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Abstract001

Knowledge-intensive visual question answer-002
ing (VQA) requires external knowledge be-003
yond image content, demanding precise vi-004
sual grounding and coherent integration of vi-005
sual and textual information. Although mul-006
timodal retrieval-augmented generation has007
achieved notable advances by incorporating ex-008
ternal knowledge bases, existing approaches009
largely adopt single-pass frameworks that often010
fail to acquire sufficient knowledge and lack011
mechanisms to revise misdirected reasoning.012
We propose PMSR (Progressive Multimodal013
Search and Reasoning), a framework that pro-014
gressively constructs a structured reasoning015
trajectory to enhance both knowledge acqui-016
sition and synthesis. PMSR uses dual-scope017
queries conditioned on both the latest record018
and the trajectory to retrieve diverse knowl-019
edge from heterogeneous knowledge bases.020
The retrieved evidence is then synthesized021
into compact records via compositional rea-022
soning. This design facilitates controlled iter-023
ative refinement, which supports more stable024
reasoning trajectories with reduced error prop-025
agation. Extensive experiments across six di-026
verse benchmarks (Encyclopedic-VQA, InfoS-027
eek, MMSearch, LiveVQA, FVQA, and OK-028
VQA) demonstrate that PMSR consistently im-029
proves both retrieval recall and end-to-end an-030
swer accuracy.031

1 Introduction032

The emergence of multimodal large language033

models (MLLMs) has driven significant progress034

in multimodal understanding and reasoning.035

Nonetheless, recent models continue to struggle036

with knowledge-intensive visual question answer-037

ing (VQA) tasks, which require external knowl-038

edge beyond the visual content in the image. These039

questions require a tightly coupled process of (1)040

grounding visual entities, (2) retrieving relevant ex-041

ternal knowledge, and (3) synthesizing visual and042

textual evidence to produce an answer.043

Multimodal Retrieval-Augmented Generation 044

(RAG) has become a natural solution to this chal- 045

lenge. In the standard RAG process, the model 046

retrieves image–text pairs from an external knowl- 047

edge base given the input image and question, and 048

then conditions the MLLM on the retrieved context 049

to generate an answer. Recent work has strength- 050

ened RAG via improved multimodal retrievers, hi- 051

erarchical filtering, and reranking (Cocchi et al., 052

2025; Zhang et al., 2024; Ling et al., 2025; Chen 053

et al., 2024; Liu et al., 2024b; Yan and Xie, 2024; 054

Yang et al., 2025). 055

However, this retrieve-then-read process is prob- 056

lematic for knowledge-intensive VQA, where 057

initial retrieval is often insufficient, as imper- 058

fect retrievers frequently fail to gather all nec- 059

essary knowledge or introduce distracting pas- 060

sages (Zhang et al., 2023; Shi et al., 2023; Cu- 061

conasu et al., 2024; Yoran et al., 2024). These lim- 062

itations are further amplified in multimodal RAG, 063

where distractors in both modalities can mislead 064

reasoning and degrade performance. Textual dis- 065

tractors dominate the model’s attention and bias 066

it toward irrelevant passages, whereas visual dis- 067

tractors can corrupt visual grounding and misdirect 068

reasoning (Deng et al., 2025; Bae et al., 2025). 069

Motivated by these limitations, an emerging 070

line of work has explored agentic approaches that 071

leverage reasoning for iterative, tool-augmented 072

retrieval (Li et al., 2024; Geng et al., 2025; Wu 073

et al., 2025; Hong et al., 2025a). In these frame- 074

works, agents reason and act iteratively, condition- 075

ing each action on the accumulated interaction 076

history, including prior reasoning traces and tool 077

outputs. However, errors in query generation, fil- 078

tering information, and evidence summarization 079

frequently accumulate in these multi-round interac- 080

tions (Jiang et al., 2024a). Since these frameworks 081

condition each step on the full interaction history, 082

they primarily rely on context accumulation, re- 083

taining intermediate reasoning and tool outputs in 084
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an ever-growing context. As a result, early errors085

