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Abstract001

Multimodal retrievers play a pivotal role in mul-002
timodal retrieval-augmented generation, their003
performance directly determines the quality004
of acquired external knowledge. Since the005
retriever’s effectiveness is highly dependent006
on the accuracy and coverage of its training007
data, the quality and diversity of retrieval train-008
ing data become critically important. How-009
ever, existing multimodal retrieval training010
data construction approaches primarily rely011
on imprecise pseudo-relevance and single-012
document paradigms within isolated knowl-013
edge base, resulting in inaccurate relevance an-014
notations, limited expansion of external knowl-015
edge bases, and failure to simultaneously guar-016
antee accuracy and diversity in data construc-017
tion. To address these challenges, we propose018
An Automatic Retrieval Data Construction019
Method Based on Multimodal Large Language020
Model Preferences (AutoRaC), which imple-021
ments MLLM-preference-guided construction022
through a two-stage filtering pipeline, au-023
tomatically generating high-fidelity retrieval024
data while enabling knowledge base expan-025
sion, thereby enhancing data diversity. Re-026
sults on InfoSeek and EVQA demonstrate that027
our method achieves accurate relevance anno-028
tations while also enabling knowledge base ex-029
pansion, with the constructed data matching the030
quality of existing high-quality datasets.031

1 Introduction032

Multimodal retrievers (Kong et al., 2025; Zhou033

et al., 2024) play a critical role in visual034

information-seeking tasks (Chen et al., 2023;035

Mensink et al., 2023), addressing the inability of036

multimodal large language models (MLLMs) to037

respond adequately due to insufficient parametric038

knowledge. The multimodal retriever takes an im-039

age and a question as query, retrieves top-k relevant040

documents from knowledge base, and concatenates041

these documents with original query for MLLMs042

Figure 1: Current mainstream methodologies for con-
structing multimodal retrieval training data and their
inherent limitations. Our method can solve these prob-
lems and achieve high-quality multimodal retrieval data
construction. KB denotes knowledge base.

to generate knowledge-grounded answers, thereby 043

improving its performance in scenarios that require 044

external knowledge. Researches show retrieval 045

data (training data for retriever) plays a pivotal 046

role in enhancing retriever performance (Neelakan- 047

tan et al., 2022). When the retrieval data covers 048

broader knowledge domains, the model’s gener- 049

alization capability improves significantly (Xiong 050

et al., 2020). Consequently, constructing diverse 051

high-quality multimodal retrieval data is essential. 052

Recent years have seen significant progress in 053

multimodal retrieval data construction research 054

(Schwenk et al., 2022; Mekala et al., 2022). 055

OKVQA (Marino et al., 2019) generates search 056

queries by combining image classifications with 057

textual questions, retrieving relevant articles via 058
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Figure 2: Overview of AutoRaC. Our objective is to minimize two distributions generated by retriever and MLLM.

