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Abstract001

Retrieval Augmented Generation (RAG) sys-002
tems extend large language models by ground-003
ing them in external documents. However,004
most evaluations measure retrieval or gener-005
ation quality rather than asking a more ba-006
sic question of if the knowledge base it-007
self contain the information needed to an-008
swer user questions? This work introduces009
GapView, a diagnostic framework that mea-010
sures knowledge-base sufficiency before re-011
trieval occurs. GapView computes cosine simi-012
larity between question and document embed-013
dings, analyzes stability across embedding di-014
mensions, and visualizes the resulting relation-015
ships using multidimensional scaling(MDS),016
polar, and one-dimensional ranked plots. Using017
six small synthetic datasets from programming018
and medical text, the results show that cosine019
similarity correlates with human judgments at020
moderate to strong levels, with correlation val-021
ues ranging from 0.32 to 0.83. Dimensional-022
ity analysis reveals that below 100 dimensions,023
there is a loss of semantic clarity. Visualization024
analysis shows that MDS contributes little di-025
agnostic value, as it fails to distinguish which026
questions relate to which documents. While,027
simpler polar and one dimensional ranked plots028
make numerical patterns intuitive and suggest029
where the knowledge base lacks sufficient infor-030
mation. Together GapView provides an inter-031
pretable and pre-retrieval method for detecting032
missing knowledge and assessing completeness033
of the knowledge base for RAG systems.034

1 Introduction035

Large Language Models (LLMs) demonstrate036

strong abilities in comprehending and producing037

text that resembles human writing, attaining no-038

table success across various fields. Prominent ex-039

amples include GPT-4 (OpenAI) (Roumeliotis and040

Tselikas, 2023), Llama (Meta) (Grattafiori et al.,041

2024), Gemini (Google) (Islam and Ahmed, 2024),042

Mistral (Mistral AI) (Jiang et al., 2023), and Claude043

(Anthropic) (Anthropic, 2024). Despite their suc- 044

cess, LLMs like these often achieve human-level 045

performance, but they still produce incorrect an- 046

swers (Perković et al., 2024). 047

LLMs can produce incorrect answers when 048

asked about events that occurred after the cutoff 049

date of their training data or they may also gener- 050

ate incorrect responses when prompts are vague 051

or ambiguous. Furthermore, if there are topics 052

in the LLMs training data that are rare or poorly 053

represented, they may struggle to reason about 054

them (Matarazzo and Torlone, 2025). The stan- 055

dard solution to this problem is RAG (Lewis et al., 056

2020). RAG is a technique that enables LLMs to 057

access and incorporate information from external 058

sources, thereby improving the precision of LLM 059

replies. It is a way to give LLM knowledge on 060

demand, rather than relying on the LLM’s existing 061

training data. However, RAG systems can still fail 062

if the knowledge base itself lacks the information 063

required to support a question (Zhang and Zhang, 064

2025). 065

In order to address the persistent errors in RAG 066

systems, various evaluation methods have been pro- 067

posed to assess and enhance their reliability. Most 068

existing approaches focus on retrieval or genera- 069

tion quality, not on whether the knowledge base 070

itself is complete. Examples include RAGAS (Es 071

et al., 2024) and ARES (Saad-Falcon et al., 2024), 072

which evaluate answer quality and factuality, or 073

separately evaluate the retriever’s accuracy (Salemi 074

and Zamani, 2024; Alinejad et al., 2024; Zhang 075

et al., 2025; Ampazis, 2024; Li et al., 2024; Shi 076

et al., 2024), and the generator’s ability to use re- 077

trieved information in its output (Liu et al., 2023; 078

Chen et al., 2024). While these STOA efforts as- 079

sessed how effectively a RAG system retrieves and 080

incorporates documents for answer generation, they 081

all share the same assumption that the knowledge 082

base of the system already contains the information 083

needed to answer user questions. But, this is not 084
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always the case. For instance, a medical assistant085