can propagate through the unstructured history and086

gradually drift subsequent retrieval and reasoning.087

We propose PMSR (Progressive Multimodal088

Search and Reasoning), which progressively con-089

structs a structured reasoning trajectory to enhance090

knowledge acquisition and synthesis. Unlike prior091

approaches that condition each step on the full in-092

teraction history, PMSR maintains the reasoning093

state as a trajectory of compact records synthe-094

sized from retrieved evidence, and leverages this095

trajectory to guide subsequent retrieval and reason-096

ing. To acquire diverse knowledge, PMSR formu-097

lates dual-scope queries conditioned on reasoning098

states at both the record and the trajectory levels.099

These queries then retrieve knowledge from het-100

erogeneous knowledge bases (KBs), which PMSR101

synthesizes via compositional reasoning into a com-102

pact reasoning record. The updated record is ap-103

pended to the reasoning trajectory to guide subse-104

quent iterations. The process terminates adaptively105

when additional iterations become redundant.106

We conduct extensive experiments on six107

knowledge-intensive VQA benchmarks, includ-108

ing Encyclopedic-VQA (E-VQA), InfoSeek, MM-109

Search, LiveVQA, FVQA, and OK-VQA. Experi-110

mental results demonstrate that PMSR consistently111

improves retrieval recall and end-to-end answer ac-112

curacy over multimodal baselines across various113

benchmarks, achieving outstanding performance114

on five benchmarks. Our ablations confirm that115

the components work synergistically, and trajec-116

tory analysis shows that PMSR more often corrects117

early failures and reduces drift across iterations.118

2 Related work119

2.1 Multimodal RAG120

Multimodal retrieval-augmented generation (RAG)121

for knowledge-intensive VQA has largely followed122

a retrieve-then-read paradigm: external knowledge123

is retrieved in single-step and then read by the124

model to answer the question. Early work primarily125

focused on improving single-step retrieval by learn-126

ing more effective multimodal embeddings (Wei127

et al., 2024; Lin et al., 2024, 2025; Liu et al., 2024b;128

Jiang et al., 2025, 2024c). Subsequent approaches129

extended this paradigm by incorporating coarse-130

to-fine retrieval strategies. Hierarchical systems131

such as Wiki-LLaVA (Caffagni et al., 2024) and132

EchoSight (Yan and Xie, 2024) adopt coarse-to-133

fine retrieval pipelines with image-based retrieval134

followed by multimodal or text-based reranking, 135

while OMGM (Yang et al., 2025) further develops 136

this paradigm through a multi-step pipeline that 137

explicitly models multiple knowledge granularities 138

via successive multimodal and textual reranking. 139

More recent studies have focused on enhancing 140

the read phase by leveraging the reasoning capabil- 141

ities of MLLMs. For instance, ReflectiVA (Cocchi 142

et al., 2025) and mR2AG† (Zhang et al., 2024) use 143

self-reflection to evaluate retrieval adequacy and ev- 144

idence relevance. MMKB-RAG (Ling et al., 2025) 145

generates semantic tags to filter irrelevant evidence. 146

Wiki-PRF (Hong et al., 2025b) adopts reinforce- 147

ment learning to retain only relevant information. 148

Despite these advances, the majority of multimodal 149

RAG approaches remain a static retrieve-then-read 150

paradigm, constraining the model’s ability to refine 151

retrieval as reasoning evolves. 152

2.2 Multimodal Agents 153

The emergence of agentic paradigms has shifted 154

research from retrieve-then-read to agent-based 155

frameworks, where an agent iteratively combines 156

step-by-step reasoning with actions, enabling it to 157

solve complex problems by interacting with exter- 158

nal tools (Yao et al., 2022). Early explorations of 159

this direction appeared in iterative RAG for text- 160

only question answering (Wang et al., 2024; Xiong 161

et al., 2024; Yue et al., 2025; Trivedi et al., 2022; 162

Yu et al., 2024; Jiang et al., 2024d; Zhang et al., 163

2025b; Liu et al., 2024a), where models decompose 164

complex queries into sub-queries and iteratively 165

perform retrieval within predefined workflows. 166

Building on these ideas, multimodal agents bring 167

retrieval and tool use to vision–language settings 168

by coupling retrieval with tool-augmented inter- 169

action, enabling models to iteratively reformulate 170

queries and select external tools during multi-step 171

reasoning. OmniSearch (Li et al., 2024) introduces 172

adaptive planning that routes multimodal queries 173

across multiple search tools. More recent work 174

learns search and tool-use policies via reinforce- 175

ment learning: WebWatcher (Geng et al., 2025) and 176

MMSearch-R1 (Wu et al., 2025) optimize retrieval 177

trajectories over tool interactions, internalizing 178

decision-making across steps. DeepEyesV2 (Hong 179

et al., 2025a) further integrates perception, search, 180

and code execution within a unified agentic reason- 181

ing loop. 182

However, these agentic approaches condition 183

each step on a long interaction history, such that ear- 184

lier intermediate outputs remain in the conditioning 185
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Figure 1: Overview of PMSR with the reasoning trajectory update loop at iteration t. PMSR consists of three stages:
initial record generation, iterative reasoning trajectory updates, and adaptive termination. At each iteration, the
reasoning trajectory update loop generates dual-scope queries conditioned on the latest reasoning record and the
trajectory, retrieves knowledge from heterogeneous textual and multimodal KBs, and synthesizes the retrieved
candidates into a new reasoning record. The newly generated record is appended to the trajectory to guide subsequent
iterations. The process terminates adaptively when further iterations provide limited additional evidence.

and continue to influence subsequent retrieval and186

reasoning. In contrast, our method progressively187

retrieves evidence using dual-scope queries over188

heterogeneous KBs and condenses retrieved knowl-189

edge as a record to update the reasoning trajectory,190

mitigating drift from earlier intermediate outputs.191

3 Method192

PMSR (Progressive Multimodal Search and Rea-193

soning) is a framework for knowledge-intensive194

VQA where it progressively constructs a reasoning195

trajectory, as illustrated in Figure 1.196

3.1 Initial Reasoning Record Generation197

To bootstrap the reasoning trajectory, PMSR first198

constructs an initial reasoning record using an199

MLLM. Unlike later iterations that build upon the200

trajectory, this step combines the model’s paramet-201

ric knowledge with externally retrieved knowledge.202

Given the input query composed of an image I203

and a question Q, the MLLM generates a visually204

grounded description relevant to the question:205

d0 = Gdesc(Q, I). (1)206

We then expand the query by concatenating Q207

with this description, forming an enriched query208

qinit = [Q; d0]. Using qinit, PMSR retrieves an ini-209

tial candidate set D0 from the heterogeneous KBs.210

Finally, the retrieved candidate set is synthesized211

into the first reasoning record using a dedicated212

reasoning operator:213

r0 = Greason(Q, I,D0). (2)214

This produces a coherent summary of the relevant 215

facts, initializing the reasoning trajectory ⟨r0⟩. 216

3.2 Dual-scope Query Formulation 217

After initialization, PMSR progressively guides 218

knowledge search by generating new queries condi- 219

tioned on the evolving reasoning trajectory. PMSR 220

decomposes query generation into two complemen- 221

tary scopes: a record-level query grounded in the 222

latest reasoning record and a trajectory-level query 223

derived from the accumulated reasoning trajectory. 224

The record-level query supports local refinement 225

based on newly acquired knowledge, while the 226

trajectory-level query preserves broader intent ac- 227

cumulated across iterations. The set of queries gen- 228

erated at iteration t is given by: 229

Qt =
{
q
(t)
record, q

(t)
trajectory

}
. (3) 230

Record-level query. The record-level query condi- 231

tions on the latest reasoning record rt−1, using its 232

most recent deductions to expand the query to re- 233

trieve additional knowledge relevant to the current 234

reasoning state. In the standard PMSR setting for 235

knowledge-intensive VQA, this is implemented by 236

concatenating the input question with rt−1: 237

q
(t)
record = [Q; rt−1 ]. (4) 238

For the web-equipped variant of PMSR, this opera- 239

tor is adapted to produce a compact reformulation 240

suitable for search engine constraints. 241

Trajectory-level query. The trajectory-level query 242

leverages the reasoning trajectory to retrieve knowl- 243
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edge guided by the evolving reasoning records. For-244

mally, a dedicated operator synthesizes information245

from this trajectory to generate a context-specific246

query:247

q
(t)
trajectory = Gtrajectory (Q, I, ⟨r0, . . . , rt−1⟩) . (5)248

In contrast to the record-level query, it incorporates249

broader context accumulated over prior reasoning250

steps.251

3.3 Joint Search across Heterogeneous KBs252

To support compositional reasoning with diverse253

external knowledge, PMSR performs a joint search254

over heterogeneous KBs using the dual-scope255

query set generated at each iteration. Given the256

query set Qt, PMSR retrieves candidates from a257

textual KB and a multimodal KB.258

Retrieval from textual KB. For each query qt ∈259

Qt, we retrieve passages p from the textual KB260

using text-text semantic similarity:261

Stxt = simtext(qt, p), (6)262

where simtext denotes cosine similarity in a text263

embedding space.264

Retrieval from multimodal KB. The multimodal265

KB consists of image-text pairs (Ic, tc). For each266

query qt ∈ Qt and the input image I , we compute267

a decoupled similarity score:268

Smm = λ simtext(qt, tc) + (1− λ) simimg(I, Ic),
(7)269

where simimg denotes cosine similarity in an im-270

age embedding space. We use a fixed weighting271

of λ = 0.5. The text term adapts retrieval to the272

dual-scope query, while the image term preserves273

visual relevance to the input image.274

Combined retrieval. We retrieve up to Ntxt=20275

text passages and Nmm=10 image-text pairs per276

iteration and aggregate them into the candidate set277

Dt. We evenly split the retrieval budget between278

record- and trajectory-level queries. Additional im-279

plementation details are provided in Appendix D.280

3.4 Reasoning Record Generation281

After retrieving candidates from heterogeneous282

KBs, PMSR constructs a reasoning record from283

the newly retrieved knowledge.284

At iteration t, the retrieved candidate set Dt is285

synthesized using a dedicated reasoning operator:286

rt = Greason(Q, I,Dt). (8)287

The operator Greason integrates retrieved visual and 288

textual knowledge conditioned on the input query, 289

producing a reasoning record. PMSR supports com- 290

positional reasoning by aggregating diverse knowl- 291

edge from heterogeneous KBs into records to guide 292

subsequent iterations. 293

Importantly, each reasoning record rt is gener- 294

ated solely from the newly retrieved candidate set 295

Dt, without directly conditioning on previous rea- 296

soning records. The resulting record is appended to 297

the reasoning trajectory, yielding ⟨r0, . . . , rt−1, rt⟩ 298

for subsequent iterations. 299

3.5 Adaptive Termination via Information 300

Saturation 301

To improve inference efficiency, we introduce an 302

adaptive termination criterion based on information 303

saturation, where increasing similarity between 304

newly generated and earlier queries indicates re- 305

dundant retrieval. This similarity is quantified by 306

the saturation score, defined as 307

δ
(t)
query = max

q∈Qt, q′∈Qj , j<t
simtext(q, q

′). (9) 308

The iterative process terminates when 309

δ
(t)
query ≥ τ. (10) 310

Unless otherwise stated, we set τ = 0.9 in all 311

experiments. Upon termination at iteration T , the 312

MLLM generates the final answer conditioned on 313

Q, I , and the reasoning trajectory ⟨r0, . . . , rT ⟩. 314

The prompt templates used to instantiate the 315

MLLM operators (Gdesc, Gtrajectory, and Greason) are 316

provided in Appendix A. For the web-equipped 317

variant of PMSR, the prompt and details of imple- 318

mentations are provided in Appendix B and C. 319

4 Experiments 320

To evaluate the performance of our proposed PMSR 321

framework, we conduct experiments on several 322

challenging benchmark datasets using a diverse 323

set of evaluation metrics. 324

4.1 Experiment Setup 325

Datasets. We evaluate PMSR on an extensive 326

suite of knowledge-intensive VQA benchmarks 327

covering encyclopedic, factual, and real-world 328

information-seeking scenarios. Our experiments 329

use the InfoSeek validation split of M2KR (Lin 330

et al., 2024), the OK-VQA validation split, and 331

the single-hop questions of the E-VQA test 332
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Method InfoSeek E-VQA