Wikipedia API as knowledge sources. (Hu et al.,059

2023) automatically matches Wikipedia entries as060

relevant documents through the GENRE entity link-061

ing system (Cao et al., 2021). (Luo et al., 2021)062

constructs queries by combining textual questions063

with corresponding answers and then retrieves rel-064

evant document snippets through Google Search065

API. However, these methods rely on unimodal066

information or simplistic multimodal fusion strate-067

gies, failing to fully capture complex vision-text068

interactions. REPLUG (Shi et al., 2024) optimizes069

retrievers using language model but cannot dis-070

tinguish between retrieved knowledge and para-071

metric knowledge, lacking interpretability. (Lin072

et al., 2023) constructs a Wikipedia-based knowl-073

edge base through pseudo-relevance, determining074

document relevance by answer inclusion, which075

risks erroneous judgments. While these methods076

enable diverse data construction, the accuracy of077

their relevance annotations still has room for im-078

provement. InfoSeek (Chen et al., 2023) manu-079

ally annotates Wikipedia answers for visual entity080

queries while converting Wikidata triples into QA081

pairs via templates. EVQA (Mensink et al., 2023)082

automatically converts Wikidata triples into ques-083

tions using templates and generates answers via084

pretrained language models. While these meth-085

ods achieve accurate relevance annotations, their086

knowledge-base-driven nature inherently limits the087

full exploitation of knowledge base potential, hin-088

dering knowledge scalability and impeding diverse089

data construction. Although each approach exhibits090

distinct strengths, none can simultaneously satisfy091

both accuracy and diversity requirements in multi-092

modal retrieval data construction.093

In this work, to address the limitations of exist- 094

ing methods, we propose AutoRaC, an MLLM- 095

preference-based, QA-pair-driven automated data 096

construction method that ensures both annotation 097

accuracy and knowledge base extensibility, thereby 098

generating high-quality and diverse retrieval data, 099

as shown in Figure 1. The relevance of external 100

knowledge documents depends on whether their in- 101

tegration enables correct question answering (Sun 102

et al., 2024). Our approach is inspired by this 103

viewpoint. We conduct extensive evaluations of 104

our method across different datasets. Experimen- 105

tal results demonstrate that our method not only 106

enhances the quality of retrieval data but also im- 107

proves MLLM performance on vision tasks. To 108

summarize, our contributions are threefold: (1) We 109

propose AutoRaC, an automated methodology for 110

constructing retrieval data based on MLLM prefer- 111

ences, while supporting accurate relevance annota- 112

tions. (2) Our method can fully explore the poten- 113

tial of the current knowledge base while supporting 114

expansion to external knowledge sources, thereby 115

increasing the diversity of data. (3) Experimental 116

results verify that our constructed data enhances 117

both the retriever’s retrieval performance and the 118

MLLM’s capability on VQA tasks, achieving com- 119

parable quality to existing high-quality datasets. 120

2 Related Work 121

2.1 Multimodal Retrieval Augmented 122

Generation 123

Multimodal retrieval augmented generation (Mei 124

et al., 2025; Jeong et al., 2025) aims to enrich 125

the non-parametric knowledge of MLLMs. For 126

multimodal retrievers, existing approaches em- 127
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ploy BM25 (Robertson and Zaragoza, 2009), DPR128

