), and cognitive inefficiency ("over-10

thinking"). Through rigorous human annotation, supported by complementary11

automated metrics, our exploration uncovers intricate error patterns often hidden by12

accuracy-centric evaluations. This investigative approach provides deeper insights13

into the cognitive limitations of current models and offers actionable guidance to-14

ward enhancing reasoning fidelity, transparency, and robustness in future language15

modeling efforts.16

1 Introduction17

Language models (LMs) have demonstrated remarkable performance on multi-hop question answer-18

ing (QA) benchmarks, such as HotpotQA [1], where success requires sourcing knowledge from19

multiple documents.MuSiQue [2] extends this task by posing harder questions that reduces shortcut20

reasoning and provides explicit reasoning paths to better assess multi-step inference. The traditional21

evaluation metrics employed in these tasks, such as the final answer accuracy or the F1 score, fail to22

distinguish between genuine multi-step inference, simple memorization (as exposed by counterfactual23

benchmarks such as CofCA; [3], and over-reliance on dataset artifacts. Moreover, emerging studies24

[4, 5] show that errors may stem from missing knowledge recall, misinterpretation of question intent,25

or retrieval failures in retrieval-augmented settings.26

With these limitations in mind, we move beyond answer correctness and undertake an investigative27

exploration of reasoning failures in multi-hop QA to answer a central question: How and why do28

reasoning models break down when stitching together information across multiple sources? To29

address this, we introduce a diagnostic framework that decomposes reasoning behavior along three30

core dimensions:31

(1) Hops A hop is a discrete step or transition in the reasoning process where the model moves from32

one piece of information (e.g., a fact, source, or knowledge base entry) to another in order to bridge33

connections and form a complete answer. (2) Coverage evaluates whether all necessary reasoning34

steps are covered; and (3) Overthinking refers to whether the model meanders into unnecessary or35
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off-track reasoning. These dimensions support both qualitative annotation and targeted quantitative36

evaluation of reasoning fidelity.37

Contributions: We comprehensively evaluate multi-hop reasoning process by introducing a struc-38

tured taxonomy of 7 fine-grained error categories, and curating 1440 human annotations of failure39

modes across 6 reasoning models and 3 diverse datasets representing modern AI-based search process40

of traversing multiple documents: 2WikiMultiHopQA, HotpotQA, and MuSiQue. Using the error41

taxonomy, we quantify the distribution of reasoning errors across models. Our study reveals common42

reasoning issues, such as breaking down in the middle of reasoning, adding unnecessary steps in43

complex cases, and providing correct answers despite flawed reasoning, especially on questions with44

many entities or confusing information. Finally, we evaluate the effectiveness of an LLM-as-a-Judge45

framework, which shows strong agreement with human annotations on simpler datasets while high-46

lighting key limitations on more complex ones. This supports the use of scalable, semi-automated47

evaluation for reasoning analysis.48

2 Related Works49

Despite advances in chain-of-thought prompting, LLM explanations often diverge from true reasoning50

paths and can be post-hoc rationalizations [6, 7]. Dedicated reasoning models frequently outperform51

standard LLMs on medium tasks but show scaling limits—and even collapse—on high-complexity52

problems despite detailed traces [8]. Meanwhile, standard metrics emphasize answer correctness53

and miss reasoning quality; multihop QA exposes shortcutting, and heuristic faithfulness measures54

can mask failures [9, 10]. Recent work on intermediate errors finds that correcting flawed steps,55

detecting process errors, and adding explicit premises can improve robustness and clarity [11–13].56

Yet hallucinations in long-form outputs remain hard to detect, and repeated mistakes persist without57

explicit supervision [14, 15]. Beyond QA, Olympiad-math and multimodal benchmarks reveal58

shallow or incomplete reasoning even when answers are correct, underscoring the need for fine-59

grained analyses; we build on this by explicitly annotating multi-hop traces and categorizing failure60

patterns across diverse QA datasets for scalable evaluation [16, 17].61

To fill these gaps, we introduce a hop-based diagnostic taxonomy with meta-markers and a LLM-as-62

a-Judge pipeline to scale fine-grained annotations with high fidelity and inter-annotator agreement.63

3 Method64

3.1 Task Formalization65

We define multi-hop QA as the task of responding to complex questions, undertaken by reasoning66

models, that necessitate synthesizing information from multiple sources through a chain of reasoning67

steps. A hop, denoted by hi, refers to a distinct reasoning step wherein the model extracts supporting68

evidence from a unique document dj ∈ D. The number of hops in a reasoning path corresponds to69

the number of unique documents accessed, regardless of how much content is extracted from each.70

For a question Q and a collection of m documents D = {d1, d2, . . . , dm}, the task is to predict71

(1) an answer A (a textual span within one of the documents in D), and (2) a reasoning path72

P = (h1, h2, . . . , hnmodel) representing the sequence of reasoning hops. Here, |P| denotes the length73

of the model’s hop sequence, and P∗ denotes the gold-standard reasoning path required to answer74

the question.75

The model hop count is defined as Nmodel = |P|, and the gold hop count is defined as Ngold = |P∗|.76

3.2 Refining Reasoning Categories77

To diagnose reasoning failures in multi-hop QA, we refined our error taxonomy through three iterative78

stages. Each stage addressed prior shortcomings and improved inter-annotator agreement, as shown79

in Figure 4. Full definitions for Stage 1 and Stage 2 are in the Appendix.80

Stage 1: Coarse Conceptual Labels Our initial taxonomy used four loosely defined labels:81

Effective, Underthinking, Overthinking, and Faulty. These arose from manual trace inspection82

2



Table 1: Definitions of reasoning categories in multi-hop QA. Nmodel denotes the number of reasoning
hops executed by the model; Ngold is the number of required gold hops.

Reasoning category Definition

Nmodel = Ngold;
Fully correct hops

The model executes the exact number of required gold reasoning hops,
and each hop is logically sound, complete, and correct.

Nmodel = Ngold;
Partially correct hops

The model executes the correct number of reasoning steps, but one
or more hops involve incorrect documents, entities, or relations. The
model reasoning is partially misaligned with the gold reasoning path.

Nmodel < Ngold;
Fully correct hops

The model executes fewer hops than required, yet all executed reason-
ing steps are correct and directly correspond to a subset of the required
hops. This indicates incomplete but partially correct reasoning.

Nmodel < Ngold;
Partially correct hops

The model executes fewer reasoning steps than required, omitting
essential hops and introducing incorrect hops within the shortened
chain. The reasoning is both incomplete and partially incorrect.

Nmodel > Ngold;
Trailing irrelevance

The model initially executes all required reasoning steps but then
continues with additional irrelevant hops. These extra steps occur after
completing the required reasoning and reflect the model’s extraneous
elaboration.

Nmodel > Ngold;
Early irrelevance

The model introduces irrelevant reasoning steps before or interspersed
among the required hops. These interruptions disrupt logical rea-
soning progression, resulting in confusion, distraction or circular
reasoning. The required reasoning steps may be partially addressed or
incorrect.

