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Abstract001

We introduce ArXivDocQA, an open-domain002
retrieval benchmark constructed directly from003
the raw LATEX sources of scientific papers. By004
operating on LATEX, ArXivDocQA retains fine-005
grained structural information—including fig-006
ures, tables, equations, and section bound-007
aries—while enabling controlled construction008
of decontextualized queries grounded in spe-009
cific parts of a document. This design enables010
evaluation under realistic scientific search set-011
tings with explicit control over the evidence012
source. We systematically compare text-only,013
image-based, and multimodal retrieval rep-014
resentations under varying storage budgets,015
and show that document-as-image represen-016
tations—on which many state-of-the-art doc-017
ument retrieval models are trained—are not018
universally optimal, and their performance de-019
pends strongly on where the relevant evidence020
resides in the document (text, tables, or fig-021
ures).022

1 Introduction023

Scientific document retrieval requires locating evi-024

dence that may appear in prose, equations, tables,025

or figures. Yet most existing retrieval systems repre-026

sent documents either as plain text or as page-level027

images, without accounting for whether the rele-028

vant evidence is textual, tabular, or visual. This029

raises a fundamental question: which document030

representations are most appropriate for scientific031

retrieval, and under what conditions?032

Recent work has increasingly favored document-033

as-image representations, as exemplified by models034

such as ColPali (Faysse et al., 2024), VisRAG (Yu035

et al., 2024), and the Jina document retrieval mod-036

els (Günther et al., 2025), motivated by the suc-037

cess of vision–language models trained on ren-038

dered pages. As a consequence, many existing039

benchmarks represent scientific documents primar-040

ily as page-level images (Ma et al., 2024; Macé041
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Figure 1: Typical retrieval benchmarks predominantly
treat PDF pages as images. ArXivDocQA is purpose-
built for scientific document retrieval and operates di-
rectly on LATEX sources, enabling the exploration of both
modality-specific and unified document representations.

et al., 2025a; Wasserman et al., 2025; Chia et al., 042

2025). While this choice preserves visual layout, 043

it obscures information that is explicit in the doc- 044

ument source, including figure and table bound- 045

aries, equation environments, section hierarchy, 046

and machine-readable links between textual refer- 047

ences and visual or tabular evidence—information 048

that is present in LATEX sources but flattened or lost 049

in rendered page images. Scientific papers differ 050

from natural documents in that they are authored in 051

LATEX, a structured format that explicitly encodes 052

document organization and content types. When 053

papers are represented only as images, this struc- 054

ture is no longer directly accessible: boundaries 055

between content types must be inferred visually, 056

cross-references are no longer explicit, and distinc- 057

tions between prose, equations, and figures are not 058

machine-readable. As a result, it remains unclear 059

whether page-level image representations are well 060

suited for all retrieval scenarios, particularly when 061
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the relevant evidence is expressed primarily in text,062