(Karpukhin et al., 2020), and fine-grained retrieval129

(Lin et al., 2024) techniques for retrieval. REPLUG130

(Shi et al., 2024) enhances performance by treating131

the language model as a black box with a tunable132

retrieval module. PreFLMR (Lin et al., 2024) is133

a fine-grained multimodal retriever that employs134

token-level late interaction. Our method primarily135

focuses on improving multimodal retriever perfor-136

mance based on MLLM preferences.137

2.2 Multimodal Retrieval Data Construction138

Current multimodal retrieval datasets (Zhang et al.,139

2024; Deng et al., 2025) exhibit hierarchical and140

scenario-specific characteristics. Approaches like141

(Marino et al., 2019; Luo et al., 2021) generate142

search queries by combining image classifications143

or answers with textual questions, retrieving rele-144

vant articles via knowledge-search API as knowl-145

edge sources. SURF (Sun et al., 2024) reconstructs146

fine-tuning data through a liberalized framework147

to improve selective information utilization in mul-148

timodal retrieval-augmented generation. Muka149

(Deng et al., 2025) enhances visual information150

retrieval tasks by automatically pairing text with151

entity images to build multimodal knowledge bases,152

effectively addressing the limitations of text-only153

knowledge bases in cross-modal retrieval. There154

are also some knowledge-base-driven methods.155

InfoSeek (Chen et al., 2023) automatically con-156

verts knowledge triples into QA pairs using pre-157

defined question templates to construct retrieval158

data. Similarly, EVQA (Mensink et al., 2023)159

generates QA pairs automatically from Wikipedia160

with human verification. Approach like (Lin et al.,161

2023) employs pseudo-relevance-based strategies162

for document-label construction. While these meth-163

ods produce high-quality multimodal retrieval data,164

there remains room for improvement in annotation165

accuracy and knowledge extensibility.166

3 Methodology167

In this work, we propose an automatic multimodal168

retrieval data construction method based on MLLM169

preferences, as shown in Figure 2. Specifically, we170

first filter parametric knowledge by verifying the171

correctness of the MLLM’s initial response to the172

original query. We then obtain the retrieval distri-173

bution and proceed to the answer filtering module,174

subsequently deriving MLLM preferences distri-175

bution by concatenating the original query with176

retrieval results. Our objective is to minimize the 177

distributional divergence between the retriever and 178

the MLLM preferences, aligning them to introduce 179

accurate and extensible relevance labels. 180

3.1 MLLM Preferences 181

3.1.1 Parameter Knowledge Filtering 182

To enhance the interpretability of document anno- 183

tations and better enable MLLMs to distinguish 184

between utilizing internal parametric knowledge 185

and external knowledge, we designed a filtering 186

module called Parameter Knowledge Filtering. 187

Specifically, we split the original datasets into two 188

subsets: Q = {Q−, Q+}, where Q− and Q+ re- 189

spectively represent samples for which the base 190

model generates incorrect and right responses us- 191

ing only its parametric knowledge. This stage en- 192

ables more effective identification of potentially 193

relevant documents and improves the interpretabil- 194

ity of relevance labels. 195

3.1.2 Retrieval Distribution Acquisition 196

We then acquire the distribution of the multimodal 197

retriever which takes image-text pair q = {I, T} as 198

input query and computes similarity scores against 199

document tensors from an external knowledge base 200

D. In our work, we employ a textual knowledge 201

base following the PreFLMR (Lin et al., 2024) con- 202

figuration, which incorporates fine-grained late in- 203

teraction for precise retrieval. The similarity is 204

formalized as follows: 205

sim(d, q) =

Lq∑
i=1

ld
max
j=1

qid
T
j (1) 206

where lq and ld denote the length dimensions of the 207

query features q and document features d respec- 208

tively. We then compute the retrieval distribution 209

of retrieved document d: 210

PR(d | q) =
esim(d,q)/γ∑

d′∈D′ esim(d′,q)/γ
(2) 211

where D′ = {d1, d2, ..., dk} ∈ D denotes the re- 212

trieved top-k relevant documents and γ is a hyper- 213

parameter controls the temperature of the softmax. 214

3.1.3 Answer Filtering 215

For each query q′ ∈ Q−, we retrieve top-k doc- 216

uments d with probability PR(d | q′). We then 217

proceed to the Answer Filtering module, where 218

we select documents that contain correct answers 219

from the retrieval results of query q′ as relevant 220
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Figure 3: The figure demonstrates the performance vari-
ations of the retriever (on retrieval tasks) and the gen-
erator (on VQA tasks) when the retriever is fine-tuned
with high-quality versus low-quality retrieval data.

documents for the target query q′. This step is cru-221

cial for eliminating noise in the retrieval results and222

focusing on high-quality candidates. At this stage,223

we improve the accuracy of relevant document la-224

bels and enable the retriever to more effectively225

comprehend the retrieved information.226

3.1.4 MLLM Preferences Alignment227

For MLLM preferences alignment, we first acquire228

the preferences distribution of the MLLM. The229

MLLM processes multimodal input q′ = {I, T}230

through an autoregressive generation mechanism.231

At each timestep t, the model predicts the probabil-232

ity distribution for the next token conditioned on233

the input q′ and previously generated tokens:234

logPM (y | d ◦ q′) =
n∑

t=1

logP (yt | y<t, d ◦ q′) (3)235

To select high-quality documents that enhance236

response quality when incorporated into the237

model’s knowledge, we identify candidates with238

higher relevance probabilities in MLLM prefer-239

ences distribution which formally defined as:240

PM (d | q′, y) = PM (y | d ◦ q′)PM (d | q′)
PM (y | q′)