Question
misinterpretation

The model misunderstands the original question during its early rea-
soning steps, often focusing on incorrect entities or setting up the
wrong task, leading to fundamentally flawed reasoning.

but lacked clear definitions. Annotators struggled to distinguish between concise reasoning and83

underthinking, or between verbose, incorrect reasoning and overthinking. The lack of a formal notion84

of reasoning hops made error tracing difficult. Faulty served as a catch-all for various errors, reducing85

analytical usefulness.86

Stage 2: Structured Hop-Based Categorization In the second stage, we introduced a 10-category87

taxonomy based on Nmodel, Ngold, hop correctness, and answer accuracy to support structured error88

analysis. As manual evaluation scaled, new ambiguities emerged. Category 8 (early hallucinations)89

often overlapped with Category 6 (underspecified chains) and question misinterpretation. Annotators90

also struggled to distinguish shortcut reasoning from flawed logic. These overlaps revealed that even91

structurally driven categories needed stronger semantic clarity.92

Stage 3: Final Schema with Meta-Evaluation Markers The final schema addressed these issues93

through clearer definitions. We formally defined a reasoning hop, excluding repeated entity mentions94

within the same document to avoid inflated hop counts. We also distinguished overthinking via95

cross-document exploration (Nmodel > Ngold) from verbose or circular reasoning within a document,96

captured by a separate overthinking flag.97

3.3 Definitions of Reasoning Categories98

Following iterative refinement and extensive pilot annotations, we arrived at a final taxonomy that99

enabled high inter-annotator agreement. As shown in Figure 4, this version resolved prior ambiguities100

by enforcing stricter hop semantics and introducing meta-evaluation markers to capture surface-level101

verbosity independently from structural reasoning failure. Table 1 summarizes our final taxonomy,102

providing precise operational definitions for each reasoning error category used in our annotation103

pipeline. These categories, combined with the meta-evaluation markers of overthinking and coverage,104
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Figure 1: Examples of Reasoning Error Categories. Representative outputs illustrating the main
error categories in multi-hop reasoning for a single example. The correct entities are highlighted in
green, incorrect in red, and irrelevant or extraneous information in yellow.

provide comprehensive coverage of potential reasoning errors, enabling systematic and insightful105

error diagnosis in multi-hop QA models.106

Meta-Evaluation Markers107

To further enhance our analytical granularity, we introduced meta-evaluation markers:108

Overthinking: This marker captures indicators of cognitive inefficiency in the model’s reasoning. It109

is applied when: 1) the model includes non-essential information from gold documents—such as110

background details, tangential facts, or calculations—that do not aid in progressing the reasoning111

chain; and 2) the model demonstrates repetitive or circular behavior, such as repeatedly checking the112

same entity or relation more than twice.113

Coverage: This marker addresses the completeness of source-document utilization, specifically114

evaluating whether the model successfully retrieves all necessary source documents. Low coverage115

indicates gaps in retrieval or attention, leading to incomplete reasoning chains or unsupported116

conclusions.117

4 Experimental Setup118

Models We analyze six language models that span a range of architectures, parameter scales, and119

accessibility. Our primary focus is on four open-source distilled models—DEEPSEEK-R1-DISTILL-120

LLAMA-8B, DEEPSEEK-R1-DISTILL-LLAMA-70B, DEEPSEEK-R1-DISTILL-QWEN-7B, and121

DEEPSEEK-R1-DISTILL-QWEN-14B. To complement these, we include two original reasoning122

models: CLAUDE 3.7 SONNET, a proprietary reasoning model, and DEEPSEEK-R1, an open-weight123

reasoning model. For all DeepSeek models, we set the generation temperature to 0.6, following the124

recommendations of Liu et al. [18], to mitigate endless repetition or incoherent outputs. For Claude125

3.7 Sonnet, we use a deterministic setting with the temperature set to 0.126

Datasets We evaluate model reasoning across three multi-hop QA datasets of increasing difficulty:127

2WikiMultiHopQA [19], which emphasizes structured multi-hop reasoning; HotpotQA [1], which in-128

cludes distractors and diverse reasoning types like comparisons; and MuSiQue [2], a high-complexity129

benchmark designed to minimize shortcuts through dense context and sub-question dependencies.130

Dataset details are provided in Table 4 in the appendix.131
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Question Types To enable systematic reasoning analysis, we categorize multi-hop questions into five132

distinct types based on their logical structure: Compositional, Comparison, Intersection, Inference,133

and Bridge Comparison. These categories reflect the types of reasoning steps required to arrive at the134

correct answer. Detailed definitions and illustrative examples for each type are provided in Appendix135

(Table 3).136

4.1 Annotation process137

Figures 5 and 6 shows the custom annotation interface, which was configured to support structured138

error labeling, flag toggling, and hop trace visualization by human annotators. Using this interface,139

we (10 human judges who are NLP experts) annotated 1,440 model outputs; after discarding examples140

with missing answers due to dataset artifacts, 1,080 remained for analysis. Our structured human141

annotation pipeline comprises three key stages:142

1. Sampling and generation: We uniformly sampled 240 questions across HotpotQA, 2Wiki-143

MultiHopQA, and MuSiQue. Six models answered each question using a standardized prompting144

strategy designed to minimize instruction-induced bias.145

2. Final answer and meta eval markers: The final answers were evaluated for correctness using146

automated matching, with manual verification for paraphrased or non-exact responses. Simultane-147

ously, we annotated: (a) Nmodel, (b) Coverage marker, and (c) Overthinking marker.148

3. Reasoning category assignment: Each response was categorized into one of our predefined149

reasoning error types (see Section 3.3).150

5 Human Evaluation Results151

5.1 Reasoning Fidelity and Answer Accuracy152

(a) 2Wiki (b) HotpotQA (c) MuSiQue

Figure 2: Relationship Between Reasoning Fidelity and Answer Accuracy Across Datasets. Each
subplot shows performance on (a) 2Wiki, (b) HotpotQA, and (c) MuSiQue. Points denote models,
with the x-axis showing the fraction of fully correct reasoning traces (Nmodel = Ngold) and the y-axis
showing answer accuracy. The dotted diagonal (y = x) marks perfect alignment; points above it
indicate correct answers despite imperfect reasoning.

Figure 2 summarizes model behavior on fully correct hop alignment (Nmodel = Ngold) and final-153

answer accuracy across datasets. We see that reasoning Fidelity holds in Simpler Tasks but collapses154

in Complex Chains. Across all datasets, Claude 3.7 achieves the highest accuracy.155

High Reasoning Fidelity on 2Wiki: All models perform strongly on the 2Wiki dataset, with the156

majority of models have around 80% datapoints with Nmodel = Ngoldcorrespondence: fully correct157

hops, and near-perfect final answer accuracy This confirms that current LMs reliably handle simple158

multi-hop questions.159

Inefficient Reasoning in HotpotQA: Performance on HotpotQA shows the highest concentration160

of (Nmodel > Ngold) (Figure 7b). While the final-answer accuracy remains high, the presence of161

semantically dense and distractor-filled paragraphs leads models to over-explore the context, often162
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beyond the required inference chain. This behavior highlights the limitations of current LMs in163

maintaining focused reasoning under noisy, multi-document settings.164

Intermediate Fidelity and Model-Specific Patterns emerge on the MuSiQue dataset: Larger165

models demonstrate intermediate reasoning fidelity (45–65%) alongside relatively high answer166

accuracy. Smaller models exhibit poor performance on both metrics, underscoring difficulties in167

complex multi-hop contexts. Notably, DeepSeek-R1 shows the greatest divergence, achieving very168

high answer accuracy despite substantially lower reasoning fidelity.169

5.2 Reasoning Patterns Across Models and Datasets170

Figure 7 show the distribution of reasoning error types in the MuSiQue, 2Wiki-MultiHopQA, and171