mathematical discussion, or structured tables rather063

than in visually salient figures.064

Moreover, recent evidence shows that vision–065

language model performance on scientific docu-066

ments can vary substantially with document layout067

and rendering templates (Cheng et al., 2025). This068

sensitivity suggests that representations derived di-069

rectly from the document source—such as LATEX070

markup that explicitly encodes text content, figures,071

tables, equations, and structural boundaries—may072

offer more stable and controllable inputs for re-073

trieval than rendered page images alone.074

More broadly, there is an inherent trade-off075

between textual and visual document representa-076

tions. Text-based representations align well with077

language model pretraining and preserve explicit078

semantic content such as terminology, equations,079

and logical structure, while visual representations080

capture layout and multimodal cues but require081

models to infer content boundaries and relation-082

ships implicitly from appearance (Faysse et al.,083

2024; Wei et al., 2025; Lyu et al., 2025). Much084

of the recent shift toward visual representations085

has been driven by document collections where086

accurate text extraction or structural markup is un-087

available (Macé et al., 2025a; Ma et al., 2024). In088

contrast, scientific papers on arXiv provide clean089

LATEX sources that preserve both content and struc-090

ture, offering a unique testbed for systematically091

comparing textual and visual document representa-092

tions under controlled conditions.093

A second challenge concerns storage. Different094

representations lead to substantially different in-095

dex sizes. Text-based retrieval systems trade off096

storage via chunk size and overlap, while vision-097

based systems depend on image resolution and the098

number of visual tokens produced by the encoder.099

Architectural choices further amplify these effects:100

late-interaction models (Khattab and Zaharia, 2020;101

Faysse et al., 2024) store multiple vectors per docu-102

ment unit, often increasing index size by orders of103

magnitude compared to single-vector embeddings.104

Despite this, most benchmarks report performance105

at a single operating point, obscuring the trade-offs106

between retrieval accuracy and storage cost that are107

critical for real-world deployment.108

In this work, we introduce ArXivDocQA, a109

benchmark designed to systematically analyze sci-110

entific document retrieval across document repre-111

sentations and storage budgets. Using raw LATEX112

sources, we generate targeted, evidence-grounded113

queries and construct distinct document represen- 114

tations for retrieval, including text-only, figure- 115

only, caption-based, page-level image, and inter- 116

leaved text–image representations. Queries in ArX- 117

ivDocQA are explicitly grounded in text, tables, or 118

figures, enabling retrieval behavior to be analyzed 119

as a function of evidence type. 120

Furthermore, we treat index size as a control- 121

lable variable rather than a fixed constant. Index 122

size directly affects inference latency and memory 123

footprint, making it a primary concern in practical 124

retrieval systems. By varying text chunking strate- 125

gies and visual token budgets, we measure retrieval 126

performance as a function of storage cost and char- 127

acterize how accuracy changes as representations 128

are compressed or expanded. Our results show that 129

increasing index size does not necessarily improve 130

retrieval performance. Instead, performance is pri- 131

marily determined by whether the document repre- 132

sentation preserves the type of evidence required 133

by the query. 134

Contributions. We introduce ArXivDocQA, a 135

scientific document retrieval benchmark built from 136

raw LATEX sources that enables controlled com- 137

parison of textual, visual, and hybrid document 138

representations under realistic storage constraints. 139

Using this benchmark, we show that document-as- 140

image representations—despite their prominence 141

in prior work—are not universally optimal, and that 142

retrieval performance depends strongly on the type 143

of evidence targeted by the query (text, tables, or 144

figures). We further uncover that indexing docu- 145

ments using captions generated by vision–language 146

models achieves the strongest overall retrieval per- 147

formance, despite requiring substantially smaller 148

indices than many image-based representations. 149

2 Related Work 150

In this section, we situate ArXivDocQA within the 151

landscape of recent multimodal document retrieval 152

and understanding benchmarks, highlighting how 153

it addresses key limitations in existing datasets. 154

Table 1 provides a high-level summary of the key 155

differences. 156

ArXivDocQA is formulated as an open-domain 157

scientific document retrieval task, in which models 158

must identify the single document containing the 159

relevant evidence from a large corpus. This set- 160

ting differs from benchmarks such as ArXivQA (Li 161

et al., 2024), which focus on document-specific 162

questions over isolated figures. In ArXivDocQA, 163
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#Pages #Documents #Queries LaTeX Exists Open-Domain Queries Scientific Documents

M-LongDoc – 180 10,070 ✗ ✗ ✓
MMLongBench-Doc 6,400 135 1,091 ✗ ✗ ✓
ViDoRe V2 3,266 66 3,000 ✗ ✓ ✗
REAL-MM-RAG 8,000 163 – ✗ ✓ ✗

Ours 156,524 9,234 679 ✓ ✓ ✓

Table 1: Comparison of document-level benchmarks with query counts.