(4)241

where y denotes ground-truth answer for input q′.242

However, directly computing PM (y | q′) requires243

enumerating over entire knowledge base D, which244

is computationally intractable. To enable a feasible245

approximation, we instead utilize top-k document246

set D′ = {d1, d2, ..., dk} retrieved by retriever R247

to approximate full knowledge base. We make248

following assumptions: 1) the prior probability249

PM (d | q′) is uniform over retrieved documents,250

and 2) the contribution of unretrieved documents to251

generation of y is negligible. Under these assump- 252

tions, the marginalization in Equation (4) can be 253

approximated by a sum over retrieved set D′, and 254

prior term PM (d | q′) cancels out. Consequently, 255

we obtain a normalized document preference distri- 256

bution based on MLLM’s generation probabilities: 257

PM (d | q′, y;D′) ≈ elogPM (y|d◦q′)/β∑
d′∈D′ elogPM (y|d′◦q′)/β

=
eScoreM (d;q′,y)/β∑

d′∈D′ eScoreM (d′;q′,y)/β

(5) 258

where ScoreM (d; q′, y) = logPM (y | d ◦ q′) 259

quantifies the extent to which document d sup- 260

ports the generation of the correct answer y, and β 261

is a temperature hyperparameter that controls the 262

smoothness of the resulting distribution. 263

By concatenating each candidate document d ∈ 264

D′ with the query q′ and feeding the input d◦q′ into 265

the MLLM, we compute ScoreM (d; q′, y), thereby 266

obtaining MLLM preference distribution defined 267

in Equation (5). Our core objective is to align 268

retrieval distribution of retriever R with MLLM 269

preference distribution. Specifically, we minimize 270

KL divergence between two distributions: 271

min KL(PR(d | q′) || PM (d | q′, y;D′)) (6) 272

where PR(d | q′) denotes the retriever distribu- 273

tion defined in Equation (2). Minimizing this KL 274

divergence encourages the retriever to assign higher 275

probabilities to documents that the MLLM deems 276

more supportive of generating the correct answer y. 277

In this manner, the retriever learns to emulate the 278

MLLM’s judgment of document relevance, thereby 279

achieving preference alignment between retrieval 280

and generation. Crucially, the relevance labels for 281

documents are implicitly determined by the cor- 282

rectness of the MLLM’s answers when augmented 283

with the corresponding knowledge—i.e., grounded 284

in the MLLM’s post-retrieval generation perfor- 285

mance. Our approach enables effective and effi- 286

cient retriever fine-tuning while offering enhanced 287

interpretability and accuracy. 288

Notably, our data construction approach is 289

question-answer pair driven and independent of 290

any specific knowledge base. Consequently, our 291

method not only identifies more potentially rele- 292

vant documents from the original database, but also 293

enables migration of additional knowledge bases 294

to relevant visual task datasets, thereby achieving 295
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knowledge base expansion and facilitating con-296

struction of higher-quality retrieval data. To better297

understand the impact of retrieval data quality on298

model performance, we conducted experiments on299

two datasets, as illustrated in Figure 3. The re-300

sults demonstrate high-quality retrieval data can301

positively influence both retriever and generator,302

3.2 Training Strategy303

We employ contrastive loss for fine-tuning the re-304

triever. Slightly different from (Lin et al., 2023),305

our strategy is as follows: In the dataset S, a ran-306

domly selected relevant document for query q is307

used as the positive sample, while negative sam-308

ples are randomly chosen from the irrelevant doc-309

ument set N (q), which excludes any documents310

relevant to the query. This is because our method311

may match multiple relevant documents to each312

sample, and this strategy can prevent negative sam-313

pling failure. The d+ and d− denote the positive314

and negative sample:315

L = −
∑

(q,d+)∈S
log

 esim(q,d+)

esim(q,d+)+
∑

d−∈N(q)

esim(q,d−)