HotpotQA datasets. Our analysis reveals the following insights:172

Claude 3.7 Sonnet Sets the Bar for Stable and Precise Reasoning: Among all evaluated models,173

Claude 3.7 Sonnet demonstrates the most stable and controlled reasoning behavior. It consistently174

maintains high rates of fully correct reasoning while keeping all other error types—especially early175

and trailing irrelevance—significantly lower than both DeepSeek-R1 and the distilled model variants.176

Overhopping is the Most Persistent and Systemic Reasoning Failure: Across all datasets177

and models, overhopping (Nmodel > Ngold categories in Figure 7) is consistently higher than other178

errors. This often stems from contextual redundancy or ambiguity, pushing models to over-explore179

rather than terminate. The Qwen family of models particularly struggles with this issue: frequently180

displaying early and trailing irrelevance errors—even at larger scales—indicating a proclivity for181

recall over precise reasoning.182

Scaling Models Improves Simple Reasoning but Leaves Complex Errors Unresolved: As183

shown in Figure 7, increasing model size leads to more examples with fully correct hops (the leftmost184

bars in each subplot), particularly on simpler tasks like 2Wiki (Figure 7a). However, for more185

complex datasets such as HotpotQA and MuSiQue (Figure 7b, c), the gains from scaling plateau.186

Even the largest models still exhibit substantial numbers of early and trailing irrelevance errors (the187

right-side bars). This persistent error pattern indicates that, while scale enhances basic multi-hop188

reasoning, it does not fully resolve deeper reasoning challenges in complex/distractor-heavy settings.189

Deepseek-R1 Distilled Models Rival the Deepseek-R1 Counterpart in Multi-hop Tasks: On190

both simple and moderately complex datasets, distilled LLaMA variants show strong reasoning191

alignment. The LLaMA 70B variant performs almost similarly or even better than the original192

Deepseek-R1 model.193

5.3 Relationship Between Reasoning Errors and Final Answer Correctness194

Figure 8 examines the relationship between reasoning trace quality and final answer correctness195

across datasets.196

Answer Correctness is Sensitive to Missing Hops: Looking at the "Partially Correct Hops" bars197

in all three panels of Figure 8, we see that incomplete reasoning rarely yields a correct answer. This198

confirms that failure to cover all necessary facts, even in part, is a definitive bottleneck in LMs’199

reasoning chains.200

Smaller Models are More Fragile to Reasoning Errors: As shown in Figure 8 across all datasets,201

smaller models such as LLaMA-8B and Qwen-7B exhibit a higher propensity for reasoning errors202

to cascade into incorrect final answers. In contrast, larger models like DeepSeek-R1 and Claude203

3 Sonnet demonstrate greater robustness, with fewer incorrect answers arising from these types of204

reasoning errors.205

Early Irrelevance is More Detrimental than Trailing Irrelevance: In every panel of Figure 8,206

the "Early Irrelevance" category shows that "Answer Incorrect" bars are higher compared to that207

corresponding to "Trailing Irrelevance." This suggests that irrelevant reasoning steps introduced early208

in the chain are more disruptiveto the model’s final answer.209
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5.4 Overthinking Trends and Their Impact210

We systematically examine the prevalence and impact of overthinking across different models and211

datasets, highlighting how this phenomenon influences overall model performance and error rates.212

Overthinking Surges in Complex Reasoning Tasks: As shown in the MuSiQue results (see213

Figure 7c and Table 5), overthinking rises markedly across all models, with rates ranging from 36.7%214

to 61.7%. Notably, DeepSeek-R1-Distill-Qwen-7B reaches the highest overthinking rate of 61.7%,215

while even advanced models such as Claude 3 Sonnet and DeepSeek-R1 exhibit elevated rates. This216

trend suggests that task complexity, rather than model scale, is the primary driver of overthinking.217

Overthinking is a Systematic Source of Incorrect Answers: A significant portion of incorrect218

answers are accompanied by overthinking, especially in MuSiQue (see Figure 9a). Although Hot-219

potQA and 2Wiki contain fewer errors labeled as overthinking (see Table 5), when overthinking does220

occur, it almost always results in incorrect answers (see shaded bars in Figure 9c and Figure 9b). This221

finding suggests that the negative impact of overthinking is not just limited to complex datasets but222

also arises from the logical incoherence it introduces, irrespective of task difficulty. Overthinking is223

not merely harmless elaboration, but a systematic driver of reasoning collapse and failure to reach a224

final answer.225

5.5 Distribution across Question types226

Figure 10 shows the distribution of reasoning error types across question categories for all the models.227

We observe the following trends across different question types:228

Bridge Comparison Questions Are Consistently Solved, Especially from 2Wiki: Bridge ques-229

tions (mainly from 2Wiki) yield 94–100% fully correct hops across all models. Even smaller models230

like Qwen-7B and LLaMA-8B perform well, while Claude 3.7 Sonnet and Qwen-14B make no errors.231

These questions often contain explicit reference to entities or co-occurrence patterns that mirror232

the pre-training distribution of the model, allowing models to resolve them through recognition of233

patterns at the surface level rather than deep reasoning.234

Symmetric Structures Trigger Redundant Reasoning and Overhopping: Found in HotpotQA235

and 2Wiki, comparison questions show 50–68% fully correct rates, with 25–45% of errors due to236

early or trailing irrelevance. Their symmetric phrasing encourages exploration of both options, even237

when one suffices. Claude occasionally bypasses intermediate hops while still producing correct238

answers, suggesting reliance on shortcut-style or selective reasoning paths.239

Compositional Reasoning Exposes Integration Failures: Compositional questions strain models’240

ability to synthesize disjoint facts. Smaller models (Qwen-7B, LLaMA-8B, DeepSeek-R1) show241

many partially correct chains, even with correct hop counts. Claude and LLaMA-70B perform better,242

suggesting that scale and architecture improve integration.243

Inference Questions Are the Most Error-Prone and Trigger Overthinking: Inference questions,244

heavily present in MuSiQue and 2Wiki, demand implicit reasoning and multi-step logic without245

strong lexical cues. These questions yield the broadest error types, early/trailing irrelevance, misin-246

terpretation, and underhopping. Qwen-7B answers only 10% correctly, with 30% misinterpretation.247