queries are context-independent and grounded in164

text, tables, or figures, requiring retrieval rather165

than within-document question answering.166

Several benchmarks emphasize reasoning over167

long contexts rather than retrieval. MMLongBench-168

Doc (Ma et al., 2024) and M-LongDoc (Chia et al.,169

2025) evaluate multi-page understanding within170

fixed documents, where the relevant context is pro-171

vided explicitly. ArXivDocQA instead frames sci-172

entific understanding as a retrieval problem over173

a large document collection, requiring models to174

distinguish between many closely related papers.175

Other benchmarks focus more directly on re-176

trieval over structured or multimodal documents.177

ViDoRe V1 (Faysse et al., 2024) evaluates retrieval178

over curated candidate sets derived from VQA179

datasets, where the task is to identify relevant pages180

rather than search an unrestricted corpus. ViDoRe181

V2 (Macé et al., 2025b) extends this setting to open-182

domain retrieval but concentrates on visually rich183

documents from specialized domains such as ESG184

and medical reports. In contrast, ArXivDocQA tar-185

gets large-scale scientific document retrieval and186

uniquely exposes raw LATEX sources, enabling con-187

trolled analysis of retrieval grounded in text, tables,188

and figures. As shown in Table 1, ArXivDocQA189

is substantially larger in both document and page190

count and is the only benchmark to provide both191

open-domain queries and source-level LATEX ac-192

cess.193

Recent work has also examined how repre-194

sentation choices affect retrieval performance.195

MRMR (Zhang et al., 2025a) studies reasoning-196

intensive retrieval over interleaved documents and197

finds that caption-based text retrieval can outper-198

form native multimodal embeddings. REAL-MM-199

RAG (Wasserman et al., 2025) focuses on table-200

dense financial and technical reports and reports201

stronger performance from page-as-image repre-202

sentations, while ViDoSeek (Wang et al., 2025)203

observes similar trends on presentation slides. Con-204

sistently, ViDoRe V1 also reports advantages for205

page-level image retrieval.206

ArXivDocQA enables a systematic comparison 207

of retrieval strategies under these conditions. In 208

our experiments, we study multiple embedding 209

strategies and find that leveraging LATEX source rep- 210

resentations yields stronger retrieval performance 211

than representing scientific documents solely as 212

rendered page images. 213

3 Dataset 214

We introduce ArXivDocQA, an open-source sci- 215

entific document retrieval benchmark constructed 216

from raw LATEX sources. The LATEX source is 217

used directly to define document representations 218

and to generate queries, without relying on OCR- 219

extracted PDF text. This allows document content 220

and structure to be preserved consistently across all 221

representations derived from the same underlying 222

source. 223

The benchmark contains approximately 9,000 224

full-length scientific papers, spanning substantially 225

more pages than prior multimodal retrieval bench- 226

marks (Table 1). This scale supports evaluation 227

over large document collections in which many 228

papers share similar topics, notation, and experi- 229

mental structure. 230

Queries are generated and filtered through a 231

multi-stage process involving decontextualization 232

and verification, producing a balanced benchmark 233

for systematic evaluation of unimodal and multi- 234

modal retrieval methods. 235

3.1 Problem Formulation 236

We study open-domain scientific document re- 237

trieval. Let D = {d1, . . . , dN} denote a corpus 238

of scientific documents. Each document di is rep- 239

resented as a set of embedding units 240

Ei = {ei1, . . . , eiMi}, 241

where each embedding unit corresponds to a doc- 242

ument component such as a text chunk, figure, or 243

page, depending on the chosen representation and 244

model. 245
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Figure 2: Figure illustrating the dataset construction pipeline.

Let q denote a context-independent natural lan-246

guage query targeting a specific piece of scientific247

evidence (text, table, or figure).248

Given a query q, a retrieval system computes249

a similarity score between q and each embedding250

unit eij ∈ Ei using a scoring function s(q, eij).251

The document-level score for di is then defined as252

S(q, di) = max
eij∈Ei

s(q, eij),253

and documents are ranked according to S(q, di).254

3.2 Query Generation and Filtering255

We construct open-domain retrieval queries from256

three distinct evidence types present in scientific257

documents: text, figures, and tables. Each evidence258

type defines a separate pool of candidate queries,259

and the same multi-step generation and filtering260

pipeline is applied independently to each pool.261

Evidence Modalities.262

• Text-based queries are generated from raw263

LATEX sources by randomly sampling text264

chunks from the .tex file.265

• Figure-based queries are generated from fig-266

ures extracted from the LATEX source, using267

the rendered figure images as input.268

• Table-based queries are generated from ta-269

bles identified in the LATEX source by detecting270

\begin{table} environments.271

For each query type, we apply the same four-272

step pipeline: synthetic query generation, decon-273

textualization, difficulty-based filtering, and final274

verification (see Figure 2). Prompt templates used275

in each stage are provided in Appendix B.1276

1In preliminary experiments, directly prompting models
to produce context-independent queries led to low-quality
outputs.

We note that queries in ArXivDocQA are in- 277

tentionally grounded in localized evidence (a spe- 278

cific text span, table, or figure) rather than requir- 279

ing multi-hop reasoning across multiple document 280

components. This design choice reflects our focus 281

on document retrieval rather than document-level 282

reasoning: the primary challenge is identifying the 283

correct document from a large corpus, not aggre- 284

gating evidence within a document. 285

3.2.1 Generation 286

For each evidence source (text, figure, or table), 287

we prompt gpt-5-mini to generate a single query 288

targeting the underlying scientific content. The 289

prompt enforces that the query (i) requires expert- 290

level reasoning (e.g., about implications, trends, 291

limitations, or constraints), (ii) avoids direct re- 292

statement and minimizes lexical overlap through 293

abstraction and paraphrasing, (iii) is answerable 294

from the document without relying on keyword or 295

phrase matching or referencing document-specific 296

elements (e.g., sections, figures, or experiment 297

names), and (iv) consists of exactly one realistic, 298

concise sentence. Full prompt templates are pro- 299

vided in Appendix B. 300

3.2.2 Decontextualization. 301

To make these queries compatible with open- 302

domain retrieval, we rewrite each synthetic query 303

into a context-independent form that removes ex- 304

plicit references to figures, tables, or document- 305

local structure. In practice, this rewriting step fre- 306

quently produces queries that are superficially de- 307

contextualized but remain underspecified, as they 308

fail to introduce enough scientific context to stand 309

alone. 310

For example: 311

Original: If the variable on the x-axis represents 312

time, what can be inferred about the rate of change 313

of the parameter over time? 314

Rewritten: If the independent variable represents 315
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time, what can be inferred about the rate of change316