might be asked about a condition or topic that is086

not represented in its knowledge base at all, which087

means the system would fail even if retrieval be-088

haves perfectly. This gap motivates the need for a089

simple way to check whether the knowledge base090

actually contains the information required to an-091

swer a question. Retriever scores depend on the092

retriever and its settings, while GapView checks093

whether the knowledge base itself has enough in-094

formation before any retrieval occurs.095

Prior studies show that cosine similarity between096

embeddings aligns with human judgments of cor-097

rectness, with correlations of 0.48–0.77 (McGin-098

ness et al., 2025; Hua et al., 2025). This suggests099

that cosine similarity could serve as a simple quan-100

titative way to assess whether a RAG system’s101

knowledge base has the information needed to an-102

swer questions a user might ask.103

We introduce GapView. The goal of GapView is104

to visually assess the fitness of a knowledge base105

with respect to expected user questions, long before106

any documents are retrieved from the knowledge107

base and any answers are elicited from a generative108

LLM. GapView uses cosine similarity between the109

documents in the knowledge base and the expected110

questions as the basis to identify which questions111

might need additional documents. GapView vi-112

sualizes these cosine-based relationships through113

complementary methods of multidimensional scal-114

ing (MDS) (Saeed et al., 2018), one-dimensional115

ranked similarity plots, and polar distance plots.116

Some of these visualizations offer intuitive repre-117

sentations that help identify where information is118

dense, sparse, or missing.119

We test GapView with text-embedding-3-large120

from OpenAI as it performed strongly on the121

MTEB benchmark (Muennighoff et al., 2022). The122

size of these embeddings is 3,072, but this em-123

bedding model follows the Matryoshka princi-124

ple (Kusupati et al., 2022). As such, we also ex-125

plore the lower-dimensionality embeddings, which126

lead to substantial computational savings, espe-127

cially on large RAG databases.128

We evaluate GapView on six synthetic datasets,129

three of them are clinical and three are program-130

ming. We decided to pick the medical and program-131

ming domain to determine if this method works for132

different types of language. The programming doc-133

uments give clear step by step instructions, while134

the medical documents entail of more specialized135

and descriptive terminology. We use synthetic data136

to test this, as it helps avoid overlap with LLM 137

training corpora (Deng et al., 2024), so the results 138

reflect the new unseen text rather than model mem- 139

orization. This setup provides a clear way to test 140

whether GapView can identify when the knowl- 141

edge base lacks the information needed to answer 142

a question. 143

We assess GapView through the following re- 144

search questions, and explain the corresponding 145

evaluation methods in the experimental section: 146

• RQ1 (Alignment of Cosine Similarity): 147

How well does the cosine similarity metric 148

align with human judgments? 149

• RQ2 (Embedding stability): How stable is 150

cosine-similarity measure under changes in 151

embedding dimensionality? 152

RQ3 (Visualization effectiveness): Do vi- 153

sualizations of cosine similarity help locate 154

problematic gaps in the knowledge bases? 155

This work makes the following contributions for 156

evaluating knowledge base fitness for RAG sys- 157

tems. 158

• Shifts the evaluation focus from retrieval and 159

generation to knowledge base sufficiency. 160

• Demonstrates interpretable visualizations us- 161

ing polar and one-dimensional ranked plots 162

that make cosine similarity patterns easier to 163

interpret and reveal missing or weak areas in 164

the knowledge base. 165

• Evaluates how embedding dimensionality af- 166

fects semantic fidelity. 167

The paper is organized as follows: Section 2 de- 168

scribes the experimental setup; Section 3 presents 169

the related work; Section 4 introduces the exper- 170

iment; Section 5 details the results; and Section 171

5 summarizes the findings and concludes this pa- 172

per. All material for this work is available in our 173

Zenodo repository (Anonymous, 2025). 174

2 Related Work 175

The evaluation of RAG systems has been an ac- 176

tive area of research, with number frameworks de- 177

veloped to assess either individual components of 178

retrieval, re-ranking, and generation or the over- 179

all end-to-end performance of the system. For 180

broader surveys, see Yu et al. (Yu et al., 2024), 181
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Gan et al. (Gan et al., 2025), and Knollmeyer et182