R@5 R@10 R@20 R@5 R@10 R@20

Wiki-LLaVA (Caffagni et al., 2024) - 66.1 71.9 - 9.9 13.2
LLM-RA (Jian et al., 2024) 53.8 - - - - -
mR²AG (Zhang et al., 2024) - 65.0 71.0 - - -
ReflectiVA (Cocchi et al., 2025) 77.6 - 86.4 36.1 - 49.8
EchoSight† (Yan and Xie, 2024) 74.0 77.4 77.9 47.9 48.8 48.8
OMGM (Yang et al., 2025) 73.9 80.0 84.8 41.2 49.8 58.7
OMGM† (Yang et al., 2025) 80.8 83.6 84.8 55.7 58.1 58.7
ReAuSE (Long et al., 2025) 59.5 - - - - -

Cumulative Recall

Ours (Qwen3-VL-4B)* 93.9 64.3
Ours (Qwen3-VL-8B)* 94.6 67.3

Table 1: Recall comparison on the InfoSeek validation and E-VQA test sets. † indicates methods that utilize
reranking. For PMSR (*), we report cumulative recall at adaptive termination. Best and second-best results are
highlighted in bold and underlined, respectively.

split (Mensink et al., 2023; Chen et al., 2023;333

Marino et al., 2019), following standard practice.334

Moreover, we extend our evaluation of PMSR335

to four search-oriented benchmarks: FVQA-test,336

the InfoSeek Human subset, LiveVQA, and MM-337

Search (Jiang et al., 2024a; Wu et al., 2025;338

Fu et al., 2025). These benchmarks target real-339

world questions requiring factual grounding, time-340

sensitive news, and long-tail knowledge. The de-341

tails of each benchmark are provided in Ap-342

pendix E.343

Knowledge bases and retrievers. For a fair com-344

parison, we use fixed heterogeneous KBs across345

all experiments. The multimodal KB consists of346

2M Wikipedia image-text pairs provided in InfoS-347

eek, while the textual KB comprises approximately348

21M Wikipedia passages from FlashRAG (Jin et al.,349

2024).350

For retrieval, we adopt dense similarity search.351

Multimodal retrieval uses SigLIP2 (Tschannen352

et al., 2025) for image embeddings and Qwen3-353

Embedding (Zhang et al., 2025a) for text em-354

beddings, while textual retrieval uses E5-base-355

v2 (Wang et al., 2022). Comparisons with retriever356

baselines are provided in Appendix D.357

Multimodal large language models. To assess358

how performance scales with reasoning capacity359

while ensuring fair comparison, we evaluate two360

tiers of MLLM backbones: open-source models361

from the Qwen-VL series (Qwen2.5-VL (Bai et al.,362

2025b), Qwen3-VL (Bai et al., 2025a)) and the pro-363

prietary Gemini-2.5-Flash (Comanici et al., 2025).364

Evaluation metrics. We evaluate PMSR using365

standard accuracy and retrieval metrics across366

Method OK-VQA

PRR@5 PRR@10

DPR (Karpukhin et al., 2020) 66.9 76.4
ReViz-ICT (Luo et al., 2023) 61.9 72.6
GeMKR (Long et al., 2024) 70.8 79.1
FLMR (Lin et al., 2023) 68.1 78.0
Pre-FLMR (Lin et al., 2024) 68.6 -
ReAuSE (Long et al., 2025) 88.0 91.3
OMGM† (Yang et al., 2025) 73.4 -

Cumulative Recall

Ours (Qwen3-VL-4B)* 92.1
Ours (Qwen3-VL-8B)* 97.1

Table 2: Recall comparison on the OK-VQA benchmark
using Wikipedia as the knowledge source. † indicates
methods that utilize reranking. For PMSR (*), we report
the cumulative recall at adaptive termination.

benchmarks. For accuracy, we report the official 367

BERT matching score (BEM) (Bulian et al., 2022) 368

on E-VQA and exact match (EM) on InfoSeek. We 369

additionally report cover exact match (CEM) (Jiang 370

et al., 2024b; Yue et al., 2025) as a complementary 371

metric that checks whether the ground-truth answer 372

appears in the model output. For OK-VQA, FVQA- 373

test, InfoSeek Human, MMSearch, and LiveVQA, 374

we adopt an LLM-as-Judge protocol following 375

MMSearch-R1 (Wu et al., 2025) using GPT-4o; the 376

evaluation prompts are provided in Appendix F. 377

For retrieval performance, we measure recall 378

based on the presence of ground-truth evidence 379

in the retrieved context. We report entity recall 380

for InfoSeek and E-VQA, and Pseudo-Relevance 381

Recall (PRR) (Luo et al., 2021) for OK-VQA fol- 382

lowing PreFLMR (Lin et al., 2024). To assess pro- 383

gressive knowledge acquisition, we further report 384

cumulative recall under adaptive termination. 385
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InfoSeek E-VQA

Method Retriever Model Val M2KR Single-hop

Wiki-LLaVA (Caffagni et al., 2024) CLIP-ViT-L LLaVA-1.5-7B 28.9 - 21.8
EchoSight† (Yan and Xie, 2024) EVA-CLIP-8B Mistral-7B 31.3 - 35.5
LLM-RA (Jian et al., 2024) EVA-CLIP-8B BLIP2-Flan-T5XL 23.1 - -
mR²AG† (Zhang et al., 2024) CLIP-ViT-L LLaVA-1.5-7B 40.2 - -
ReflectiVA (Cocchi et al., 2025) EVA-CLIP-8B LLaVA-MORE-8B 40.1 - 35.5
MMKB-RAG† (Ling et al., 2025) PreFLMR ViT-G Qwen2-VL-7B 36.7 34.7 39.7
RET-2 (Caffagni et al., 2025) RET-2 LLaVA-MORE-8B 22.8 - 28.5
Wiki-PRF(w/ RL) (Hong et al., 2025b) EVA-CLIP-8B VLM-PRF-7B 42.5 - 40.1
OMGM† (Yang et al., 2025) EVA-CLIP-8B LLaVA-1.5-7B 43.5 - 50.2
OMGM† EVA-CLIP-8B GPT-4o 42.1 - 51.2

Ours SigLIP2-g
Qwen3-VL-4B - 38.3* 40.9
Qwen3-VL-8B - 41.5* 46.4

Gemini-2.5-Flash - 50.5* 59.9

Table 3: Overall accuracy on InfoSeek and E-VQA. Val denotes the full InfoSeek validation set (137K), and M2KR
the 5K subset. E-VQA results are reported on the single-hop subset. † indicates methods that utilize reranking; *
indicates that LLaVA-MORE-8B (ReflectiVA) is used as the final answer generator for EM evaluation.