of the parameter over time?317

Although gpt-5-mini is supposed to return318

null when it cannot generate a valid rewrite, it319

frequently outputs very slight paraphrases like the320

one above, which are still unclear without the orig-321

inal context. This makes a final verification step322

necessary.323

3.2.3 Difficulty-Based Filtering.324

We remove trivially easy queries using an auto-325

mated difficulty filter that leverages retrieval behav-326

ior. For each query, we run BM25 over a chunked327

document corpus and remove the query if its gold328

document ranks within the top five results, as this329

suggests the answer can be found through shallow330

lexical overlap. This step eliminates roughly 40%331

of all queries.332

3.2.4 Final Verification.333

All remaining queries undergo a final verification334

step using gpt-5-mini to ensure that they con-335

stitute valid open-domain retrieval queries. This336

verification checks that queries are interpretable337

without document context. After verification, the338

query counts are reduced from 620 to 443 (text),339

930 to 178 (figure), and 673 to 58 (table).340

3.2.5 Human Evaluation341

Annotators are presented with 40 random queries342

without access to the source document and asked343

to evaluate each query along two dimensions: Con-344

text Independence, assessing whether the query345

can be understood and answered without document-346

local references; and Well-Formedness, assessing347

whether the query is a coherent, meaningful, and348

realistic scientific question. Two PhD students in-349

dependently verified that all evaluated queries sat-350

isfied both criteria across text-, table-, and figure-351

based subsets. A list of queries and their corre-352

sponding ground-truth documents is provided in353

Appendix C.354

4 Experiments355

4.1 Experimental Setup356

We use the proposed ArXivDocQA dataset to as-357

sess how different document representations sup-358

port open-domain retrieval from scientific papers.359

To obtain a detailed view of the design space, we360

conduct a systematic evaluation of both modality-361

specific representations (text-only and figure-only)362

and universal representations that encode multiple 363

modalities, under varying storage budgets. 364

Rather than reporting performance at a single 365

operating point, we treat index size as the primary 366

independent variable and analyze the resulting ac- 367

curacy–storage tradeoff. This allows us to compare 368

representations on equal footing and to characterize 369

how retrieval performance evolves as the available 370

storage budget increases. 371

Retrieval performance is measured using nor- 372

malized discounted cumulative gain at rank 5 373

(nDCG@5), which evaluates whether the relevant 374

document is ranked near the top of the retrieval list. 375

Representations and Models. We consider five 376

document representations: (i) Text (LATEX), which 377

indexes raw LATEX source text. For this represen- 378

tation, we first flatten the source to a single file to 379

account for projects split across multiple .tex in- 380

puts (e.g., via \input or \include). We then apply 381

lightweight normalization to reduce non-semantic 382

markup: we remove comments and strip common 383

formatting commands (e.g., \cite, \ref, \label, 384

\footnote, and styling macros such as \emph, 385

\textbf), while preserving scientific content such 386

as plain text, math, and section structure. (ii) LATEX 387

Figures, which indexes rendered figures extracted 388

from the LATEX sources. Document text is ignored 389

in this setting. We collect all figure assets refer- 390

enced in the source (including .png, .jpg, .pdf, 391

.eps, and related formats) and convert them into a 392

unified format prior to embedding. (iii) VLM Cap- 393

tions, which indexes textual descriptions of figures 394

generated by a vision–language model alongside 395

the document text, by appending the captions to the 396

end of the document. (iv) Document-as-Image, 397

which indexes full document pages rendered as im- 398

ages; and (v) Interleaved Text + Images, which 399

jointly indexes text and figures while preserving 400

their original order in the document. We parse the 401

LATEX source to extract textual spans and figure 402

references, resolve each reference to its rendered 403

image, and construct an interleaved sequence that 404

reflects the document’s narrative flow. Retrieval 405

units are formed by segmenting the text into chunks 406

and associating each chunk with the surrounding 407

figures. This process produces multimodal units 408

that pair text with zero or one images. 409

Across these representations, we evaluate several 410

embedding models, depending on modality com- 411

patibility: Qwen3-Embedding-8B (Zhang et al., 412

2025b), ColQwen2 v1 (Faysse et al., 2024), Open- 413
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Representation Model # units Index Size (GB) Text Table Figure Avg.

Text (LaTeX)

Qwen 334,991 2.56 0.71 0.46 0.50 0.64
ColQwen 40,067 40.54 0.59 0.41 0.55 0.56
OpenCLIP 334,991 1.28 0.05 0.10 0.12 0.07
Ops-MM-Embedding 334,991 2.24 0.52 0.38 0.46 0.49

LATEX Figures
ColQwen 138,847 22.09 0.06 0.12 0.73 0.22
OpenCLIP 138,847 0.49 0.01 0.03 0.29 0.08
Ops-MM-Embedding 138,847 0.86 0.15 0.22 0.65 0.27

VLM Captions

Qwen 202,936 1.54 0.70 0.47 0.59 0.65
ColQwen 202,932 52.10 0.51 0.40 0.71 0.55
OpenCLIP 202,932 1.65 0.07 0.10 0.15 0.09
Ops-MM-Embedding 202,932 2.88 0.52 0.34 0.48 0.49

Document-as-Image
ColQwen 156,512 70.56 0.47 0.34 0.65 0.50
OpenCLIP 156,512 0.60 0.01 0.03 0.06 0.02
Ops-MM-Embedding 156,512 1.04 0.46 0.39 0.50 0.46

Interleaved Text + Images ColQwen 1,202,897 49.59 0.37 0.32 0.60 0.42

Table 2: Retrieval performance (NDCG@5) using the best configuration for each representation–model pair.
Weighted Avg. is computed as a query-count weighted mean over text, table, and figure queries (ntext = 443,
ntable = 58, nfigure = 147). Hyperparameter sweeps are reported separately.