Even DeepSeek-R1 shows 37% trailing irrelevance. Only Claude and LLaMA-70B manage modest248

control (50–55% correct), highlighting the inherent difficulty of inference.249

Inference and Compositional Tasks Drive Overthinking: Overhopping is most common in250

inference questions, reaching 70% in Qwen-7B, 65% in LLaMA-8B, and 60% in DeepSeek-R1251

and Qwen-14B. Lack of clear stopping cues leads models to overgenerate. Bridge questions show252

minimal overhopping (<20%) due to their bounded structure.253

5.6 Hop-wise Error Distribution254

To better understand how reasoning evolves across multi-hop inference chains, we analyze the255

distribution of reasoning errors at the hop level. Figure 11 illustrates these trends for all models.256
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Larger Models Are More Stable Across Hop Counts: As the number of required reasoning steps257

increases, most models exhibit a clear drop in fully correct reasoning (Nmodel = Ngold). For example,258

in Figure 11a (left panel), DeepSeek-R1-Distill-Llama-8B achieves 53% accuracy on 2-hop questions,259

but this drops to 16% for 3-hop and just 9% for 4-hop examples. In contrast, larger models such260

as DeepSeek-R1-Distill-Llama-70B (Figure 11b, right panel) and Claude 3.7 Sonnet (Figure 11d)261

show much greater stability across hop lengths, maintaining relatively consistent performance even262

as reasoning depth increases. This suggests these models have a stronger capacity to follow and263

complete longer reasoning chains without deviation.264

Overhopping Is a Major Error Source in Harder Questions: For 4-hop questions, the most265

prominent error across several models is early irrelevance (Nmodel > Ngold). This is especially clear266

for DeepSeek-R1-Distill-Qwen-7B (Figure 11a), where 73% of 4-hop examples are categorized as267

early irrelevance. Both Claude 3.7 Sonnet and DeepSeek-R1-Distill-Qwen-14B (Figure 11b and d)268

show 45% early irrelevance at 4 hops. These results indicate that, in more complex tasks, models269

frequently continue reasoning beyond what is necessary, retrieving irrelevant information.270

Shallow Collapse in Qwen-7B, Depth Limitations in Claude 3.7 Sonnet: Qwen-7B (Figure 11a)271

shows signs of partial reasoning at 3 hops but collapses almost entirely into early irrelevance (73%)272

at 4 hops, abandoning intermediate reasoning strategies. This suggests that, under high reasoning273

load, smaller models tend to default to over-retrieval. In contrast, Claude 3.7 Sonnet (Figure 11d)274

maintains strong performance up to 3 hops but shows a spike in early irrelevance (45%) at 4 hops.275

Even advanced models, therefore, encounter depth calibration issues, struggling to determine when276

to stop in extended reasoning chains.277

6 Automated Evaluation Results278

Figure 3: Two-Step LLM-Assisted Evaluation Workflow. A high-level overview of the two-step
decomposition that improves annotation accuracy and consistency for complex multi-hop reasoning.

While extensive manual evaluations provide detailed and reliable insights into model reasoning279

behaviors, it is difficult to scale, particularly for complex queries from datasets like MuSiQue, where280

each annotation can take approximately four minutes per data point. Hence, We develop a framework281

for automating the annotation process to significantly improve evaluation efficiency.282

6.1 Evaluation Workflow283

We employed an LLM-as-a-Judge framework (prompts included in Appendix C.1) to automate284

the annotation task, using gpt-4.1-mini1 as our judging model. Utilizing LLM as a judge for285

annotating reasoning failures helped us scale the process significantly and reduced evaluation time,286

achieving approximately a 20x increase in efficiency compared to manual annotation. To ensure287

parity with manual annotation process and high fidelity analysis, we provided the Judge LLM with the288

same detailed annotation guidelines used by human annotators, but prompt-engineered the guidelines289

with explicit formatting instructions and clear definitions. The Judge LLM had access to ’question’,290

’relevant context documents’, and the ’final response’ from the reasoning models.291

1A state-of-the-art model that is different from the models analyzed in this work.
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Consistent with findings for multi-step judging process in [20, 12], we adopt a two-step annotation292

process as illustrated in Figure 3. 1) Hop breakdown, where the Judge LLM identifies and annotates293

the reasoning hops present in the model’s response; and (2) Reasoning classification, where the294

Judge uses these annotated hops to categorize the response into one of our predefined error categories.295

This decomposition significantly improved annotation accuracy and consistency, aligning with296

findings from recent literature indicating that multi-step judging processes enhance reliability and297

accuracy in complex evaluation tasks [21].298

6.2 Model-Wise Agreement with Human Annotations299

To further validate our LLM-as-a-Judge pipeline, we evaluate the consistency of annotations across300

six models and three datasets: MUSIQUE, 2WIKI, and HOTPOTQA. Based on the results presented301

in Table 2, our LLM-as-a-Judge framework demonstrates promising potential for automating error302

categorization tasks traditionally performed by human annotators. Across all models and datasets,303

agreement rates vary, indicating model-specific and dataset-specific challenges. For example, models304

like DeepSeek-R1 and LLaMA 70B exhibit notably higher agreement rates, particularly on simpler305

datasets like 2WIKI, achieving above 90%. Conversely, the more challenging MUSIQUE dataset306

consistently shows lower agreement scores, underscoring inherent complexities and subtle reasoning307

errors that the Judge LLM struggles to replicate accurately.308

These results imply that while LLM-as-a-Judge systems are highly effective at automating error309

categorization for straightforward multi-hop reasoning tasks, complexities in certain datasets highlight310

the continuing necessity for human judgment or advanced refinement of Judge LLM instructions.311

The observed variability underscores that further investigation is essential to understand and mitigate312

factors contributing to lower Judge-model agreement rates, such as nuanced reasoning steps or subtle313

misinterpretations. Nonetheless, the substantial reduction in annotation time and generally high314

fidelity in simpler contexts strongly support the viability and efficiency of integrating LLM-as-a-Judge315

frameworks into broader NLP evaluation pipelines.316

Table 2: LLM-as-a-Judge Agreement (%) with Human Annotations Across Models and Datasets. We
find that across models LlaMa 70B and Claude 3.7 has highest agreement scores.

Model HotpotQA 2Wiki MuSiQue
LLaMA 8B 65.3 73.5 53.3
DeepSeek-R1 76.0 91.1 62.6
LLaMA 70B 72.0 92.6 75.0
Qwen 7B 66.6 75.0 46.6
Claude 3.7 73.3 91.1 76.6
Qwen 14B 65.3 88.2 78.3

7 Conclusion and Limitations317

We introduce a hop-based diagnostic framework for multi-hop QA that captures reasoning fidelity318

through fine-grained error categories and meta-markers for coverage and overthinking. Analysis319

of six LMs across three datasets reveals high fidelity in simple settings but persistent overhopping,320

misinterpretation, and synthesis failures in complex and distractor-rich tasks. Our two-step LLM-321

as-a-Judge method achieves up to 92% agreement with humans on simpler datasets while cutting322

evaluation time by 20x, although challenges remain for nuanced reasoning. These findings call for323

evaluation and training strategies that bridge the gap between correct answers and reasoning that is324

both efficient and faithful for truly reliable multi-hop QA systems.325

This paper was limited to text only multi-hop analysis, as other modalities of search and synthesis326

using AI-bots are becoming popular, building a similar repositiory of failure modes will be pivotal to327

finding gaps in reasoning models and fixing them.328
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A Appendix405

Stage 1 categories (coarse taxonomy)406

1. Effective reasoning: The model performs all required reasoning steps and correctly answers407

the question. The explanation is concise, coherent, and logically complete.408

2. Underthinking: The model provides insufficient reasoning, skipping essential steps or409

offering vague justifications. The response may appear shallow or overly brief, regardless of410

answer correctness.411

3. Overthinking: The model introduces excessive or tangential reasoning, often by exploring412

irrelevant paths or repeating information. This may include unnecessary document traversal413

or redundant entity comparisons.414

4. Faulty reasoning: The reasoning chain is logically flawed or factually incorrect. This may415

involve wrong inference, unsupported claims, or internal contradictions, even if the structure416

appears complete.417

Stage 2 categories (structured taxonomy)418

Let Nmodel denote the number of reasoning steps predicted by the model, and Ngold denote the number419

of hops required according to the gold standard.420

1. Category 1: Nmodel = Ngold; all hops correct; final answer correct. The model follows421

the required inference path, makes all correct hops and provides the correct final answer.422
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Figure 4: Improvement in Inter-Annotator Agreement Across Refinement Stages. Raw agree-
ment and Cohen’s kappa both increase substantially as the reasoning error taxonomy evolves from
loosely defined to formally structured categories, with the highest agreement achieved after Stage 3
refinements.