4.2 Retrieval Performance on VQA386

Benchmarks387

Table 1 reports the retrieval performance of PMSR388

on the InfoSeek and E-VQA benchmarks. Across389

both datasets, PMSR achieves consistent and sub-390

stantial improvements over prior methods.391

On InfoSeek, the 4B model reaches a cumulative392

recall of 93.9%, outperforming the previous best393

result reported by ReflectiVA (86.4% at R@20).394

On E-VQA, the 4B model achieves 64.3% cumula-395

tive recall, exceeding OMGM† by 5.6 percentage396

points. Scaling the backbone from 4B to 8B fur-397

ther yields consistent gains, improving cumulative398

recall to 94.6% on InfoSeek and 67.3% on E-VQA.399

We report cumulative recall for PMSR to reflect400

progressive evidence accumulation under adaptive401

stopping. For completeness, we also report per-402

iteration recall and contributions of each KB in403

Appendix G. To quantify the efficiency gains en-404

abled by adaptive stopping, Section 5.3 presents an405

ablation study.406

As shown in Table 2, PMSR demonstrates strong407

and consistent retrieval performance on the OK-408

VQA benchmark, despite large differences from409

other benchmarks in knowledge type, question for-410

mulation, and grounding requirements. On OK-411

VQA, PMSR achieves 92.1% and 97.1% cumu-412

lative recall with the 4B and 8B models, closely413

matching its performance on InfoSeek and E-VQA.414

This cross-domain stability contrasts sharply with415

prior retrieval-augmented models, which often per-416

form well only within their target domain. The417

results indicate that PMSR’s progressive retrieval418

strategy generalizes effectively across knowledge419

types without requiring dataset-specific tuning. 420

Additionally, Appendix H reports end-to-end an- 421

swer accuracy under an LLM-as-Judge protocol. 422

Appendix I further provides an analysis of the con- 423

tribution of the latest reasoning record via a sensi- 424

tivity study on the interpolation weight λ. 425

4.3 Accuracy on Knowledge-Intensive VQA 426

We report end-to-end answer accuracy of PMSR on 427

the InfoSeek and E-VQA benchmarks in Table 3. 428

Across both datasets, PMSR achieves strong per- 429

formance compared to prior retrieval-augmented 430

approaches, highlighting the effectiveness of pro- 431

gressive, reasoning-guided retrieval. 432

On the E-VQA benchmark, PMSR with Qwen3- 433

VL-8B achieves 46.4% accuracy, which is compa- 434

rable to strong prior baselines. When the trajectory 435

is generated using a more capable model (Gemini- 436

2.5-Flash), accuracy increases to 59.9%, surpassing 437

the previous best by 8.7%. 438

On the InfoSeek benchmark, PMSR also demon- 439

strates substantial improvements. Performance 440

scales with the capacity of the reasoning backbone, 441

with the Qwen3-VL-8B configuration achieving 442

41.5% accuracy and the Gemini-2.5-Flash configu- 443

ration reaching 50.5% accuracy. 444

Importantly, for InfoSeek, we evaluate accuracy 445

using LLaVA-MORE-8B as a final answerer, re- 446

gardless of which MLLM is used to generate the 447

reasoning records. This controlled setup isolates 448

the contribution of PMSR: improvements on In- 449

foSeek reflect reasoning trajectory produced by 450

PMSR, rather than differences in the answer gen- 451

eration model. Accordingly, stronger trajectory- 452
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Method FVQA
test

InfoSeek
Human

MM
Search

Live
VQA

OmniSearch (GPT-4o)
(Li et al., 2024) - - 49.7 40.9

MMSearch-R1
(Wu et al., 2025) 58.4 55.1 53.8 48.4

WebWatcher
(Geng et al., 2025) - - 49.1 51.2

DeepEyesV2
(Hong et al., 2025a) 60.6 51.1 63.7 -

Ours 61.2 58.2 54.3 54.2

Table 4: Performance on search-oriented multimodal
benchmarks. Results for OmniSearch are taken from
WebWatcher (Geng et al., 2025). Unless otherwise
noted, all methods use Qwen2.5-VL-7B as the back-
bone.

generation configurations (e.g., Gemini-2.5-Flash)453

yield higher accuracy because they construct more454

informative and better-grounded reasoning trajecto-455

ries, which the same answerer can exploit more ef-456

fectively. Additional qualitative examples illustrat-457

ing these trajectories are provided in Appendix O.458

4.4 Results on Search-Oriented Benchmarks459

We further evaluate PMSR on search-oriented460

benchmarks that require multimodal grounding and461

open-domain knowledge acquisition. As shown in462

Table 4, using the same Qwen2.5-VL-7B backbone,463

PMSR achieves 61.2% and 58.2% accuracy on464

FVQA and InfoSeek Human, respectively, surpass-465

ing recent agent-based baselines. On MMSearch,466

PMSR attains 54.3% accuracy, remaining competi-467

tive with specialized multimodal search agents. On468

LiveVQA, which targets real-world, time-sensitive469

information seeking over diverse news sources,470

PMSR reaches 54.2% accuracy, the highest among471

the methods reported in Table 4.472

5 Ablations473

For ablation studies, we conduct experiments using474

Qwen3-VL-8B to validate the robustness of indi-475

vidual components. Unless otherwise specified, the476

retrieval budget is fixed across single-query and477

dual-scope query settings, and adaptive termina-478

tion is used with τ = 0.9 (up to a maximum of 5479

iterations).480

5.1 Impact of Iterative Performance481

To quantify the effect of progressive search and482

reasoning, Table 5 reports performance as the num-483

ber of iterations increases. Across both InfoSeek484

and E-VQA, PMSR exhibits monotonic improve-485

ments in both accuracy (CEM/BEM) and retrieval486

recall. The largest improvements occur in the first487

one to two iterations, after which improvements be-488

Iter. InfoSeek E-VQA

CEM Recall BEM Recall

0 48.3 91.7 37.1 59.2
1 53.6 (+5.3) 93.2 (+1.5) 42.2 (+5.1) 63.4 (+4.2)
2 54.8 (+1.2) 94.1 (+0.9) 45.4 (+3.2) 65.3 (+1.9)
3 55.4 (+0.6) 94.5 (+0.4) 46.2 (+0.8) 66.4 (+1.1)
4 56.3 (+0.9) 95.0 (+0.5) 47.1 (+0.9) 67.4 (+1.0)

Table 5: Performance of PMSR across iterations on
InfoSeek and E-VQA. Results are reported for a fixed
sequence of 5 iterations; Iteration 0 corresponds to the
initial reasoning record.

come smaller but remain consistent. These results 489

indicate that progressively accumulating reasoning 490

records and using them to guide subsequent re- 491

trieval provides measurable benefits. To further ex- 492

amine how intermediate reasoning evolves across 493

iterations, we analyze reasoning trajectory dynam- 494

ics in Section 6.1. 495

5.2 Ablation of components 496

Dual-scope
Query

Hetero.
KB Iter. BEM Recall

× × × 30.7 48.7
✓ × × 32.4 48.8
× ✓ × 34.4 58.4
✓ ✓ × 37.3 58.8
✓ × ✓ 34.6 56.3
× ✓ ✓ 43.1 64.8

✓ ✓ ✓ 46.4 67.4

Table 6: Component ablation of PMSR on the E-VQA
test set. We ablate dual-scope query formulation, re-
trieval over heterogeneous KBs, and progressive search
and reasoning over iterations. Removing dual-scope
query uses only the trajectory-level query; removing het-
erogeneous KBs restricts retrieval to the multimodal KB;
removing iterations corresponds to single-pass RAG.

Table 6 examines the contribution of key com- 497

ponents of PMSR on E-VQA. Adding a textual 498

KB alongside the multimodal KB substantially im- 499

proves retrieval recall (48.7→58.4) and increases 500

BEM (30.7→34.4), highlighting the importance of 501

heterogeneous KBs. Enabling dual-scope query for- 502

mulation further boosts performance, with larger 503

gains observed under heterogeneous KB retrieval 504

(BEM 34.4→37.3; recall 58.4→58.8). Finally, in- 505

troducing progressive search and reasoning over 506

iterations yields additional improvements, and the 507

full model achieves the best overall performance. 508

These results indicate that repeated reasoning- 509

guided retrieval and accumulation of reasoning 510

records provide complementary benefits beyond 511

any single component. 512

7



5.3 Ablation of Adaptive Termination513

Method InfoSeek E-VQA
Avg.
Iter. CEM Recall Avg.

Iter. BEM Recall

Fixed 5.0 56.3 95.0 5.0 47.1 67.5
Adaptive 3.3 55.1 94.6 3.5 46.4 67.3

Table 7: Impact of adaptive termination compared with
a fixed-iteration strategy (fixed: 5 iterations vs. adaptive:
τ = 0.9).