 (7)316

4 Experiments317

4.1 Datasets and Metrics318

Datasets. We employ InfoSeek and EVQA as the319

visual task evaluation datasets. Both datasets re-320

quire incorporating external knowledge for visual321

question answering, demanding models to possess322

capabilities in visual understanding, knowledge re-323

trieval, and reasoning. We follow the same experi-324

mental setup as (Lin et al., 2024).325

Knowledge base. To ensure fair comparison, we326

conduct experiments using the Wiki knowledge327

base (Lin et al., 2024). This database collects all328

Wikipedia passages about common objects and con-329

cepts. Each sample in the VQA dataset corresponds330

to at least one relevant document.331

Metrics. Following the setup in (Lin et al., 2024),332

we evaluate the retriever using Pseudo-Recall@K333

(PR@K) and Recall@K (R@K). PR@K measures334

whether the retriever can find relevant documents335

containing any candidate answer to the question336

within the top-k retrieved documents. R@K re-337

quires retrieved documents to exactly match the338

original ground truth to be counted as relevant. For339

generator evaluation, we follow each dataset’s orig-340

inal evaluation protocol: The InfoSeek employs341

diverse metrics based on question types - exact 342

match for string answers, while allowing tolerance 343

ranges for numerical/temporal answers. The InfoS- 344

eek evaluation provides three metrics: performance 345

on new questions, performance on new entities, 346

and a combined final score. EVQA use BEM (Bu- 347

lian et al., 2022) to evaluate answers, which uses a 348

BERT model fine-tuned to determine equivalent an- 349

swers for a given question. We report 5-run average 350

accuracy of the generator. 351

4.2 Implementation Details 352

To validate our method, we conduct experiments on 353

the state-of-the-art multimodal retriever PreFLMR. 354

During the retrieval data construction phase, we 355

employ LLaVA-1.5-7B (Liu et al., 2023) to build 356

relevant documents for 5k data samples in each 357

dataset with BEM as judge. For the answer gener- 358

ators, we report results using LLaVA-1.5-7B. De- 359

tailed configurations are provided in A.1. 360

4.3 Results 361

To evaluate AutoRaC, we first conduct performance 362

tests on both the retriever and generator using its 363

constructed data. Then we conduct ablation ex- 364

periments on filtering modules, followed by data 365

analysis, and finally verify the extensibility with an 366

external knowledge base. 367

4.3.1 Results on Documents Retrieval 368

We first compare the retriever fine-tuned using the 369

dataset constructed by AutoRaC against other base- 370

lines, with results shown in Table 1. The con- 371

struction methods for different datasets are as fol- 372

lows (corresponding to the numbering in the ta- 373

ble): (5) Origin: The retriever is fine-tuned us- 374

ing the complete original dataset. (6) Random: 375

Relevant documents for samples are randomly se- 376

lected from the knowledge base. (7) Origin*: Fine- 377

tuning is performed using samples from the origi- 378

nal dataset that correspond to our dataset. (8) Ours: 379

The retriever is fine-tuned with the dataset con- 380

structed via AutoRaC. For fair comparison, Ran- 381

dom, Origin*, and Ours maintain identical Q-A 382

pairs across samples, differing only in their rele- 383

vant document annotations. The experimental re- 384

sults demonstrate that fine-tuning the retriever us- 385

ing the complete original dataset yields significant 386

performance improvements. Conversely, when em- 387

ploying randomly selected relevant documents for 388

fine-tuning, the retriever performance shows sub- 389

stantial degradation. These findings indicate that 390
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No. Retriever Method
Infoseek EVQA

PR@5 R@5 PR@5 R@5

(1) CLIP ✗ 17.10 – 10.40 –
(2) FLMR ✗ 47.10 – – –
(3) Google Lens ✗ – – 62.50 –

Comparative Experiments
(4) PreFLMR ✗ 57.43 39.10 72.00 62.40
(5) PreFLMR Origin 61.05 41.29 73.97 64.93
(6) PreFLMR Random 53.46 33.71 67.09 54.96
(7) PreFLMR Origin* 58.24 39.70 72.43 62.83
(8) PreFLMR AutoRaC(ours) 58.09 39.53 72.51 62.80

Table 1: Retrieval performance of PR@5 and R@5 on InfoSeek and E-VQA datasets. Baseline results for CLIP,
FLMR, and Google Lens are sourced from existing literature.

No. Retriever MLLM Method KB
Infoseek EVQA

Unseen-Q Unseen-E Final Final

Without Retrieval
(1) ✗ Qwen ✗ ✗ 27.91 30.70 29.24 24.53
(2) ✗ LLaVA ✗ ✗ 15.69 10.57 12.63 20.80
(3) ✗ LLaVA Oracle Wiki 48.79 50.53 49.64 66.91

With Retrieval
(4) PreFLMR Qwen ✗ Wiki 38.52 37.78 38.15 52.76
(5) PreFLMR LLaVA ✗ Wiki 24.99 24.32 24.65 48.87
(6) PreFLMR LLaVA Origin Wiki 26.07 25.38 25.72 50.34
(7) PreFLMR LLaVA Random Wiki 23.57 22.79 23.17 46.64
(8) PreFLMR LLaVA Origin* Wiki 25.80 24.33 25.04 49.33
(9) PreFLMR LLaVA AutoRaC(ours) Wiki 25.10 25.07 25.08 49.45

(10) PreFLMR Qwen Origin* Wiki 38.64 38.12 38.38 52.85
(11) PreFLMR Qwen AutoRaC(ours) Wiki 38.90 37.82 38.35 53.01

Table 2: Results of the generator on VQA tasks. The best results are highlighted in bold.

high-quality, sufficient retrieval data positively im-391

pacts retriever performance, while low-quality data392

exerts negative effects. Furthermore, fine-tuning393

with the dataset constructed by AutoRaC leads to394

improved retriever performance. While showing395

a marginal gap compared to the Origin* on InfoS-396

eek, it achieves comparable or even superior results397

on EVQA when using the same quantity of high-398

quality data (e.g., from 72.00 to 72.51). These399

results demonstrate our method can generate high-400

quality retrieval data to positively influence the401

retriever, validating the effectiveness of AutoRaC.402

4.3.2 Results on Answer Generation403

Since the ultimate objective of retrieval is to aug-404

ment generation, we subsequently evaluate the405

performance of different datasets on VQA task. 406

The results are presented in Table 2. Here, Orcal 407

represents the theoretical upper bound for RAG, 408

where for each sample we concatenate one ran- 409

domly selected ground-truth relevant document 410

with the input for answer generation. The ex- 411

perimental results demonstrate that incorporating 412

retrieval results leads to higher answer accuracy 413

(e.g., from 20.80 to 48.87). The Orcal perfor- 414

mance significantly surpasses all other configura- 415

tions. These findings confirm the effectiveness of 416

retrieval-augmented generation using Wiki as the 417

external knowledge base on both datasets, while 418

indicating substantial room for improvement in re- 419

triever performance. Furthermore, fine-tuning the 420

retriever with Origin and Random datasets respec- 421
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Method
Retrieval VQA

Infoseek EVQA Infoseek EVQA

PR@5 R@5 PR@5 R@5 Unseen-Q Unseen-E Final Final

Ours 58.09 39.53 72.51 62.80 25.10 25.07 25.08 49.45
w/o F-PK 57.35 38.85 72.32 62.59 24.91 25.02 24.96 49.44
w/o F-Ans 57.56 39.12 72.29 62.53 25.07 24.47 24.76 49.25
w/o F-PK, F-Ans 57.56* 38.95* 72.00 62.27 24.84 24.53* 24.68 49.18

Table 3: Results of both the retriever and generator after removing two filter modules during data construction.
F-PK and F-Ans respectively represent Parameter Knowledge Filtering and Answer Filtering module.