al. (Knollmeyer et al., 2024).183

Several frameworks have been proposed to eval-184

uate (RAG) systems systematically. Ragas (Es185

et al., 2024) introduced an automated approach that186

measures performance across three complementary187

dimensions: context relevance, answer relevance,188

and faithfulness. While ARES (Saad-Falcon et al.,189

2024) extended this idea by combining limited190

human annotations with a fine-tuned lightweight191

LLM that serves as an evaluator along the same192

dimensions. Other methods focus more directly on193

retrieval evaluation. For instance, eRAG (Salemi194

and Zamani, 2024) runs the language model on195

each retrieved document and scores the resulting196

answers against the ground truth to assess retriever197

performance.198

Alternative approaches such as Facts as a Func-199

tion (FaaF) (Katranidis and Barany, 2024) and200

RAGElo (Rackauckas et al., 2024) also automate201

evaluation of RAG systems, but differ in focus.202

FaaF turns factual statements into callable func-203

tions to improve factual recall, and RAGElo em-204

ploys the model itself as a self-judging evaluator205

for ranking system outputs. Together, these frame-206

works represent progress toward more robust and207

automated RAG evaluation.208

Despite recent progress, most evaluation frame-209

works still emphasize retrieval or generation quality210

rather than asking a more fundamental question: is211

the knowledge base itself sufficient for the RAG212

system to answer user queries? Cosine similarity213

is a standard way to measure semantic relatedness214

in embedding spaces and has been shown to align215

well with human judgments of meaning. McGin-216

ness et al. (McGinness et al., 2025) found that there217

were correlations of 0.48–0.77 between embedding218

similarity and expert judgments. Hua et al. (Hua219

et al., 2025) observed similar patterns with cosine220

similarity when comparing the rationales generated221

by LLMs and humans. They found that models like222

GPT-4o and Claude 3.5 Sonnet mostly matched hu-223

man scores and they produced rationales meaning224

their explanations were semantically similar to hu-225

man reasoning. Together, these findings show that226

cosine similarity reliably captures semantic close-227

ness, supporting its use as a diagnostic measure of228

knowledge-base fitness.229

3 Experiment 230

This section presents our experiment showing how 231

cosine similarity can assess knowledge-base suffi- 232

ciency and embedding stability across domains. 233

3.1 Datasets 234

We generated six synthetic datasets, each consist- 235

ing of one fictional document paired with about 236

50 questions, for a total of 300 questions. Three 237

datasets are in the medical domain and three in 238

programming. 239

Existing QA benchmarks often overlap with 240

LLM training data, making it unclear whether mod- 241

els answer from the provided evidence or from 242

memorized knowledge. To address this limitation, 243

similar to the purpose of RepliQA (Monteiro et al., 244

2024), we created new document-based datasets. 245

Because RepliQA is now included in GPT-4o train- 246

ing data, we avoided possible contamination by 247

developing our own synthetic documents. The 248

datasets we generate resemble real clinical notes or 249

programming assignments but include inconsistent 250

details that do not appear in any LLM training cor- 251

pus. This design ensures that results depend only 252

on the information within the constructed datasets 253

In the proceeding sections, we describe how these 254

datasets were built for this study. 255

Each document was divided into chunks small 256

enough to fit within the model’s token limit and 257

embedded using OpenAI’s text-embedding-3-large, 258

enabling cosine similarity to be computed between 259

each question and its most similar chunk. 260

3.1.1 Document Generation 261

Each document was based on a realistic source, 262

either a clinical note or a programming assignment. 263

We used the real-world template of the clinical note 264

or programming assignment alongside the prompt: 265

“Make the following document very 266

weird, strange, and confusing. Make it 267

magical, wine-themed, or anything un- 268

usual—just make it weird.” 269

3.1.2 Question Generation and Answering 270

All questions were generated using GPT-4o (Ope- 271

nAI, 2024) with a temperature of 0. To ensure 272

diversity, we generated two types of questions for 273

each surreal document. Answerable questions had 274

answers that could be found directly in the docu- 275

ment. Unanswerable questions reused words from 276
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the document but required external knowledge to277