We evaluate the efficiency of adaptive termina-514

tion by comparing it against a fixed-iteration strat-515

egy with the same backbone (Qwen3-VL-8B). As516

shown in Table 7, adaptive termination with the de-517

fault threshold τ = 0.9 reduces the average number518

of iterations from 5.0 to 3.3 on InfoSeek and 3.5 on519

E-VQA, while maintaining comparable accuracy520

and retrieval recall.521

6 Analysis522

6.1 Analysis of Reasoning Trajectory523

Trajectory Type InfoSeek E-VQA

Stable-Correct 43.95% 47.73%
Persistent-Fail 36.79% 4.91%
Correction 11.64% 30.06%
Conflict 7.63% 17.31%

Table 8: Distribution of reasoning trajectory types based
on per-iteration correctness patterns (CEM on InfoS-
eek; BEM on E-VQA): Stable-Correct (correct at all
iterations), Persistent-Fail (incorrect at all iterations),
Correction (recovers from incorrect reasoning and is
correct at the final iteration), and Conflict (correct in
some iterations but incorrect at the final iteration).

We analyze reasoning trajectories by evaluat-524

ing the correctness of each intermediate reasoning525

record across iterations, rather than only the final526

prediction, to characterize how reasoning evolves.527

As shown in Table 8, Correction occurs more fre-528

quently than Conflict, suggesting that the proposed529

framework more often recovers from early incor-530

rect reasoning than propagates it to later iterations.531

Moreover, a substantial portion of trajectories is532

categorized as Stable-Correct, indicating that once533

correct grounding and relevant knowledge are es-534

tablished, the reasoning process tends to preserve535

correctness across subsequent iterations.536

Notably, on E-VQA, the combined proportion of537

Stable-Correct and Correction trajectories exceeds538

70%, indicating that reasoning records progres-539

sively gather sufficient knowledge to address the540

question. However, this proportion is considerably 541

higher than the final answer accuracy, revealing 542

a gap between the quality of intermediate reason- 543

ing records and the model’s ability to fully utilize 544

them for answer prediction. To further examine this 545

gap, we present a model sensitivity analysis of the 546

contextual noise of distractors in Appendix M. Fur- 547

thermore, we provide a trajectory type comparison 548

with the web search agent in Appendix N under the 549

same KB and retriever. 550

6.2 Analysis of Adaptive Termination 551

Trajectory Category InfoSeek E-VQA

Stable-Correct 1.96 2.26
Correction 1.60 1.87

Table 9: Average additional iterations after convergence
to a correct reasoning record under adaptive termination.

To assess whether adaptive termination halts 552

once sufficient knowledge has been acquired, we 553

measure the number of iterations executed after 554

the reasoning process has already converged to a 555

correct state. We focus on Stable-Correct and Cor- 556

rection trajectories, in which a correct reasoning 557

record is reached at some iterations and maintained 558

thereafter. 559

As shown in Table 9, adaptive termination typi- 560

cally occurs shortly after convergence on both In- 561

foSeek and E-VQA. Because adaptive termination 562

requires at least one subsequent iteration to assess 563

saturation by comparing newly generated outputs 564

with prior states, the procedure executes, on aver- 565

age, one to two additional iterations before termi- 566

nation. 567

7 Conclusion 568

In this paper, we introduced PMSR, a progres- 569

sive multimodal search and reasoning framework 570

for knowledge-intensive VQA. PMSR constructs a 571

structured reasoning trajectory composed of com- 572

pact reasoning records synthesized from diverse 573

evidence to enhance both knowledge acquisition 574

and synthesis. This design enables controlled, it- 575

erative refinement of retrieval and reasoning, pro- 576

moting more stable trajectories that can correct 577

early mistakes and reduce drift over successive it- 578

erations. Extensive experiments on six knowledge- 579

intensive VQA benchmarks demonstrate consistent 580

improvements in retrieval recall and end-to-end an- 581

swer accuracy over strong baselines, highlighting 582

the effectiveness of PMSR. 583
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8 Limitations584

While the PMSR framework demonstrates signif-585

icant improvements in retrieval recall and answer586

accuracy across several knowledge-intensive VQA587

benchmarks, several limitations warrant considera-588

tion for future research. First, the proposed frame-589

work relies on iterative retrieval and reasoning,590

which introduces additional inference overhead591

compared to single-pass RAG methods. Although592

the adaptive termination mechanism mitigates re-593

dundant iterations, the overall computational cost594

remains higher in cases where convergence is slow.595

Second, PMSR retrieves from heterogeneous596

sources, but its overall performance remains sen-597

sitive to retrieval quality and query formulation.598

In this work, we rely on standard retrieval com-599

ponents and do not integrate recent MLLM-based600

multimodal retrievers that learn fused multimodal601

embeddings for joint retrieval. Incorporating such602

retrievers is a promising direction, particularly603

for reasoning-guided queries, where transformed604

queries may benefit from joint image–text retrieval.605

Finally, PMSR remains limited by the reason-606

ing and grounding capabilities of the underlying607

MLLM. While PMSR provides progressive rea-608

soning records and a structured, iterative knowl-609

edge acquisition process, smaller or less capable610

backbones may still struggle with accurate visual611

grounding and compositional reasoning over mul-612

tiple visual-text associations, limiting how effec-613

tively retrieved relevant knowledge can be lever-614

aged for correct predictions.615
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A Prompts for PMSR Framework929

We present the prompt templates used in the PMSR930

framework. All prompts are designed to be model-931

agnostic. In the templates below, terms enclosed932

in {braces} denote dynamic content populated at933

runtime.934

A.1 Initial Reasoning Record Generation935

Initial Description Prompt

Question: {question}

Instruction:
Concisely describe the image which is
relevant to the question.

Figure A1: The prompt used to generate the initial visual
description (d0) for the first query expansion.

To bootstrap the iterative process, we first in-936

struct the model to generate a query-focused de-937

scription of the image (Figure A1). This serves as938

the initial grounding for the first retrieval step.939

A.2 Dual-scope Query Formulation940

As described in Section 3.2, PMSR constructs the941

query set Qt using two complementary operators:942

a record-level query and a trajectory-level query.943

Record-level query. This operator conditions on944

the most recent reasoning record to use its most945

recent deductions to guide successive retrieval.946

It is implemented by concatenating the original947

question Q with the latest reasoning record rt−1,948

i.e., q(t)record = [Q; rt−1]. No additional instruction949

prompt is required.950

Trajectory-level query. To implement the951

trajectory-level query operator Gtrajectory, we use the952

structured prompt shown in Figure A2. The prompt953

instructs the MLLM to analyze the accumulated954

reasoning trajectory (provided in the {knowledge}955

field) together with the original question. By sep-956

arating an explicit Analysis section from the957

Output, the model is encouraged to identify miss-958

ing or underspecified information in ⟨r0, . . . , rt−1⟩959

before generating a context-specific query for sub-960

sequent knowledge search.961

A.3 Reasoning Record Generation962

At each iteration, we synthesize the retrieved ev-963

idence into a concise "Reasoning Record." This964

Trajectory-level Query Operator Prompt
(Gtrajectory)

Input Context:
**Query**: {question}
**Knowledge**: {knowledge}

Instruction:
Please first analyze all the information
in a section named Analysis (## Analysis).
Generate more accurate question based on
the Knowledge to search more information
helpful to addressing Query.

Your response should be in the following
format:

## Analysis
Analysis query and correct knowledge to
search more accurately.

## Output
Question: context-specific new question

Figure A2: The prompt used for the trajectory-level
query operator Gtrajectory. The {knowledge} field is
populated with the accumulated reasoning trajectory
⟨r0, . . . , rt−1⟩ to allow the model to identify gaps be-
fore generating a new search query.

Reasoning Record Synthesis (Greason)

Input Context:
Question: {question}
Knowledge: {knowledge}

Instruction:
Based on the image, description, and
knowledge, summarize the correct and
relevant information with respect to the
image and question.