Dataset\Method Random Origin* AutoRaC w/o F-PK w/o f-ans w/o F-PK, f-ans

Infoseek 2248 2248 2248 2585 2782 3175
EVQA 1852 1852 1852 2715 2835 3942

Table 4: Statistics of data volume under different data construction settings

tively yields considerable performance gains and422

declines in generator performance, demonstrating423

that high-quality datasets positively impact the gen-424

erator’s final VQA task performance, whereas low-425

quality data has detrimental effects. Finally, the426

experimental results show that fine-tuning with the427

AutoRaC-constructed dataset improves the gener-428

ator’s VQA performance, achieving comparable429

or even superior results to high-quality datasets of430

the same size (e.g., 49.33 vs 49.45). This demon-431

strates that our method can produce high-quality432

retrieval data that simultaneously enhances both433

retriever and generator, thereby further validating434

the effectiveness of AutoRaC.435

Moreover, to mitigate the risk of the model436

falling into a "self-justification trap" that arises437

when the same MLLM is used for both multimodal438

retrieval data construction and RAG-based VQA439

evaluation, we additionally evaluate our approach440

using a different MLLM, Qwen2.5-VL-7B-Instruct441

(Bai et al., 2025), which is capable of understand-442

ing and reasoning over both images and text and443

distinct from the one used during data construction.444

The results consistently demonstrate the effective-445

ness and superiority of our method.446

4.3.3 Ablation Study447

We then conducted ablation studies on the two fil-448

tering modules in our data construction pipeline, as449

shown in Table 3. The experimental results demon-450

strate that incorporating both modules simultane-451

ously achieves optimal performance for both the452

retriever and generator, while removing either mod-453

Figure 4: This figure presents the actual distribution of
relevant documents in retrieval results and their ideal
distribution. The blue and green bars represent the dis-
tributions of relevant documents for the InfoSeek and
EVQA datasets respectively, while the orange curve in-
dicates the ideal distribution of relevant documents.

ule leads to performance degradation. However, 454

we observed an inconsistent pattern where remov- 455

ing both modules on InfoSeek unexpectedly out- 456

performed removing either one individually, but 457

the performance does drop when removing single 458

modules. This suggests these two modules work 459

synergistically, with combined usage yielding the 460

best results. Additionally, removing the F-PK mod- 461

ule resulted in relatively smaller performance drops 462

on EVQA’s VQA task, while our method signifi- 463

cantly reduced the dataset size, effectively filtering 464

potentially irrelevant documents and substantially 465

improving retriever fine-tuning efficiency. 466

4.3.4 Data Analysis 467

We first analyze the data volume of datasets con- 468

structed through different methods, as shown in Ta- 469

ble 4. Here, we maintain identical sample sizes for 470
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No. Retriever
Fine-tuning data of retriever OKVQA

Wiki GS Random AutoRaC PR@1 PR@3 PR@5
Baselines: With original knowledge base
(1) FLMR (Lin et al., 2023) ✗ ✗ ✗ ✗ - - 68.1
(2) PreFLMR (Lin et al., 2024) ✗ ✗ ✗ ✗ - - 68.6
(3) PreFLMR ✓ ✗ ✗ ✗ - - 70.9
Comparison: With additional knowledge base
(4) PreFLMR ✓ ✓ ✗ ✗ 55.15 76.65 83.85
(5) PreFLMR ✓ ✓ ✓ ✗ 50.14 72.26 80.30
(6) PreFLMR (ours) ✓ ✓ ✗ ✓ 56.16 77.57 84.50

Table 5: The performance changes of multimodal retriever after adding an additional knowledge base.