answer.278

We used the following prompt to generate ques-279

tions for each synthetic document:280

“Write 50 questions about the following281

document. Include both answerable and282

unanswerable type of questions. Answer-283

able means the answer is stated explicitly284

in the document. Unanswerable means285

it reuses words or phrases from the doc-286

ument but the answer is not in the docu-287

ment and would require external knowl-288

edge.”289

To test answerability of these synthetic questions290

based on the synthetic documents, we built a tempo-291

rary RAG pipeline. We computed embeddings for292

each document and its associated questions using293

OpenAI’s text-embedding-3-large model (OpenAI,294

2024).295

Each document chunk was embedded and in-296

dexed separately using FAISS. For each question,297

we retrieved the top k = 4 most similar chunks298

from the vector database and provided them to299

GPT-4o using the prompt:300

Answer briefly. Context: {context_blocks}301

The context_blocks are the retrieved document302

chunks. The answers generated with this pipeline303

(using text-embedding-3-large for retrieval and304

GPT-4o for generation) were used only to create305

gold labels for human annotation. This setup306

ensured that the knowledge base contained the307

necessary information to make the correlation308

analysis in RQ1 valid.309

The instruction for the RAG assistant was in-310

tentionally minimal to avoid guiding or biasing311

the LLM’s behavior. By simply saying “An-312

swer briefly” and attaching context, we observe313

how the LLM naturally uses the retrieved con-314

tent—whether it answers correctly, guesses, or hal-315

lucinates—without being told how to reason or316

what to expect. This design helps isolate the LLM317

behavior.318

3.1.3 Dataset Characteristics319

Table 1 provides an overview of the datasets. Each320

dataset includes one document, the number of321

chunks into which it was divided, and the aver-322

age token counts for both the document and its323

associated questions.324

Table 1: Dataset characteristics.

Data Chks Doc Tok. Q Tok.
Crawler 5 145.4 11.4
Search Engine 11 127.7 9.6
Programming Styles 7 135.0 11.0
Medical Note 1 7 112.4 10.5
Medical Note 2 8 121.2 10.3
Medical Note 3 6 124.7 10.5

3.2 Human Annotations 325

Six datasets were annotated to build a gold standard 326

for GapView. The goal was to test if each generated 327

answer was fully supported by the retrieved docu- 328

ments. Annotators followed detailed instructions. 329

The annotator guidelines and annotated dataset are 330

available in our Zenodo repository (Anonymous, 331

2025). 332

The annotated answers were generated using a 333

pipeline that combined OpenAI’s text-embedding- 334

3-large model for retrieval with GPT-4o as the 335

generator. Two annotators labeled each answer 336

as covered if it was fully supported by the docu- 337

ment which we considered to be covered. A re- 338

sponse was labeled not covered if any part went 339

beyond the document by adding details, assump- 340

tions, or inferences. In these cases, the question 341

was considered unanswerable. After annotating 342

independently, the two annotators met to review 343

and resolve any disagreements. The final decisions 344

were then recorded and used as the gold standard 345

for evaluating GapView. 346

We computed the inter-annotator agreement us- 347

ing Cohen’s κ to assess the consistency and reli- 348

ability of the annotation process beyond chance 349

agreement, and the scores ranged from 0.67 to 0.81 350

across the six datasets between the two annotators. 351

Table 2 shows substantial to strong inter-annotator 352

agreement across all datasets where κ is between 353

0.67 and 0.81, with few initial disagreements prior 354

to the consensus round (D/A). Across all datasets, 355

there were consistently more Covered (Cov.) than 356

Not Covered (Not C.) labels, indicating that most 357

questions were judged to be supported by the infor- 358

mation in the knowledge base. 359

Table 2: Annotator Agreement

Data κ D/A Cov. N.C.
Crawler 0.81 4 36 14
Search Engine 0.67 6 36 14
Prog. Styles 0.80 4 37 13
Med. Note 1 0.70 3 44 6
Med. Note 2 0.67 4 41 9
Med. Note 3 0.70 5 37 13
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3.3 Methods360