Table 3: Examples of different question types with highlighted entities

Question type Bridge entity / reasoning Example

Compositional
Requires chaining
intermediate entities

Bridge: Versus Doc 1: Versus (Versace) is the diffusion line of Italian...,
a gift by the founder Gianni Versace.
Doc 2: Gianni Versace was shot and killed outside...
Question: Why did the founder of Versus die?

Inference
Demands implicit
reasoning via unstated
bridge facts

Bridge: Grandchild Doc 1: Dambar Shah was the father of Krishna Shah...
Doc 2: Krishna Shah was the father of Rudra Shah...
Question: Who is the grandchild of Dambar Shah?

Comparison
Involves comparing
attributes across
entities

Compare: Age of persons Doc 1: Theodor Haecker (1879–1945) was a...
Doc 2: Harry Vaughan Watkins (1875–1945) was a...
Question: Who lived longer, Theodor Haecker or Harry
Vaughan Watkins?

Bridge comparison
Combines inference
followed by
comparison

Bridge: Directors’
Nationality

Doc 1: FAQ: Frequently Asked Questions directed by
Carlos Atanes...
Doc 2: The Big Money directed by John Paddy
Carstairs...
Doc 3: Carlos Atanes is a Spanish film director.
Doc 4: John Paddy Carstairs was a British film director.
Question: Are both directors of FAQ: Frequently Asked
Questions and The Big Money from the same country?

2. Category 2: Nmodel = Ngold; all hops correct; final answer incorrect. The reasoning423

path is structurally correct, but the final answer is wrong due to errors in aggregation or424

conclusion.425

3. Category 3: Nmodel = Ngold; one or more hops incorrect/hallucinated. The hop count426

matches, but one or more steps are logically or factually incorrect. The final answer may or427

may not be correct.428

4. Category 4: Nmodel < Ngold; all predicted hops correct; final answer incorrect. The429

model correctly predicts a subset of the required hops but misses key steps, leading to an430

incorrect answer.431

5. Category 5: Nmodel < Ngold; all predicted hops correct; final answer correct (shortcut).432

The model answers correctly using a valid but incomplete subset of required reasoning hops.433

A shortcut was taken.434

6. Category 6: Nmodel < Ngold; one or more hops incorrect/hallucinated. The model435

generates fewer hops than required, with some being inaccurate or irrelevant. The chain is436

both incomplete and partially flawed.437

12



7. Category 7: Nmodel > Ngold; irrelevant hops after gold path (trailing overthinking).438

After attempting the required reasoning, the model continues with superfluous or irrelevant439

steps, leading to over-generation.440

8. Category 8: Nmodel > Ngold; irrelevant or hallucinated hops before/interleaved. Ir-441

relevant hops occur early in the reasoning process or are interleaved with required steps,442

disrupting logical progression.443

9. Category 9: Nmodel = 0. No reasoning path is shown; the model outputs an answer directly444

without generating any hops.445

10. Category 10: Question misinterpretation. The reasoning chain reflects a misunderstanding446

of the question, regardless of hop count or structural form.447

Dataset Details448

Dataset Question Types #Hops Difficulty

HotpotQA Composition, Comparison 2 Easy–Medium
2WikiMultiHopQA Composition, Comparison, In-

ference, Bridge Comparison
2, 4 Medium–Hard

MuSiQue Composition, Inference 2, 3, 4 Hard

Table 4: Comparison of datasets in terms of question types, hop complexity, and difficulty level.

• 2WikiMultiHopQA [19]: Includes 10 Wikipedia paragraphs per question, retrieved from449

structured and unstructured sources. Each instance provides gold reasoning paths and450

supporting facts to ensure multi-hop inference.451

• HotpotQA [1]: Each question is paired with two gold documents and eight distractors (10 in452

total). Designed to test both answer accuracy and reasoning transparency, including bridge453

and comparison questions with annotated supporting sentences.454

• MuSiQue [2]: Presents 20-document contexts per question. Constructed to reduce shortcut-455

based reasoning by enforcing sub-question dependencies and including challenging unan-456

swerable distractors.457

Overthinking Rates458

Table 5: Overthinking Rates by Model and Dataset. Percentage of answers with Overthinking for
each model on the 2Wiki-MultiHopQA, HotpotQA, and MuSiQue datasets. The results highlight the
substantial increase in overthinking in more complex MuSiQue dataset.

Model 2Wiki-MultiHopQA HotpotQA MuSiQue
DeepSeek-R1-Distill-Llama-8B 41.2% 29.3% 48.3%
DeepSeek-R1-Distill-Llama-70B 19.1% 12.0% 41.7%
DeepSeek-R1-Distill-Qwen-7B 26.5% 41.3% 61.7%
DeepSeek-R1-Distill-Qwen-14B 30.9% 28.0% 50.0%
DeepSeek-R1 27.9% 18.7% 53.3%
Claude 3.7 Sonnet 22.1% 22.7% 36.7%

13



B Additional Figures459

Figure 5: Example of Input given to annotators

Figure 6: Example of Output labeled by the human annotators
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(a) 2Wiki

(b) HotpotQA

(c) MuSiQue

Figure 7: Distribution of reasoning error types across datasets. (a) 2WIKI, (b) HOTPOTQA, (c)
MUSIQUE.
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(a) 2Wiki

(b) HotpotQA

(c) MuSiQue

Figure 8: Answer correctness breakdown by reasoning category across datasets. (a) 2WIKI, (b)
HOTPOTQA, (c) MUSIQUE.
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(a) MuSiQue

(b) HotpotQA

(c) 2Wiki

Figure 9: Overthinking Trends with Answer Incorrectness across Datasets. (a) MuSiQue, (b)
HotpotQA, and (c) 2Wiki.
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(a) LLaMA-8B (Distill) (b) LLaMA-70B (Distill)

(c) Qwen-7B (Distill) (d) Qwen-14B (Distill)

(e) DeepSeek-R1 (f) Claude 3 Sonnet

Figure 10: Distribution of reasoning error types across question types for six models. Each subfigure
shows model-specific trends in how question type impacts reasoning errors.
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(a) Llama-8B (Distill) (b) Qwen-14B (Distill)

(c) Qwen-7B (Distill) (d) Qwen-14B (Distill)

(e) DeepSeek-R1 (f) Claude 3 Sonnet

Figure 11: Hop-wise distribution of reasoning errors on MuSiQue for four models. Subplots (a)–(f) show how
models vary in reasoning step correctness and overhopping behavior. Results highlight the decline in fully correct
reasoning with greater hop count, and the increasing prevalence of overhopping errors on harder questions.
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C LLM-As-A-Judge Prompts460

C.1 LLM-as-a-Judge Prompting Workflow461

We designed a two-stage prompting workflow for automated evaluation, aligning with the decomposi-462

tion shown in Figure 3. Stage 1 extracts the reasoning hops from model responses, while Stage 2463

performs classification into error categories based on hop structure and answer correctness.464

Stage 1: Hop Breakdown. The Judge LLM identifies the number of reasoning hops (Nhops) taken465

in the model’s response.466

Stage 1 Prompt

You are a meticulous evaluator of multi -hop reasoning.
Your task is to identify and count the reasoning hops (Nhops)
in the m o d e l s response. Hop is a distinct piece of

information (entity)
or set of sentences retrieved from a document. All information

extracted
from the same document counts as a single hop.