Random, Origin*, and AutoRaC to ensure fair com-471

parison. The dataset constructed with both mod-472

ules achieves a 30%-50% reduction in data size.473

This demonstrates that AutoRaC can effectively474

filter irrelevant documents to maintain fine-tuning475

quality, while simultaneously improving retriever476

fine-tuning efficiency.477

To further validate capability of current retriever478

in ranking relevant documents, we analyzed the479

retrieval results obtained from original PreFLMR480

model during data construction, with the accuracy481

distribution shown in Figure 4. Here, the x-axis482

represents the ranked positions of retrieved doc-483

uments in the training set, while the y-axis indi-484

cates the count of correctly answered queries when485

concatenated with each document. The ideal dis-486

tribution, corresponding to the relevance probabil-487

ity PR(d
′ | q′), should exhibit a decaying trend488

as the rank position increases. However, the ac-489

tual results demonstrate relatively flat curves that490

gradually approach a uniform distribution at higher491

ranks. These findings indicate substantial room492

for improvement in the retriever’s performance on493

the knowledge base, while simultaneously demon-494

strating that our proposed method can effectively495

exploit the retriever’s inherent potential and estab-496

lish positive feedback for retrieval optimization.497

4.3.5 Knowledge Base Expansion498

Our previous experiments have demonstrated effec-499

tiveness of AutoRaC and its theoretical applicabil-500

ity for knowledge base expansion through retrieved501

data. To verify whether our method can genuinely502

extend retrieval capabilities by incorporating new503

knowledge bases, we introduced Google Search504

Corpus (GS) (Luo et al., 2021) and conducted tests505

on the OKVQA (Marino et al., 2019). Following506

(Lin et al., 2023), we employed pseudo-recall rate507

PR@K as the evaluation metric. 508

As shown in Table 5, we have some findings on 509

what works: (1) Incorporating additional external 510

knowledge bases alongside the original one and 511

performing fine-tuning leads to significant retrieval 512

improvement (e.g., from 70.9 to 83.85), demon- 513

strating effectiveness of knowledge expansion. (2) 514

When conducting additional data construction on 515

the merged database, the Random method intro- 516

duces irrelevant documents that misguide the re- 517

triever, causing performance degradation (i.e., from 518

83.85 to 80.30). (3) Compared to random construc- 519

tion, AutoRaC, which is grounded in multimodal 520

queries and outcome-oriented design, can generate 521

higher-quality data. (i.e., from 83.85 to 84.50). 522

5 Conclusions 523

Current multimodal retrieval data construction 524

methods fail to simultaneously satisfy both accu- 525

racy and diversity requirements for relevance anno- 526

tations. To address these limitations, we propose 527

AutoRaC, an automated method for building re- 528

trieval data based on MLLM preferences, which 529

incorporates two effective filtering modules. Exper- 530

imental results demonstrate that: (1) Our method 531

produces accurate and interpretable relevance anno- 532

tations, enabling high-quality multimodal retrieval 533

data construction; (2) Our method explores the po- 534

tential of knowledge bases while supporting seam- 535

less integration of an additional knowledge base, 536

thereby supporting diversified multimodal retrieval 537

data construction; (3) The multimodal retriever fine- 538

tuned on data constructed by our method achieves 539

performance comparable to that fine-tuned on exist- 540

ing high-quality datasets across both retrieval and 541

VQA tasks. We hope this work can provide new 542

insights for advancing multimodal retrieval data 543

construction methodologies. 544
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6 Limitations545

Limited by available computational resources, we546

leave further investigations as future work: (1) This547

method can be further validated on a wider range of548

datasets and models. (2) By increasing the retrieval549

volume, more high-quality data can be obtained to550

achieve better performance. (3) Although the dual-551

filtering module in our method has demonstrated552

clear benefits, the ablation studies still exhibit a553

small number of outliers. We identify this as a554

direction for future investigation. (4) The exist-555

ing evaluation protocols for multimodal retrievers556

exhibit inconsistencies with those used in VQA557

evaluation. Based on this paper, we propose an im-558

proved method. However, since this is not related559

to the main content of this article, we have included560

it in the appendix as a direction for future work.561

7 Potential Risks and Ethical562

Considerations563

Our method relies on MLLM preferences to con-564

struct retrieval data, which may inadvertently565

propagate biases present in the underlying model566

(e.g., cultural, gender, or factual biases). If de-567

ployed without careful validation, AutoRaC could568

amplify these biases in downstream RAG sys-569

tems. Additionally, while our approach reduces570

reliance on human annotation, it does not elimi-571

nate the need for quality control—automatically572

constructed data may still contain inaccuracies or573

hallucinated knowledge. We recommend human-574

in-the-loop validation for high-stakes applications.575

We use AI for minor language polishing. All576

scientific content is written by human researchers.577
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Figure 5: Comparison of ranking similarity between
retrieval results and VQA performance across different
models on both InfoSeek and EVQA datasets.