Figure A3: The prompt used for the Reasoning Record
Generation operator Greason, which synthesizes a reason-
ing record from newly retrieved multimodal evidence.

prompt is designed to retain only correct and rele- 965

vant information for the next step (Figure A3). 966

A.4 Final Answer Generation 967

Once the iterations are complete (or adaptive termi- 968

nation is triggered), we use the reasoning trajectory 969

to derive the final answer (Figure A4). 970

B Prompts for Web Search 971

We employ two specialized prompts to optimize the 972

web search process. The first ensures that search 973

queries are concise and keyword-optimized, while 974

the second condenses retrieved long content into 975

text passages. 976
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Final Answer Generation

Input Context:
Question: {question}
Relevant Knowledge: {reasoning_records}

Instruction:
Please answer the following question using
the provided information and image.
Based on the information, provide a
detailed answer to the question.

Figure A4: The final prompt used to generate the answer
by synthesizing the original question, image, and the
full chain of reasoning records.

B.1 Search Query Condensation977

When a generated query exceeds a predefined978

length threshold (e.g., 400 characters), we use a979

condensation prompt to rewrite it into a form suit-980

able for search engines. This helps extract the main981

entities and essential intent from a verbose reason-982

ing step (Figure A5).983

Search Query Condensation

Instruction:
Rewrite this query to be a concise question
for search engine including main entity
and essential point.

Input Context:
Query: {prompt}

Figure A5: The prompt used to condense verbose or
complex reasoning outputs into an effective keyword-
based search query.

B.2 Web Content Summarization984

To efficiently handle the noise and length of raw985

web pages, we use a summarization prompt. This986

prompt instructs the MLLM to generate a summary987

relevant to the original query (Figure A6).988

C Web-equipped Implementation989

To evaluate PMSR on search-oriented benchmarks990

that require access to time-varying or out-of-KB991

information, we implement a web-equipped variant992

that augments PMSR with web search. This variant993

preserves the core PMSR pipeline (query formula-994

tion → retrieval → reasoning record generation),995

while adapting query construction and evidence996

processing to practical constraints of web search997

(e.g., query length limits and noisy webpage con-998

tent).999

Web Content Summarization

Input Context:
Query: {prompt}

Instruction:
Summarize the following web content,
focusing on information relevant to the
query. Provide a concise summary in a
single paragraph:

Target Content:
Title: {title}
Content: {content}

Figure A6: The prompt used to summarize retrieved
web pages. By explicitly conditioning the summary on
the input query, the model filters irrelevant candidates
and focuses on the evidence needed for the answer.

Image search tool. We use the ScrapingDog API 1000

to interface with Google Lens at the initial iteration 1001

(t=0) only, in order to obtain an initial set of visu- 1002

ally related webpages. Given the input image, the 1003

tool returns visually similar pages with metadata 1004

such as thumbnails and titles. We then fetch the 1005

corresponding page contents and generate question- 1006

conditioned summaries, which are used as the ini- 1007

tial visual evidence to bootstrap the first reasoning 1008

record. In subsequent iterations (t > 0), PMSR 1009

performs multimodal retrieval over the Wikipedia- 1010

based multimodal KB. 1011

Text search tool. For textual retrieval, we em- 1012

ploy Ollama Web Search following a search-parse- 1013

summarize pipeline. Given a query, the system re- 1014

trieves relevant URLs, parses their contents, and 1015

summarizes each page using GPT-OSS 120B (5.1B 1016

active parameters). The same model is also used 1017

to rewrite long queries into concise forms to meet 1018

search-engine constraints. 1019

C.1 Initial Reasoning Record Generation. 1020

At the initial iteration (t = 0), we follow the proto- 1021

col of MMSearch-R1 by anchoring retrieval with 1022

image-based search. Specifically, we submit the in- 1023

put image I to Google Lens to obtain visually sim- 1024

ilar webpages, then fetch and summarize their con- 1025

tents to form the initial candidate set D0. We gener- 1026

ate the initial reasoning record r0 by applying the 1027

standard reasoning operator Greason on (Q, I,D0), 1028

thereby bootstrapping the reasoning trajectory with 1029

visually grounded evidence. 1030
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C.2 Dual-scope Query Formulation1031

In the standard PMSR framework, the record-level1032

query is constructed by concatenating the original1033

question with the latest reasoning record. However,1034

web search engines impose constraints on query1035

length and formatting, making direct concatenation1036

impractical. To address this, we introduce a rewrit-1037

ing operator Grecord that compresses (Q, rt−1) into1038

a concise search string:1039

q
(t)
record = Grecord(Q, rt−1). (C.11)1040

The model is prompted to produce a keyword-1041

focused query suitable for web search. For the1042

trajectory-level query, we use the same operator1043

Gtrajectory as in Section 3.2, which synthesizes the1044

accumulated reasoning trajectory into a context-1045

specific query.1046

C.3 Web Search and Evidence1047

Summarization1048

Each web query is executed to retrieve a relevant1049

list of URLs. To summarize relevant information,1050

we apply a summarization pipeline:1051

1. Content extraction: We scrape the raw1052

HTML content of the top-k retrieved web-1053

pages.1054

2. Query-conditioned summarization: Each1055

page is summarized to produce a relevant sum-1056

mary of the input query.1057

The resulting text summaries and the text retrieved1058

from image search are treated as the candidate set1059

Dt. We then generate the next reasoning record rt1060

using Greason(Q, I,Dt), following the same proce-1061

dure as in Section 3.4.1062

D Multimodal Retrieval Implementation1063

To construct the multimodal knowledge base, we1064

process the Wikipedia corpus used in InfoSeek,1065

which is derived from the 2022-10-01 Wikipedia1066

dump. For each image–text pair, we generate1067

normalized image and text embeddings to com-1068

pute a decoupled similarity score. Specifically, im-1069

age embeddings are extracted using a pretrained1070

SigLIP2 model, while text embeddings are ob-1071

tained from Wikipedia section summaries using1072

a Qwen3-Embedding encoder.1073

To efficiently implement decoupled similarity1074

retrieval, we concatenate the normalized image1075

and text embeddings into a joint multimodal rep- 1076

resentation and index them using FAISS with an 1077

IndexFlatIP (inner product) index. At query time, 1078

the input image and refined text query are encoded 1079

separately using the same encoders and concate- 1080

nated to form a single multimodal query vector. 1081

A maximum inner product search (MIPS) is then 1082

performed to retrieve the top-k candidates. With 1083

the default weight λ = 0.5, this retrieval proce- 1084

dure is equivalent to the decoupled similarity score, 1085

enabling efficient and scalable retrieval while pre- 1086

serving consistency with our scoring function. 1087

To prevent image duplication, we additionally 1088

deduplicate the knowledge base against the evalua- 1089

tion splits using perceptual hashing. We compute 1090

a perceptual hash for every image in the KB and 1091

for all query images in the InfoSeek validation split 1092

and the E-VQA test split, and treat images with 1093

matching hashes as duplicates. This reveals a small 1094

number of overlapping images: 17 in the InfoS- 1095

eek validation split and 35 in the Encyclopedic- 1096

VQA (E-VQA) test split. We remove the duplicate 1097

images from the KB before building the FAISS 1098

index. 1099

Retriever Dataset Query
Modality R@5 R@10 R@20

OMGM
InfoSeek image-to-text 73.9 80.0 84.8

E-VQA image-to-text 41.2 49.8 58.7

EVA-CLIP-8B
InfoSeek image-to-image 67.1 73.0 77.9

E-VQA image-to-image 31.3 41.0 48.8

SigLIP2-g
Qwen3-Embedding-0.6B

InfoSeek
image-to-image 66.7 72.7 77.5

image+text 69.4 76.2 81.1

E-VQA
image-to-image 36.2 41.9 46.4

image+text 43.1 48.7 54.5

Table A1: Performance of multimodal similarity on the
InfoSeek validation split and E-VQA test split.