RQ1: Alignment In order to answer the question361

about alignment of cosine similarity, we analyze362

box plots and compute the point biserial correlation363

between human judgments (a binary variable) and364

the maximum cosine similarity for each question365

and the chunks (a continuous variable).366

RQ2:Embedding stability In order to test whether367

GapView’s cosine-similarity measure remains sta-368

ble across different embedding sizes and domains,369

and whether the alignment observed in RQ1 still370

holds under these changes.371

We truncate the Matryoshka embeddings to 10,372

100, and 1000 dimensions, recompute each ques-373

tion’s maximum cosine similarity to its nearest doc-374

ument chunk, and correlate the results with hu-375

man judgments in both programming and medical376

datasets. We truncate the Matryoshka embeddings377

because this allows us to test whether the observed378

correlations remain stable as the dimensionality379

scale changes. This helps determine if the align-380

ment across domains holds, when embeddings are381

compressed, which is often done in RAG systems.382

RQ3: Visualization effectiveness We use visual-383

ization to turn the complex numerical results into384

patterns that can be intuitively understood. In-385

stead of scanning thousands of numerical values,386

researchers can see clusters, outliers, and missing387

regions directly. This makes the diagnostic process388

more interpretable by revealing where the knowl-389

edge base supports questions and where clear gaps390

or inconsistencies emerge, which are insights that391

are difficult to capture through numbers alone.392

We generate three different visualizations. We393

use MDS, a circular polar plot, and a 1-D cosine394

rank plot. MDS was selected rather than UMAP,395

t-SNE or PCA because it showed the highest Spear-396

man correlation with the original cosine similar-397

ities, preserving the data’s structure better. The398

three different plots give us a different angle on399

the same data, helping see patterns one plot might400

miss. The MDS plot shows which questions are401

close or far form the documents. The polar plot402

shows the magnitude of how strong each question’s403

match is. The 1-D plot shows how the similarity404

values compare across the domains.405

4 Results406

4.1 RQ1: Alignment of Cosine Similarity407

Figure 1 and Table 3 show the relationship be-408

tween the maximum cosine similarity of each ques-409

Figure 1: Cosine similarity values between the the ques-
tions and their most similar documents.

tion–document pair and the human judgments of 410

whether the question was covered or not covered. 411

The box plot in Figure 1 illustrates that covered 412

questions generally have higher cosine similarity 413

values, while not covered questions show lower co- 414

sine similarity scores. A few outliers appear in both 415

the covered and uncovered groups, represented as 416

individual points beyond the whiskers of the box 417

plots. Although the box plot indicates that covered 418

questions generally achieve higher cosine similarity 419

values, the strength of the correlation between hu- 420

man judgments and cosine similarity varies across 421

datasets. 422

The correlation values are reported as r in Ta- 423

ble 31 show that the correlations range from 0.32 424

(moderate correlation) to 0.83 (very strong correla- 425

tion), all statistically significant (p-value << 0.05). 426

The three datasets about programming (i.e. the 427

Crawler, Search Engine, and Programming Styles 428

assignments) show higher correlations, between 429

0.63 and 0.83, while the correlations are weaker in 430

the three medical notes, especially Medical Note 431

1 (0.32) and Medical Note 2 (0.44); Medical Note 432

3 shows a strong correlation (0.61) but still lower 433

than the programming texts. Across all six datasets, 434

the p-values confirm statistical significance. 435

Although we do not know why the correlation 436

values for the medical notes are lower than for the 437

programming assignments, we speculate that it is 438

related to the fact that the underlying embedding 439

space has been trained on a much larger corpus 440

of programming texts than medical material. But 441

this is an open question for future research and 442

1We report the biserial correlation values between the con-
tinuous variable cosine similarity and the categorical variable
covered/not covered.
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experimenting with specialized embedding models443

for medicine. Our results show, however, that the444

correlations between cosine similarity and human445

judgments are at least moderate and often strong,446

a result that has been observed before (McGinness447

et al., 2025; Hua et al., 2025) but that has not yet448

been used for assessing the coverage of knowledge449

bases.450

Table 3: Correlation Analysis Across Datasets

Data r
Crawler 0.83
Search Engine 0.77
Programming Styles 0.63
Medical Note 1 0.32
Medical Note 2 0.44
Medical Note 3 0.61

4.2 RQ2: Embedding Stability451

Table 4 shows the effects of embedding dimension-452

ality as we start removing layers. It has a sub-453

stantial effect on the stability of GapView’s cosine-454

based signal, as we start removing semantic struc-455

ture.456

As we begin with the full 3072 dimensional em-457

beddings, the correlations between cosine similar-458

ity and judgments are moderate to strong across459

all datasets. When the dimensionality is reduced460

to 1000, these correlations remain, nearly identi-461

cal. Then at 100 dimensions, correlations begin462

to drop particular in the medical datasets. This463

might suggest that some detail might be lost. Once464

the embeddings are reduced to 10 dimensions, all465

correlations become very weak. In short, as we pro-466

gressively remove the dimensions, the embedding467

space losses meaningful structure, suggesting the468

cosine similarity signal might remain reliable only469

about 100 dimensions.470

Table 4: Correlation for Various Embedding Dimension-
alities

Data 3072 1000 100 10
Crawler 0.83 0.80 0.73 0.14
Search Engine 0.77 0.75 0.31 0.29
Programming Styles 0.63 0.57 0.21 0.14
Medical Note 1 0.32 0.34 0.52 0.06
Medical Note 2 0.44 0.45 0.37 -0.19
Medical Note 3 0.61 0.57 0.49 0.07