A Appendix716

A.1 Implementation Details717

This section is a supplement to the experimental de-718

tails of the paper. All experiments were conducted719

a single NVIDIA A40 GPU.720

A.1.1 Retriever721

For all constructed datasets, we report the opti-722

mal results of PreFLMR after fine-tuning for 5723

epochs on the training split. During fine-tuning, we724

freeze the visual encoder module while setting the725

learning rate to 1e-5 for other trainable parameters,726

which are optimized using the Adam optimizer. All727

experiments were conducted with a batch size of 8728

and a warmup step of 100. The accumulate grad729

batch set to 8.730

A.1.2 MLLM731

We apply Low-Rank Adaptation (Hu et al., 2022)732

to reduce trainable parameters, setting the LoRA733

rank to 128 and the LoRA alpha to 256. The to-734

tal batch size is 512. We use the Adam optimizer735

for fine-tuning, making only the parameters of the736

multimodal projectors and the LoRA modules train-737

able, with learning rates respectively set to 2e-5 and738

2e-4.739

A.2 Discussions740

The experimental results presented earlier reveal741

partial inconsistencies between retrieval metrics742

and VQA performance. We first conducted a rank-743

ing similarity comparison between retrieval results744

and VQA results, as shown in Figure 5. The re-745

sults indicate that while their Spearman correlation746

Figure 6: Statistical analysis of relevant documents in
the AutoRaC-constructed dataset meeting evaluation
criteria for both Pseudo-Recall (PR) and Recall (R). PR
& R denotes documents satisfying both metrics simulta-
neously.

coefficients reach 0.8-0.9, significant ranking dis- 747

crepancies persist. This suggests inherent uncer- 748

tainty in evaluation metrics. Given the higher reli- 749

ability of VQA assessment methods (exact match, 750

similarity match, etc.), we attribute this primar- 751

ily to limitations in retriever evaluation. Although 752

pseudo-recall (PR) and ground truth (R) can par- 753

tially reflect multimodal retrieval performance, the 754

observed inconsistencies demonstrate they may not 755

accurately represent the retriever’s ultimate capa- 756

bility, since: (1) judging document relevance solely 757

by answer inclusion may yield false assessments, 758

and (2) relevant information might reside in undis- 759

covered documents. We subsequently analyzed 760

how many AutoRaC-constructed documents actu- 761

ally meet PR/R evaluation criteria (Figure 6), find- 762

ing only 25%-50% simultaneously or individually 763

satisfy these standards. This confirms substantial 764

room for improvement in current retriever evalua- 765

tion metrics. Accordingly, we propose preliminary 766

improvements to the evaluation framework based 767

on AutoRaC. Pseudo code can be found in A.4. 768

A.3 Instruction templates 769

The MLLM instruction templates designed for dif- 770

ferent retrieval quantities of documents is shown in 771

the Figure 7. 772

A.4 Evaluation Improvement 773

In this section, we propose a novel retrieval eval- 774

uation framework called Hybrid Recall (HRecall) 775

based on AutoRaC. The pseudocode is shown as 776

Algorithm 1: 777
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Figure 7: Display of different instruction templates.
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Algorithm 1 Evaluation of Multimodal Retriever (Hybrid Recall)

Require:
D: Test dataset {(Ii, Qi, Ai,Ki)}Ni=1 ▷ Containing image, question, ground-truth answers and
ducuments.
K: Knowledge base
MLLM : Multimodal Large Language Model
R: Multimodal retriever
k: Top-k retrieval count

1: Initialize:
2: C ← ∅ ▷ Indices of correct initial responses
3: W ← ∅ ▷ Indices of incorrect initial responses
4: Count← 0 ▷ Total number of correct samples
5: for i = 1 to N do
6: afirst ←MLLM(Ii, Qi)
7: if afirst inAi then
8: C ← C ∪ {i}
9: else

10: W ←W ∪ {i}
11: end if
12: end for
13: for i ∈ C do
14: Rtop-k ← R(Ii, Qi,K, k)
15: isCorrect ← False
16: for j = 1 to k do
17: if dj ∈ Ki then
18: isCorrect← True
19: break
20: end if
21: end for
22: if isCorrect then
23: count← count+ 1
24: end if
25: end for
26: for i ∈W do
27: Rtop-k ← R(Ii, Qi,K, k)
28: isCorrect ← false
29: for j = 1 to k do
30: arag ←MLLM(Ii, Qi,Rj)
31: if arag inAi then
32: isCorrect ← true
33: break
34: end if
35: end for
36: if isCorrect then
37: Count← Count+ 1
38: end if
39: end for
40: HRecall ← Count

|D|
41: return HRecall
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