CLIP ViT-G/14 (Ilharco et al., 2021), and Ops-414

MM-Embedding v1 (7B) (Lin et al., 2025). For415

each representation–model pair, we report results416

using the best-performing configuration; full hyper-417

parameter sweeps are reported separately.418

ColQwen is a late-interaction model that encodes419

queries and documents into sets of token-level em-420

beddings and computes document relevance via421

max-similarity aggregation across embedding units,422

resulting in substantially larger indices than single-423

vector models. In contrast, Qwen, OpenCLIP, and424

Ops-MM-Embedding produce a single embedding425

per input unit and rely on standard vector similarity426

for retrieval.427

ColQwen was originally introduced for page-428

level visual document retrieval and is not trained on429

text documents. Nevertheless, we apply ColQwen430

to text chunks by treating each chunk as an em-431

bedding unit and using the model’s language en-432

coder. This allows us to evaluate a late-interaction433

retrieval model on purely textual representations434

and to compare its behavior directly with single-435

vector text embedding models under identical doc-436

ument inputs.437

Index Size and Number of Units. Index size438

is defined as the total storage required for all em-439

bedding vectors, excluding model parameters. The440

number of units corresponds to the number of in-441

dexed elements (e.g., text chunks, figures, pages,442

or interleaved segments), which varies by represen-443

tation and directly determines index size.444

For text-based representations, index size is445

controlled by varying the chunk size used to seg- 446

ment documents prior to embedding. Smaller 447

chunks increase the number of units and the total in- 448

dex size, while larger chunks reduce storage at the 449

cost of coarser representations. This mechanism is 450

used for all text indexings. Note that varying chunk 451

size does not substantially change the index size 452

for ColQwen, since text is encoded at the token 453

level and stored as a set of embeddings regardless 454

of chunk boundaries. 455

For vision-based representations, index size is 456

controlled via the max_pixels parameter, which 457

caps the total number of input pixels processed per 458

image. Images are resized to approximately pre- 459

serve aspect ratio while satisfying this budget. The 460

number of visual tokens scales with the effective 461

image resolution and can be approximated as 462

Tvis ∝
H ′W ′

P 2
, with H ′W ′ ≤ max_pixels, 463

where H ′ ×W ′ ≤ max_pixels is the resized im- 464

age resolution and P is the vision encoder’s patch 465

size. Reducing max_pixels therefore decreases 466

the number of visual tokens and the resulting index 467

size, trading visual detail for storage efficiency. 468

To ensure fair comparison across representations, 469

we evaluate each method across a range of storage 470

budgets rather than at a single operating point. Re- 471

sults are reported by selecting the optimal hyperpa- 472

rameters. 473
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4.2 Main Results474