4.3 RQ3: Visualization Effectiveness471

Figures 2, 3, and 4 show three visualizations of the472

data with the goal of facilitating the visual discov-473

ery of knowledge gaps. In all plots, green points474

represent covered questions, and red points repre- 475

sent uncovered questions. If blue points appear in 476

the plots, they correspond to document chunks. 477

Figure 2 shows an MDS plot where dissim- 478

ilarity matrices were initialized to the comple- 479

ment of the pair-wise cosine similarities (i.e. 1− 480

CosSim(a, b)) of questions and documents. We 481

find that this visualization offers limited structural 482

clarity and heavy overlap between the not covered 483

and covered questions. The plots are confusing, as 484

there is no clear indication of which document is 485

closet to which question. 486

Figure 3 omits the documents altogether, and 487

shows only the questions in polar charts. The dis- 488

tance of each dot to the center is the cosine simi- 489

larity between the corresponding question and its 490

closest document: the closer a question is to the 491

center, the closer it is from a document, and, con- 492

versely, the farther away, the farther it is from any 493

document. With these polar plots it is much easier 494

to see which questions might need additional doc- 495

uments, simply by eye-balling the distances from 496

the center. 497

Figure 4 shows simple scatterplots of the cosine 498

similarity between each question and its closest 499

document, in decreasing order. This simple visu- 500

alization is also effective for quickly identifying 501

which questions – the ones on the right tail – might 502

need additional documents. 503
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Figure 2: MDS Visualization

Figure 3: Polar Visualization

Figure 4: 1-D Cosine Visualization
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5 Conclusion504

This study explored a simple way to measure how505

well a knowledge base supports questions before506

retrieval or generation. By comparing question507

and document embeddings through cosine similar-508

ity, examining how this relationship changes with509

dimensionality, and visualizing it from several per-510

spectives, the analysis shows that embedding struc-511

ture meaningfully reflects the presence or absence512

of information.513

Dimensionality affected how well the embed-514

dings preserved relationships between questions515

and the documents. When the embeddings were516

truncated below 100 dimensions, the correlation be-517

tween cosine similarity weakened, as much of the518

underlining semantic structure was lost from the519

embeddings. At 100 dimensions, the relationship520

improved and became more stable. For example,521

covered questions appeared closer to their related522

document chunks, while not covered questions re-523

mained farther away. This level of representation524

starts to maintain enough structure in the embed-525

ding space for similar questions and documents to526

remain close together and unrelated ones to stay527

apart, preserving the spatial patterns where knowl-528

edge base is strong or is lacking in certain areas.529

Across domains, the programming datasets had530

a tighter relationship with the question and the doc-531

uments. Whereas the medical datasets, showed532

greater variability. This could be due to the linguis-533

tic diversity and inconsistent terminology of med-534

ical text. These patterns suggest that cosine simi-535

larity can serve as a signal for detecting where a536

knowledge base provides strong support and where537

there are gaps.538

Visualization added an interpretable view of539

these numeric patterns. MDS offered little diag-540

nostic value, since overlapping points made it hard541

to see which questions were related to which doc-542

uments. The polar and one-dimensional ranked543

plots displayed the same information more clearly,544

showing where information is sufficient and where545

clear gaps remain before invocation of the RAG546

pipeline.547

Overall, results show that cosine similarity and548

low-dimensional visualization together could offer549

a way to assess the completeness of a knowledge550

base before retrieval begins. A natural next step551

for future work is to extend this work to new syn-552

thetic corpora designed for multi-hop reasoning,553

where questions depend on combining information554

from multiple documents. Studying these multi- 555

hop relationships would show whether the same 556

embedding-based approach can capture deeper con- 557

nections across sources and provide a broader view 558

of knowledge completeness in more complex re- 559

trieval settings. 560

6 Limitations 561

We were unable to extend the analysis to addi- 562

tional embedding models, as the GapView evalua- 563

tion workflow requires human annotators to review 564

question–document pairs and determine whether 565

each question is supported by evidence in the 566

knowledge base. Due to time constraints, annota- 567

tors did not have sufficient bandwidth to complete 568

additional assessments on more data. 569
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