### Rules for counting hops:
- Count 1 hop when the model extracts a fact or entity

from a new document.
- Multiple facts from the same document = 1 hop.
- Each unique document mentioned (even if discarded later)

counts as one hop.
- Ignore final conclusions or question clarifications.
- Ignore comparisons , calculations , or rankings.
- Ignore Re -checking or reiterating previously retrieved facts.

Input:
{

"Question ": "<question >",
"Gold Supporting Facts": ["Doc 1","Doc 2"],
"Rhops_Count ": <integer >,
"Context ": "<full concatenated context docs >",
"Model Response ": "<model ’s reasoning + answer >"

}

Output:
{

"Nhops_Count ": <integer >,
"Hop_Breakdown ": "hop 1: ...\ nhop 2: ...",
"Documents_Covered_in_Nhops ": ["Doc 1","Doc 2","Doc 3"]

}

467

Stage 2: Reasoning Classification. Using the extracted hop structure, the Judge LLM compares468

Nhops against Rhops, evaluates final answer correctness, and assigns one predefined error category.469
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Stage 2 Prompt

You are a strict classifier of reasoning quality in multi -hop
QA.

Your task is to compare Nhops with Rhops , check answer
correctness ,

and assign one error category.

### Steps:

1. Verify if the final answer matches the gold answer.
2. Conclude if Nhops=Rhops , Nhops >Rhops or Nhops <Rhops?

**VERY IMPORTANT STEP in DECIDING ERROR CATEGORIES **
3. Apply an Overthinking_Flag if redundant confirmations appear.
4. Assign exactly one error category from the predefined

taxonomy.

### Classification Categories:

<List of all error types with definition >

Input:
{

"Question ": "<string >",
"Gold Supporting Facts": ["Doc 1","Doc 2"],
"Rhops_Count ": 2,
"Gold Context ": "<only gold docs full text >",
"Model Response ": "<model ’s reasoning + answer >",
"Nhops_Count ": <integer >,
"Documents_Covered_in_Nhops ": ["Doc 1","Doc 2","Doc 3"],
"Gold Final Answer ": "<string >"

}

Output:
{

"Final_Answer_Correctness ": true ,
"Overthinking_Flag ": false ,
"Error_Category_Justification ": "Step -by-step reasoning ...",
"Error_Category ": "Category # - Category Name"

}

470
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NeurIPS Paper Checklist471

The checklist is designed to encourage best practices for responsible machine learning research,472

addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove473

the checklist: The papers not including the checklist will be desk rejected. The checklist should474

follow the references and follow the (optional) supplemental material. The checklist does NOT count475

towards the page limit.476

Please read the checklist guidelines carefully for information on how to answer these questions. For477

each question in the checklist:478

• You should answer [Yes] , [No] , or [NA] .479

• [NA] means either that the question is Not Applicable for that particular paper or the480

relevant information is Not Available.481

• Please provide a short (1–2 sentence) justification right after your answer (even for NA).482

The checklist answers are an integral part of your paper submission. They are visible to the483

reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it484

(after eventual revisions) with the final version of your paper, and its final version will be published485

with the paper.486

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.487

While "[Yes] " is generally preferable to "[No] ", it is perfectly acceptable to answer "[No] " provided a488

proper justification is given (e.g., "error bars are not reported because it would be too computationally489

expensive" or "we were unable to find the license for the dataset we used"). In general, answering490

"[No] " or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we491

acknowledge that the true answer is often more nuanced, so please just use your best judgment and492

write a justification to elaborate. All supporting evidence can appear either in the main paper or the493

supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification494

please point to the section(s) where related material for the question can be found.495

IMPORTANT, please:496

• Delete this instruction block, but keep the section heading “NeurIPS Paper Checklist",497

• Keep the checklist subsection headings, questions/answers and guidelines below.498

• Do not modify the questions and only use the provided macros for your answers.499

1. Claims500

Question: Do the main claims made in the abstract and introduction accurately reflect the501

paper’s contributions and scope?502

Answer: [Yes]503

Justification: Yes, the claims are summarized in "Contributions" within the Introduction504

are appropriately substantiated throughout the paper and additional details and figures have505

been added to the Appendix.506

Guidelines:507

• The answer NA means that the abstract and introduction do not include the claims508

made in the paper.509

• The abstract and/or introduction should clearly state the claims made, including the510

contributions made in the paper and important assumptions and limitations. A No or511

NA answer to this question will not be perceived well by the reviewers.512

• The claims made should match theoretical and experimental results, and reflect how513

much the results can be expected to generalize to other settings.514

• It is fine to include aspirational goals as motivation as long as it is clear that these goals515

are not attained by the paper.516

2. Limitations517

Question: Does the paper discuss the limitations of the work performed by the authors?518

Answer: [Yes]519
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Justification: Paper notes lower judge agreement on MuSiQue and need for human over-520

sight; challenges remain for nuanced reasoning (Sec. 5.2 and Section 7: Conclusion and521

Limitations section)522

Guidelines:523

• The answer NA means that the paper has no limitation while the answer No means that524

the paper has limitations, but those are not discussed in the paper.525

• The authors are encouraged to create a separate "Limitations" section in their paper.526

• The paper should point out any strong assumptions and how robust the results are to527

violations of these assumptions (e.g., independence assumptions, noiseless settings,528

model well-specification, asymptotic approximations only holding locally). The authors529

should reflect on how these assumptions might be violated in practice and what the530

implications would be.531

• The authors should reflect on the scope of the claims made, e.g., if the approach was532

only tested on a few datasets or with a few runs. In general, empirical results often533

depend on implicit assumptions, which should be articulated.534

• The authors should reflect on the factors that influence the performance of the approach.535

For example, a facial recognition algorithm may perform poorly when image resolution536

is low or images are taken in low lighting. Or a speech-to-text system might not be537

used reliably to provide closed captions for online lectures because it fails to handle538

technical jargon.539

• The authors should discuss the computational efficiency of the proposed algorithms540

and how they scale with dataset size.541

• If applicable, the authors should discuss possible limitations of their approach to542

address problems of privacy and fairness.543

• While the authors might fear that complete honesty about limitations might be used by544

reviewers as grounds for rejection, a worse outcome might be that reviewers discover545

limitations that aren’t acknowledged in the paper. The authors should use their best546

judgment and recognize that individual actions in favor of transparency play an impor-547

tant role in developing norms that preserve the integrity of the community. Reviewers548

will be specifically instructed to not penalize honesty concerning limitations.549