Table 2 reports retrieval performance measured by475

NDCG@5, using the best configuration for each476

representation–model pair. Results are reported477

separately for text, table, and figure queries.478

Retrieval accuracy is highest when the doc-479

ument representation matches the evidence480

modality targeted by the query. Table 2 shows a481

clear correspondence between query modality and482

document representation. Textual representations483

perform best on text and table queries, while figure-484

based representations dominate on figure queries.485

In contrast, representations that mismatch the re-486

quired evidence modality (e.g., vision-only repre-487

sentations for text or table queries) consistently488

underperform. Overall, retrieval accuracy is largely489

determined by whether the indexed representation490

preserves the modality of evidence required by the491

query.492

While modality-specific representations achieve493

the highest accuracy when the query evidence type494

is known, they do not generalize across all query495

types. We therefore analyze representations de-496

signed to support multiple modalities within a sin-497

gle index. Across models, document-as-image498

representations are not the strongest universal499

choice, despite the prevalence of page-level im-500

age training in recent retrieval systems (Faysse501

et al., 2024; Xu et al., 2025). When comparing502

representations under the same embedding model,503

document-as-image consistently underperforms al-504

ternatives that retain explicit textual structure.505

Within universal representations, VLM caption-506

based indexing yields the best overall tradeoff507

between cross-modal coverage and retrieval ac-508

curacy. Across all model–representation pairs, the509

highest weighted average performance is achieved510

by Qwen with Text (LaTeX) indexing. Notably,511

although ColQwen is trained as a vision–language512

model using rendered document images and cap-513

tions, its architecture includes a shared language514

backbone that is also trained on text-only data.515

Despite not being explicitly optimized for text-516

only document retrieval, ColQwen achieves517

its strongest average performance when index-518

ing textual representations and VLM-generated519

captions, rather than page-level images. This520

result indicates that strong multimodal encoders521

can effectively exploit structured textual represen-522

tations at indexing time, even when their training523

emphasizes visual document inputs.524

4.3 Storage and Retrieval Performance 525

Figure 3 shows how retrieval performance varies 526

with storage budget across evidence types. Al- 527

though increasing storage often improves accuracy, 528

the effect is not uniform and depends on the type 529

of evidence being retrieved. 530

In some settings, performance improves rapidly 531

with modest increases in storage and then saturates, 532

while in others gains are more gradual or incon- 533

sistent. Importantly, larger indices do not reliably 534

yield better retrieval performance. 535

For example, Table 2 shows that ColQwen-based 536

document-as-image representations require tens of 537

gigabytes of storage to approach the performance 538

of figure-centric representations, while ColQwen 539

with LATEX figures achieves strong accuracy at sig- 540

nificantly smaller storage budgets. Similarly, text- 541

based indexing with Qwen attains competitive per- 542

formance at sub-gigabyte scales, despite using or- 543

ders of magnitude fewer stored tokens than many 544

vision-based configurations. 545

Overall, these results indicate that raw storage 546

footprint is a weak predictor of retrieval qual- 547

ity. Instead, performance is driven primarily by 548

representation choice and how effectively it pre- 549

serves the target evidence. Nevertheless, storage- 550

related parameters—such as the number of stored 551

tokens—remain important hyperparameters. In 552

practice, these are governed by design choices in- 553

cluding text chunk size and visual token budgets 554

(e.g., max_pixels). 555

4.4 Analysis 556

4.4.1 OCR Text vs. LATEX Sources 557

Table 3 compares retrieval using text extracted 558

from rendered PDFs with retrieval over raw LATEX 559

sources. Using LATEX text generally leads to 560

stronger retrieval performance at similar storage 561

cost, with the effect more pronounced for single- 562

vector text embedding models. Overall, these re- 563

sults suggest that cleaner source text provides more 564

effective representations for scientific document 565

retrieval than PDF-extracted text. 566
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(a) Figure-based retrieval (b) Table-based retrieval (c) Text-based retrieval

Figure 3: Retrieval accuracy as a function of storage budget, controlled via the visual token budget (max_pixels),
for figure-, table-, and text-based queries.

Model Units GB Text Table Fig.

Qwen (512) PDF 370k 2.83 0.66 0.44 0.41
LATEX 335k 2.56 0.71 0.46 0.50

Qwen (1024) PDF 175k 1.33 0.64 0.44 0.39
LATEX 158k 1.20 0.70 0.46 0.42

ColQwen (4096) PDF 44k 39.95 0.58 0.42 0.54
LATEX 40k 40.54 0.59 0.41 0.55

Table 3: Comparison of text extracted from rendered
PDFs (via pypdf) and raw LATEX sources.

4.4.2 Qualitative Failure Analysis567

Document-as-image representations systemat-568

ically fail when the relevant evidence is se-569

mantic rather than visual. We analyze cases570

where document-as-image retrieval fails while text-571

based retrieval succeeds, isolating failure modes572

attributable to representation choice rather than573

model capacity or retrieval scale. Across many574

such queries, the key limitation is that the evi-575

dence required for retrieval is distributed across576

textual and mathematical discussion—such as577

assumptions, limitations, or explanatory argu-578

ments—rather than concentrated in a visually dis-579

tinctive figure or page. Consequently, page-level580

image representations tend to retrieve visually sim-581

ilar but semantically unrelated documents, such as582

pages dense with equations or plots. For exam-583

ple, for the query (evidence in text) “How does584

increasing the horizontal repeat length relative to585

the operating wavelength affect the difficulty of586

approximating contributions from distant repeats587

and the computational work required per layer?”,588

the relevant evidence is conveyed through extended589

mathematical formulation and accompanying tex-590

tual explanation rather than a single visually dis-591

tinctive element. As shown in the appendix D, this592

relationship must be inferred from the structure593

of the equations and their surrounding discussion,594

making it accessible to text-based retrieval but dif- 595

ficult to identify from page-level visual similarity 596

alone. 597

5 Conclusion and Future Work 598

Conclusion. We introduce ArXivDocQA, a 599

benchmark for open-domain scientific document 600

retrieval built from raw LATEX sources that enables 601

systematic evaluation of document representations 602

under realistic storage constraints. ArXivDocQA 603

provides a foundation for studying how represen- 604

tation choices and storage budgets shape retrieval 605

behavior in scientific search. 606

Future Work. Several directions remain open. 607

A natural extension is to train retrieval models di- 608

rectly on interleaved scientific documents that com- 609

bine text, figures, tables, and equations, rather than 610

treating modalities independently. In addition, late- 611

interaction retrieval models have not been explicitly 612

trained for document-level scientific text retrieval; 613

adapting and training such models on full scientific 614

corpora may yield further gains. Finally, ArXiv- 615

DocQA can be extended to support more complex 616

retrieval settings, such as queries requiring aggrega- 617

tion across multiple pieces of evidence or document 618

components. 619

6 Limitations 620

ArXivDocQA evaluates document-level retrieval 621

at scale, which introduces the possibility of false 622

negatives: multiple documents in the corpus may 623

plausibly address a query, even though only a single 624

document is labeled as relevant. 625

In addition, queries in ArXivDocQA are gener- 626

ated automatically and can be overspecified. In 627

particular, some GPT-generated queries are longer 628

or more detailed than typical user-issued search 629

queries. 630
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A Hyperparameters738