Table A1 reports retriever performance on the 1100

InfoSeek validation split and the E-VQA test split. 1101

The results show that multimodal queries that 1102

jointly incorporate image and text similarity consis- 1103

tently achieve higher recall than unimodal (image- 1104

only) queries. 1105

E Details of Datasets 1106

InfoSeek. InfoSeek is a large-scale benchmark 1107

designed to evaluate visual information-seeking ca- 1108

pabilities. It consists of automatically generated 1109

and human-annotated questions grounded in Wiki- 1110

data entities, paired with corresponding images 1111

and factual answers. Question templates cover hun- 1112

dreds of relational types, ensuring broad coverage 1113

of entity attributes, locations, and fine-grained fac- 1114
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tual properties. Each question–image pair is re-1115

tained only when supporting evidence exists in1116

Wikipedia, resulting in a dataset well aligned with1117

real-world encyclopedic knowledge. Following the1118

evaluation protocol of PreFLMR, we evaluate on1119

5K questions from the M2KR subset of the InfoS-1120

eek validation split.1121

Encyclopedic VQA. Encyclopedic VQA focuses1122

on fine-grained entity understanding across natural1123

and landmark categories. Each entity is associated1124

with multiple images and supported by textual ev-1125

idence drawn from a large, controlled Wikipedia-1126

derived knowledge base. The dataset includes both1127

single-hop and multi-hop questions, enabling eval-1128

uation of visual grounding combined with factual1129

reasoning. Consistent with prior work, we evaluate1130

on the official E-VQA test split using only single-1131

hop questions, which provides a clean setting for1132

assessing retrieval quality and answer accuracy via1133

the BEM metric.1134

FVQA-test. FVQA-test is a curated evaluation1135

set of 2K questions constructed to emphasize fac-1136

tual reasoning grounded in visual evidence. It com-1137

bines three sources: human-verified samples se-1138

lected from an automatically generated FVQA pool,1139

re-annotated examples drawn from the InfoSeek1140

Human Split, and newly collected instances by hu-1141

man annotators. Together, these subsets span di-1142

verse categories of factual knowledge, requiring1143

the model to jointly interpret the image content1144

and retrieve the appropriate supporting fact. This1145

controlled, carefully validated setup allows precise1146

assessment of factual multimodal reasoning.1147

OK-VQA. OK-VQA evaluates knowledge-1148

intensive question answering, where answers1149

cannot be derived from the image alone. Questions1150

cover common-sense, cultural, geographic, and1151

scientific knowledge, requiring external informa-1152

tion sources to supplement visual understanding.1153

The dataset is widely used to benchmark retrieval-1154

augmented visual reasoning, as models must1155

identify the relevant factual concept and connect it1156

to the visual context in order to generate correct1157

answers. We report results on 5K questions from1158

the validation split, which is commonly used for1159

benchmarking retrieval-augmented VQA systems.1160

InfoSeek Human. The InfoSeek Human subset,1161

composed of 2K questions used in MMSearch-R1,1162

was drawn from the InfoSeek Human split that1163

demands open-domain retrieval. These samples1164

include entity-level and relational queries where 1165

relevant evidence must be located across large 1166

textual corpora. The subset captures the retrieval- 1167

intensive aspects of InfoSeek while removing ques- 1168

tions whose answers can be inferred solely from the 1169

image, providing a targeted test bed for evaluating 1170

search and reasoning under multimodal constraints. 1171

LiveVQA. LiveVQA evaluates real-world 1172

information-seeking under time-sensitive news 1173

contents. The benchmark is built from contempo- 1174

rary articles across major global news outlets, each 1175

paired with images and automatically generated 1176

questions that range from basic visual recognition 1177

to multi-hop reasoning over the article’s text. Its 1178

emphasis on up-to-date events, diverse categories, 1179

and mixed reasoning styles makes LiveVQA an 1180

effective test of a model’s ability to retrieve current 1181

information and integrate it with visual cues. We 1182

evaluate performance on the 3,602 questions from 1183

the preview split, covering all news categories and 1184

reasoning types. 1185

MMSearch. MMSearch contains manually cu- 1186

rated examples spanning a wide range of real- 1187

world domains, divided into knowledge-oriented 1188

and news-oriented queries. The benchmark in- 1189

cludes a subset of visual questions that require mod- 1190

els to perform multimodal retrieval over both gen- 1191

eral knowledge and rare, specialized facts. Many 1192

questions are chosen specifically because leading 1193

LLMs struggle to answer them without external 1194

search. This makes MMSearch particularly suitable 1195

for evaluating agentic or iterative retrieval systems 1196

designed for complex information-seeking tasks. 1197

For evaluation, we use the visual subset of 171 1198

questions, which isolates multimodal information- 1199

seeking scenarios requiring retrieval beyond image 1200

content. 1201

F Prompts for LLM-as-Judge 1202

For OK-VQA, FVQA-test, InfoSeek Human, MM- 1203

Search, and LiveVQA, we follow the LLM- 1204

as-Judge evaluation framework introduced in 1205

MMSearch-R1 (Wu et al., 2025). Given an input 1206

question, a ground-truth answer, and a model pre- 1207

diction, a judging LLM evaluates whether the pre- 1208

diction is correct, producing both a binary decision 1209

and a brief justification. The evaluation focuses 1210

on semantic equivalence rather than exact string 1211

matching, while enforcing strict correctness for 1212

core factual content, names, and numerical values. 1213
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Prompt Template for LLM-as-Judge

Input Format:
Question: {question}
Ground Truth Answers: {gold_answer}
Model Response: {model_response}

Evaluation Instructions:
You are an AI assistant tasked with
evaluating the correctness of model
responses given the Question and Ground
Truth answer. Your judgment should follow
these principles:
1. Consider the question, and ground truth

answer holistically before evaluating
the model’s response.

2. Your decision should be strictly Yes
or No, based on whether the model’s
response is factually accurate and
aligns with the ground truth answer.

3. If the model response is a more specific
form that includes the ground truth
answer, it is correct.

4. If the model response includes all key
information but adds minor details, it
is correct as long as the extra details
are factually correct.

5. If the model response contradicts,
modifies, or omits critical parts of the
answer, it is incorrect.

6. For numerical values, ensure
correctness even when presented
in different units.

7. For names, check for first and last name
correctness. If the middle name is extra
but correct, consider it correct.

8. For yes/no questions, the response must
exactly match "Yes" or "No" to be
correct.

Evaluate whether the Model Response
is correct based on the Question and
Ground Truth Answer. Follow the predefined
judgment rules and provide a clear Yes/No
answer along with a justification.

Output Format:
<reason>Detailed reasoning following the
evaluation principles.</reason>
<judge>Yes/No</judge>

Figure A7: Prompt template for LLM-as-Judge
evaluation. We employ this structured prompt to en-
force strict factual consistency while allowing mi-
nor semantic variations. The placeholders {question},
{gold_answer}, and {model_response} are populated
dynamically for each sample.

Concretely, we use the prompt template shown in1214

Figure A7, where {question}, {gold_answer},1215

and {model_response} are filled with the corre-1216

sponding values for each sample.1217

G Per-iteration Recall Analysis1218

Table A2 reports a per-iteration recall for the tex-1219

tual KB, multimodal KB, and their heterogeneous1220

Dataset Knowledge Source Recall

Iter. 1 Iter. 2 Iter. 3 Iter. 4

InfoSeek
Textual KB 77.9 79.9 80.5 80.8
Multimodal KB 88.3 88.5 88.2 88.7
Heterogeneous KB 90.4 90.5 90.4 90.7

E-VQA
Textual KB 35.7 39.2 40.4 41.4
Multimodal KB 51.4 51.3 51.9 52.4
Heterogeneous KB 58.5 58.8 59.5 60.6

Table A2: Per-iteration recall of different knowledge
sources in PMSR using Qwen3-VL-8B. Heterogeneous
KB combines textual KB (R@20) and multimodal
KB (R@10) at each iteration.