3. Theory assumptions and proofs550

Question: For each theoretical result, does the paper provide the full set of assumptions and551

a complete (and correct) proof?552

Answer: [NA] .553

Justification: No formal theorems/proofs; work is applied where we develop a detail tax-554

onomy of reasoning model failure modes and validate the occurrence of such failures with555

detailed experiments across proprietary and open source reasoning models like DeepSeek,556

Claude etc.557

Guidelines:558

• The answer NA means that the paper does not include theoretical results.559

• All the theorems, formulas, and proofs in the paper should be numbered and cross-560

referenced.561

• All assumptions should be clearly stated or referenced in the statement of any theorems.562

• The proofs can either appear in the main paper or the supplemental material, but if563

they appear in the supplemental material, the authors are encouraged to provide a short564

proof sketch to provide intuition.565

• Inversely, any informal proof provided in the core of the paper should be complemented566

by formal proofs provided in appendix or supplemental material.567

• Theorems and Lemmas that the proof relies upon should be properly referenced.568

4. Experimental result reproducibility569

Question: Does the paper fully disclose all the information needed to reproduce the main ex-570

perimental results of the paper to the extent that it affects the main claims and/or conclusions571

of the paper (regardless of whether the code and data are provided or not)?572
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Answer: [Yes]573

Justification: Yes, the paper highlights the prompt for scaling annotation of failure patterns,574

provides details of not just taxonomy, but iteration and concepts, as well as explanations to575

all reasoning model failures in Appendix C.1.576

Guidelines:577

• The answer NA means that the paper does not include experiments.578

• If the paper includes experiments, a No answer to this question will not be perceived579

well by the reviewers: Making the paper reproducible is important, regardless of580

whether the code and data are provided or not.581

• If the contribution is a dataset and/or model, the authors should describe the steps taken582

to make their results reproducible or verifiable.583

• Depending on the contribution, reproducibility can be accomplished in various ways.584

For example, if the contribution is a novel architecture, describing the architecture fully585

might suffice, or if the contribution is a specific model and empirical evaluation, it may586

be necessary to either make it possible for others to replicate the model with the same587

dataset, or provide access to the model. In general. releasing code and data is often588

one good way to accomplish this, but reproducibility can also be provided via detailed589

instructions for how to replicate the results, access to a hosted model (e.g., in the case590

of a large language model), releasing of a model checkpoint, or other means that are591

appropriate to the research performed.592

• While NeurIPS does not require releasing code, the conference does require all submis-593

sions to provide some reasonable avenue for reproducibility, which may depend on the594

nature of the contribution. For example595

(a) If the contribution is primarily a new algorithm, the paper should make it clear how596

to reproduce that algorithm.597

(b) If the contribution is primarily a new model architecture, the paper should describe598

the architecture clearly and fully.599

(c) If the contribution is a new model (e.g., a large language model), then there should600

either be a way to access this model for reproducing the results or a way to reproduce601

the model (e.g., with an open-source dataset or instructions for how to construct602

the dataset).603

(d) We recognize that reproducibility may be tricky in some cases, in which case604

authors are welcome to describe the particular way they provide for reproducibility.605

In the case of closed-source models, it may be that access to the model is limited in606

some way (e.g., to registered users), but it should be possible for other researchers607

to have some path to reproducing or verifying the results.608

5. Open access to data and code609

Question: Does the paper provide open access to the data and code, with sufficient instruc-610

tions to faithfully reproduce the main experimental results, as described in supplemental611

material?612

Answer: [NA]613

Justification: aper does not include solutions that require code. Annotation pipeline is614

committed to Github and will be available if requested.615

Guidelines:616

• The answer NA means that paper does not include experiments requiring code.617

• Please see the NeurIPS code and data submission guidelines (https://nips.cc/618

public/guides/CodeSubmissionPolicy) for more details.619

• While we encourage the release of code and data, we understand that this might not be620

possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not621

including code, unless this is central to the contribution (e.g., for a new open-source622

benchmark).623

• The instructions should contain the exact command and environment needed to run to624

reproduce the results. See the NeurIPS code and data submission guidelines (https:625

//nips.cc/public/guides/CodeSubmissionPolicy) for more details.626
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• The authors should provide instructions on data access and preparation, including how627

to access the raw data, preprocessed data, intermediate data, and generated data, etc.628

• The authors should provide scripts to reproduce all experimental results for the new629

proposed method and baselines. If only a subset of experiments are reproducible, they630

should state which ones are omitted from the script and why.631

• At submission time, to preserve anonymity, the authors should release anonymized632

versions (if applicable).633

• Providing as much information as possible in supplemental material (appended to the634

paper) is recommended, but including URLs to data and code is permitted.635

6. Experimental setting/details636

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-637

parameters, how they were chosen, type of optimizer, etc.) necessary to understand the638

results?639

Answer: [Yes]640

Justification: Yes. Inference settings (e.g., temperature 0.6 for DeepSeek, 0.0 for Claude),641

datasets, question types, sample sizes, and annotation steps are specified (Sec. 3.1).642

Guidelines:643

• The answer NA means that the paper does not include experiments.644

• The experimental setting should be presented in the core of the paper to a level of detail645

that is necessary to appreciate the results and make sense of them.646

• The full details can be provided either with the code, in appendix, or as supplemental647

material.648

7. Experiment statistical significance649

Question: Does the paper report error bars suitably and correctly defined or other appropriate650

information about the statistical significance of the experiments?651

Answer: [Yes]652

Justification: Detailed plots showing distributions of failure across the reasoning models and653

datasets have been added in Results section as well as Appendix B. With an additional page,654

if the paper is accepted, we plan to add more box plots showing distribution of annotations.655

Guidelines:656

• The answer NA means that the paper does not include experiments.657

• The authors should answer "Yes" if the results are accompanied by error bars, confi-658

dence intervals, or statistical significance tests, at least for the experiments that support659

the main claims of the paper.660

• The factors of variability that the error bars are capturing should be clearly stated (for661

example, train/test split, initialization, random drawing of some parameter, or overall662

run with given experimental conditions).663

• The method for calculating the error bars should be explained (closed form formula,664

call to a library function, bootstrap, etc.)665

• The assumptions made should be given (e.g., Normally distributed errors).666

• It should be clear whether the error bar is the standard deviation or the standard error667

of the mean.668

• It is OK to report 1-sigma error bars, but one should state it. The authors should669

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis670

of Normality of errors is not verified.671

• For asymmetric distributions, the authors should be careful not to show in tables or672

figures symmetric error bars that would yield results that are out of range (e.g. negative673

error rates).674

• If error bars are reported in tables or plots, The authors should explain in the text how675

they were calculated and reference the corresponding figures or tables in the text.676