Table 4 reports retrieval accuracy (nDCG@5) un-739

der varying storage budgets, grouped by doc-740

ument representation. Storage is controlled741

through representation-specific hyperparameters,742

including text chunk size, visual token budgets743

(max_pixels), and their combinations for inter-744

leaved representations.745
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Representation Model # units Index Size (GB) Text Table Figure

Text

Qwen

chunk=512 334,991 2.56 0.71 0.46 0.50
chunk=1024 157,692 1.20 0.70 0.46 0.42
chunk=4096 40,067 0.34 0.63 0.42 0.30

ColQwen

chunk=1024 157,692 39.85 0.54 0.43 0.56
chunk=4096 40,067 40.54 0.59 0.41 0.55

LATEX Figures

ColQwen

max_pixels = 100K 138,847 6.75 0.06 0.09 0.65
max_pixels = 300K 138,847 10.74 0.06 0.10 0.72
max_pixels = 600K 138,847 22.09 0.06 0.11 0.73
max_pixels = 1M 138,847 35.43 0.07 0.12 0.72
max_pixels = 2M 138,847 65.99 0.12 0.12 0.70

VLM captions

Qwen

VLM captions + text 202,936 1.54 0.66 0.43 0.53

ColQwen

VLM captions + text 202,932 52.10 0.51 0.40 0.71

Document-as-Image

ColQwen

max_pixels = 600K 156,512 28.37 0.39 0.29 0.57
max_pixels = 1M 156,512 47.23 0.45 0.36 0.64
max_pixels = 1.5M 156,512 70.56 0.47 0.34 0.65
max_pixels = 2M 156,512 94.79 0.47 0.34 0.66

Interleaved Text + Images ColQwen

max_pixels = 1M & chunk=1024 1,202,897 49.59 0.37 0.32 0.60

Table 4: Retrieval accuracy (NDCG@5) under varying storage budgets, grouped by document representation.
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B Query Generation

The query generation pipeline consists of four stages, three of which involve prompting gpt-5-mini. In
this section, we report the system prompts used at each stage.

B.1 Synthetic Query Generation Prompt (Text)

PROMPT

You are given extracted text from a scientific research paper. Your task is to generate a single,
high-quality synthetic query that would meaningfully test a document retrieval system.

Instructions:

1. The query must require expert-level reasoning over implications, trends, limitations, or
constraints discussed in the document, and must not be a direct restatement of any sentence
from the input.

2. The query must minimize lexical overlap with the input text by avoiding distinctive phrases or
terminology, relying instead on abstraction and paraphrasing rather than keyword matching.

3. The query must be answerable from the document but not trivially retrievable via keyword or
phrase matching, and must not reference sections, figures, experiments, or document-specific
wording.

4. The query must ask exactly one focused question, without combining multiple sub-questions
or enumerating parameters or conditions.

5. The query must be realistic and concise, phrased as a single sentence that a knowledgeable
researcher would plausibly ask, without verbose framing or artificial difficulty.

6. If no query satisfying these criteria can be generated, return null.

Required Output Format:

{
"query": "<generated question or null>"

}

Here is the document content:
{paper_text}

Figure 4: Prompt used for generating synthetic, open-domain retrieval queries from scientific text.
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B.2 Query Decontextualization Prompt

PROMPT

You are a scientific question rewriter. You are given an original question that references a
specific portion of a research paper. Your task is to rewrite it into a context-independent,
open-domain scientific query that targets the same underlying concept, without relying on
document-local or visual references.

Do not refer to any figure, plot, panel, image, document, or use deictic expressions such as
this, that, above, or below.

Requirements:

1. Preserve the core scientific intent, variables, and conditions present in the original
question.

2. Replace visual or deictic phrasing with concept-level wording (e.g., remove references such
as “based on the graph” and ask directly about the relationship or effect).

3. If symbols (e.g., fspec) appear without definition, retain them exactly as written and do
not invent meanings. A minimal parenthetical alias may be included only if it appears in
the input.

4. Remove all references to figures, plots, tables, panels, or document-local indices.

5. Ensure the rewritten query can be answered by a knowledgeable reader without access to the
original document or image.

6. Retain units, ranges, and experimental or observational conditions if present.

7. Avoid unresolved pronouns or placeholders (e.g., “the parameter”, “the system”) unless the
domain makes them unambiguous.

8. If the original question contains multiple sub-questions, keep only one and discard the
rest.

9. The final query must be a single, concise sentence with no superfluous framing or background.

Required Output Format:

{
"query": "<single rewritten question or null>",
"reasoning": "<one-sentence rationale>"

}

If a valid context-independent query cannot be produced, set "query" to null and briefly explain
why in "reasoning".