8. Experiments compute resources677
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Question: For each experiment, does the paper provide sufficient information on the com-678

puter resources (type of compute workers, memory, time of execution) needed to reproduce679

the experiments?680

Answer: [NA]681

Justification: This paper doesn’t involve training a model for solution, rather just relies682

on model inferencing (API calls not GPU dependent) to generate responses and traces to683

analyze/manually annotate them684

Guidelines:685

• The answer NA means that the paper does not include experiments.686

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,687

or cloud provider, including relevant memory and storage.688

• The paper should provide the amount of compute required for each of the individual689

experimental runs as well as estimate the total compute.690

• The paper should disclose whether the full research project required more compute691

than the experiments reported in the paper (e.g., preliminary or failed experiments that692

didn’t make it into the paper).693

9. Code of ethics694

Question: Does the research conducted in the paper conform, in every respect, with the695

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?696

Answer: [Yes]697

Justification: We use public QA datasets and model outputs; no personal/sensitive data;698

analysis/annotation only (Sec. 3 Datasets).699

Guidelines:700

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.701

• If the authors answer No, they should explain the special circumstances that require a702

deviation from the Code of Ethics.703

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-704

eration due to laws or regulations in their jurisdiction).705

10. Broader impacts706

Question: Does the paper discuss both potential positive societal impacts and negative707

societal impacts of the work performed?708

Answer: [Yes]709

Justification: We highlight and argue for fidelity/robustness benefits for reliable systems710

throughout the paper through identifying failure patterns and finding the root cause for711

remediation (Results; Conclusion)712

Guidelines:713

• The answer NA means that there is no societal impact of the work performed.714

• If the authors answer NA or No, they should explain why their work has no societal715

impact or why the paper does not address societal impact.716

• Examples of negative societal impacts include potential malicious or unintended uses717

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations718

(e.g., deployment of technologies that could make decisions that unfairly impact specific719

groups), privacy considerations, and security considerations.720

• The conference expects that many papers will be foundational research and not tied721

to particular applications, let alone deployments. However, if there is a direct path to722

any negative applications, the authors should point it out. For example, it is legitimate723

to point out that an improvement in the quality of generative models could be used to724

generate deepfakes for disinformation. On the other hand, it is not needed to point out725

that a generic algorithm for optimizing neural networks could enable people to train726

models that generate Deepfakes faster.727
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• The authors should consider possible harms that could arise when the technology is728

being used as intended and functioning correctly, harms that could arise when the729

technology is being used as intended but gives incorrect results, and harms following730

from (intentional or unintentional) misuse of the technology.731

• If there are negative societal impacts, the authors could also discuss possible mitigation732

strategies (e.g., gated release of models, providing defenses in addition to attacks,733

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from734

feedback over time, improving the efficiency and accessibility of ML).735

11. Safeguards736

Question: Does the paper describe safeguards that have been put in place for responsible737

release of data or models that have a high risk for misuse (e.g., pretrained language models,738

image generators, or scraped datasets)?739

Answer: [No]740

Justification: No new high-risk models/datasets release.741

Guidelines:742

• The answer NA means that the paper poses no such risks.743

• Released models that have a high risk for misuse or dual-use should be released with744

necessary safeguards to allow for controlled use of the model, for example by requiring745

that users adhere to usage guidelines or restrictions to access the model or implementing746

safety filters.747

• Datasets that have been scraped from the Internet could pose safety risks. The authors748

should describe how they avoided releasing unsafe images.749

• We recognize that providing effective safeguards is challenging, and many papers do750

not require this, but we encourage authors to take this into account and make a best751

faith effort.752

12. Licenses for existing assets753

Question: Are the creators or original owners of assets (e.g., code, data, models), used in754

the paper, properly credited and are the license and terms of use explicitly mentioned and755

properly respected?756

Answer: [Yes]757

Justification: All papers and datasets are appropriately cited758

Guidelines:759

• The answer NA means that the paper does not use existing assets.760

• The authors should cite the original paper that produced the code package or dataset.761

• The authors should state which version of the asset is used and, if possible, include a762

URL.763

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.764

• For scraped data from a particular source (e.g., website), the copyright and terms of765

service of that source should be provided.766

• If assets are released, the license, copyright information, and terms of use in the767

package should be provided. For popular datasets, paperswithcode.com/datasets768

has curated licenses for some datasets. Their licensing guide can help determine the769

license of a dataset.770

• For existing datasets that are re-packaged, both the original license and the license of771

the derived asset (if it has changed) should be provided.772

• If this information is not available online, the authors are encouraged to reach out to773

the asset’s creators.774

13. New assets775

Question: Are new assets introduced in the paper well documented and is the documentation776

provided alongside the assets?777

Answer: [Yes]778
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Justification: Error categories, conceptualization, and taxonomy is being released. With the779

camera ready version, raw annotations for all data points will also be open sourced.780

Guidelines:781

• The answer NA means that the paper does not release new assets.782

• Researchers should communicate the details of the dataset/code/model as part of their783

submissions via structured templates. This includes details about training, license,784

limitations, etc.785

• The paper should discuss whether and how consent was obtained from people whose786

asset is used.787

• At submission time, remember to anonymize your assets (if applicable). You can either788

create an anonymized URL or include an anonymized zip file.789

14. Crowdsourcing and research with human subjects790

Question: For crowdsourcing experiments and research with human subjects, does the paper791

include the full text of instructions given to participants and screenshots, if applicable, as792

well as details about compensation (if any)?793

Answer: [NA]794

Justification: Human annotation is described as an internal labeling pipeline; no crowdsourc-795

ing study or participant research reported796

Guidelines:797

• The answer NA means that the paper does not involve crowdsourcing nor research with798

human subjects.799

• Including this information in the supplemental material is fine, but if the main contribu-800

tion of the paper involves human subjects, then as much detail as possible should be801

included in the main paper.802

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,803

or other labor should be paid at least the minimum wage in the country of the data804

collector.805

15. Institutional review board (IRB) approvals or equivalent for research with human806

subjects807

Question: Does the paper describe potential risks incurred by study participants, whether808

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)809

approvals (or an equivalent approval/review based on the requirements of your country or810

institution) were obtained?811

Answer: [NA]812

Justification: No human-subjects study requiring IRB is described.813

Guidelines:814

• The answer NA means that the paper does not involve crowdsourcing nor research with815

human subjects.816

• Depending on the country in which research is conducted, IRB approval (or equivalent)817

may be required for any human subjects research. If you obtained IRB approval, you818

should clearly state this in the paper.819

• We recognize that the procedures for this may vary significantly between institutions820

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the821

guidelines for their institution.822

• For initial submissions, do not include any information that would break anonymity (if823

applicable), such as the institution conducting the review.824

16. Declaration of LLM usage825

Question: Does the paper describe the usage of LLMs if it is an important, original, or826

non-standard component of the core methods in this research? Note that if the LLM is used827

only for writing, editing, or formatting purposes and does not impact the core methodology,828

scientific rigorousness, or originality of the research, declaration is not required.829

Answer: [Yes]830

28



Justification: We used LLM-as-a-Judge in our experiments to scale up the annotation of831

failure modes and also correlate it with human annotators/judges. The details of this setup to832

use a LLM-judge for annotation reasoning model failures for multi-hop conversational search833

is central to the paper, and has been documented (two-step hop breakdown + classification,834

model named, guidance provided) in Section 5.835

Guidelines:836

• The answer NA means that the core method development in this research does not837

involve LLMs as any important, original, or non-standard components.838

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)839

for what should or should not be described.840
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