Figure 5: Prompt used for decontextualizing document-dependent scientific questions into open-domain queries.
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B.3 Query Verification Prompt

PROMPT

You are a validator that checks whether a decontextualized question is well-formed for open-domain
retrieval. Judge only from the provided JSON fields. Do not assume access to the original figure,
table, or paper.

What “valid decontextualized question” means:
A question is valid if and only if all of the following criteria are satisfied:

1. Context-independent: The question contains no references to local context such as “this
figure,” “the table above,” “these results,” or any indexical phrasing that requires the
original document or image.

2. Answerable in principle: A knowledgeable person or external source could answer the question
without access to the original paper or figure. The domain and variables must be sufficiently
specified. Crucially, the question must not rely on parameters, symbols, or notations that
are defined arbitrarily or only within the source paper (e.g., a tuning parameter with no
standard meaning in the field).

3. Intent preserved: The question targets the same underlying information need as the original
question, but generalized beyond the local figure or document context.

4. Clarity and unambiguous entities: Any entities, variables, or notations must be interpretable
by an expert in the relevant field without requiring the specific paper. Unresolved pronouns
or placeholders (e.g., “the parameter,” “the system”) are not allowed unless they are standard
and unambiguous within the domain.

Guiding Principle for Ambiguity:
Requiring background domain knowledge is acceptable and expected for real search queries. However,
ambiguity arising from terms that are defined only within the source document or that depend on
the original figure context is not acceptable.

Common failure modes (label them if present):

• underspecified_parameter (especially if defined arbitrarily in the source paper)

• still_context_bound

• domain_missing_or_vague

• ambiguity_pronouns_placeholders

• unanswerable_generic

Required Output Format (JSON only):

{
"is_valid": boolean,
"score": integer,
"decision_rationale": string,
"confidence": integer

}

Scoring rubric:

• 0 (invalid): fails context-independence or answerability

• 1 (weak): partially decontextualized but still problematic

• 2 (good): valid with minor tightening possible

• 3 (excellent): clearly valid, crisp, and widely answerable

Figure 6: Prompt used to verify whether a generated question is a valid, context-independent query suitable for
open-domain retrieval.
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C Example Queries

arXiv ID: 0810.1349
Which experimental parameter ranges (such as filament grafting density, filament length and
stiffness, interparticle separation, and ionic strength) would make crowding of surface-anchored
rodlike filaments, rather than ion-mediated osmotic effects, the dominant origin of observed
interparticle repulsion?

arXiv ID: 1108.3966
What experimental observations indicate that energy relaxation of individual circuit elements is
the dominant factor limiting the fidelity of a three-party controlled logical operation?

arXiv ID: 1801.02602
What constraints on near-term demonstrations claiming to outperform conventional simulators follow
if modest-scale coherent information processors with local imperfections produce measurement
outcomes that are well described by simple low-complexity analytic models and show vanishing
alignment with ideal noiseless behavior?

arXiv ID: 1811.08489
What conditions on data collection, annotation practices, or available observable features are
required for equalizing label–attribute co-occurrence to reliably prevent models from exaggerating
associations between a sensitive attribute and predicted targets?

arXiv ID: 1210.1079
What primary physical mechanism determines the maximum distance over which a high-density coherent
quasiparticle pulse can be sustained by periodic traversal through a localized optically pumped
gain region?

arXiv ID: 1711.03114
How reliably can first-year, single-season, intermittently sampled monitoring of a flux-limited
quasar sample be used to revise the empirical scaling between emission-region size and source
luminosity for luminous, high-redshift quasars with long intrinsic echo times?

arXiv ID: 1604.06227
How does the presence of rigid, crystalline-like cluster cores that travel with persistent
momentum and produce highly ramified, low-mass aggregates affect the applicability of diffusion-
or hydrodynamics-based late-stage coarsening predictions for two-dimensional fluid-to-solid
quenches?

Figure 7: Representative examples of decontextualized, evidence-grounded queries in ArXivDocQA. Each query
targets a specific piece of scientific evidence.
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D Qualitative Failure Analysis Examples

In several cases, the evidence is expressed through extended textual and mathematical discussion rather
than through a single visually distinctive figure or page. In these cases, page-level image representations
lack stable semantic anchors and tend to retrieve pages that are visually similar but semantically unrelated
(e.g., equation-dense pages from different papers). Text-based representations succeed by directly
capturing the discourse-level scientific content required by the query.

Illustrative example. Figure 8 shows a representative example. The relevant evidence is not localized
to a single figure; instead, it must be inferred from the mathematical formulation and accompanying
discussion of the quasi-periodic operator construction and near–far field decomposition. As a result,
document-as-image retrieval returns visually similar but incorrect pages from other papers, while text-
based retrieval correctly identifies the gold document.

Query: How does increasing the horizontal repeat length relative to the operating wavelength affect the difficulty of
approximating contributions from distant repeats and the computational work required per layer?

Gold document: arXiv:1410.5003

Figure 8: Qualitative failure example where document-as-image retrieval fails while text-based retrieval succeeds.
The relevant evidence resides in mathematical discussion rather than in page-level features.
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