Method Knowledge Source OK-VQA

MMSearch-R1-7B (Wu et al., 2025)
Google Search
Google Lens

59.9

DeepMMSearch-R1-7B (Narayan et al., 2025)
Google Search
Google Lens

67.8

PMSR (Qwen3-VL-8B) Wikipedia 66.0

Table A3: Accuracy comparison on the OK-VQA bench-
mark, comparing our Wikipedia-based approach with
the web-equipped baselines from (Narayan et al., 2025).

combination, offering a fair comparison of how 1221

each source contributes during iterative retrieval. 1222

Across both InfoSeek and E-VQA, each knowl- 1223

edge source shows incremental gains over itera- 1224

tions, while the heterogeneous setting consistently 1225

achieves the highest recall at every step. These 1226

results indicate that PMSR’s iterative refinement 1227

leverages diverse associations from both sources, 1228

and that its improvements arise from their comple- 1229

mentary signals. 1230

H Accuracy on OK-VQA 1231

To assess synthesis quality beyond retrieval re- 1232

call, we further evaluate end-to-end accuracy on 1233

OK-VQA using LLM-as-Judge protocol. Given the 1234

open-ended nature of this benchmark, we com- 1235

pare PMSR against agentic systems that utilize live 1236

web search tools. As shown in Table A3, PMSR 1237

achieves competitive performance using only the 1238

Wikipedia knowledge source, recording 66.0% ac- 1239

curacy with the Qwen3-VL-8B backbone. 1240

I Record-level Query Analysis 1241

Table A4 compares retrieval over the multimodal 1242

KB using the question alone versus the record-level 1243

query that appends the latest reasoning record. In- 1244

corporating the reasoning record consistently im- 1245

proves Recall@5/10/20 (+3.5/+3.4/+1.7 points). 1246

These results indicate that the reasoning record 1247

provides an additional reasoning-guided signal that 1248

helps retrieve more relevant knowledge. 1249
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Text Signal R@5 R@10 R@20

Question only 43.1 48.7 54.5
Question + reason. record 46.6 52.1 56.2

Table A4: Effect of incorporating the latest reasoning
record into the record-level query of PMSR for multi-
modal retrieval on E-VQA, using only the multimodal
KB with the default weight λ=0.5.

Model Retriever Size BEM Recall

Qwen3-VL-4B Small 39.8 61.7
Large 40.9 68.0

Qwen3-VL-8B Small 45.5 63.3
Large 47.1 67.4

Table A5: Impact of retriever scaling on E-VQA,
comparing a small retriever (SigLIP2-SO400m +
ModernBert-GTE) and a large retriever (SigLIP2-g +
Qwen3-Emb).

J Scaling Multimodal Retrievers1250

We investigate the impact of retriever capacity on1251

overall performance. To this end, we compare a1252

small retriever (SigLIP2-So400m + ModernBERT-1253

GTE) with a large retriever (SigLIP2-giant +1254

Qwen3-Embedding-0.6B). As summarized in Ta-1255

ble A5, this scaling yields consistent gains in re-1256

call on the E-VQA benchmark. Crucially, these1257

improvements in retrieval show increases in BEM1258

accuracy across both model sizes.1259

K Top-k Sensitivity Analysis1260

Model Metric k = 10 k = 20

Qwen3-VL-4B Acc 40.9 42.4
Recall 64.3 68.7

Qwen3-VL-8B Acc 46.4 46.3
Recall 67.3 72.8

Table A6: Top-k sensitivity analysis of PMSR on the
E-VQA benchmark, showing the impact of retrieval
budget on different Qwen3-VL models. k denotes the
number of retrieved image-text pairs.

Table A6 analyzes the effect of increasing the re-1261

trieval budget on performance on E-VQA. Expand-1262

ing the number of retrieved image–text pairs from1263

k = 10 to k = 20 consistently improves retrieval1264

recall for both Qwen3-VL-4B and Qwen3-VL-8B,1265

indicating increased evidence coverage. However,1266

answer accuracy shows marginal gains for the 4B1267

model and remains largely unchanged for the 8B1268

model.1269

L Sensitivity of the Multimodal Similarity 1270

Weight 1271

λ R@5 R@10 R@20

0.3 0.482 0.528 0.570
0.4 0.479 0.527 0.570
0.5 0.466 0.521 0.562
0.6 0.446 0.497 0.546
0.7 0.425 0.474 0.524

Table A7: Ablation of the weight λ for combining the
retrieval score with the last reasoning record on E-VQA.

Table A7 reports Recall@5/10/20 for λ ∈ 1272

{0.3, 0.4, 0.5, 0.6, 0.7}. Performance peaks at 1273

smaller λ (0.3-0.4) and gradually decreases as λ 1274

increases, suggesting that maintaining visual rele- 1275

vance is important. At the same time, recall remains 1276

competitive across a broad range of λ, indicating 1277

that the record-level query provides a useful text 1278

signal that complements visual matching. 1279

M Sensitivity to Contextual Noise 1280

To further examine the gap observed in Section 6.1, 1281

we analyze the model’s sensitivity to contextual 1282

noise introduced by retrieved distractors. In partic- 1283

ular, we test whether adding extra retrieved context 1284

can degrade answer prediction even when the ora- 1285

cle evidence is already present in text passages. 1286

We conduct a controlled sensitivity analysis on 1287

the E-VQA subset, restricting the evaluation to sam- 1288

ples for which oracle textual evidence is exactly 1289

available. This setup allows us to isolate the impact 1290

of distracting context while holding the presence of 1291

correct supporting evidence constant. As summa- 1292

rized in Table A8, conditioning the model solely on 1293

the oracle text yields an accuracy of 86.6%. How- 1294

ever, augmenting this context with retrieved im- 1295

age–text pairs reduces accuracy to 78.7%, suggest- 1296

ing that visually similar but semantically irrelevant 1297

images can interfere with correct entity ground- 1298

ing. When additional textual context retrieved from 1299

Google Search is further incorporated, accuracy 1300

decreases to 72.5%. Overall, the results highlight 1301

that contextual distractors can substantially impair 1302

evidence utilization even when correct supporting 1303

text is available. 1304

N Trajectory-Type Comparison on 1305

E-VQA 1306

To better understand the behavioral differences 1307

between progressive record-based updating and 1308
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Context Configuration Accuracy

Oracle Section Text 86.6%
Oracle + 10 Retrieved Pairs 78.7%
Oracle + 10 Retrieved Pairs (w/ Web Search) 72.5%
Oracle + 20 Retrieved Pairs (w/ Web Search) 64.3%

Table A8: Sensitivity analysis on E-VQA using Qwen3-
VL-8B. All configurations include the ground-truth (Or-
acle) evidence. Retrieved pairs use 10 image-text pairs
from multimodal KB. The results show that increasing
the context of relevant pairs introduces distraction, pro-
gressively degrading accuracy.

global-trajectory-only updating under the same KB1309

and retriever, we compare the distributions of rea-1310

soning trajectory types on E-VQA between PMSR1311

and WebWatcher.1312

WebWatcher exhibits a substantial Correction1313

rate (31.2%), indicating that it can revise its tra-1314

jectory and recover from some initially incorrect1315

states. However, it also shows a high Persistent-1316

Fail rate (51.8%), meaning that many examples1317

remain incorrect across all iterations. This ob-1318

servation indicates that early failure steps can1319

persist across iterations and continue to influ-1320

ence subsequent actions and reasoning, which1321

may make some initial failures difficult to over-1322

come. Supporting this, Persistent-Fail trajectories1323

in WebWatcher take additional iterations on av-1324

erage (2.85 extra iterations, ranging from 1 to 9)1325

without improving final correctness, suggesting1326

that more steps do not necessarily enable recov-1327

ery in these cases. In contrast, PMSR exhibits a1328

much lower Persistent-Fail rate (4.9%) and higher1329

Stable-Correct rate (47.7%), while maintaining a1330

comparable Correction rate (30.1%).1331

O Qualitative Examples1332

This section presents qualitative examples illus-1333

trating how PMSR progressively formulates dual-1334

scope queries and constructs structured reasoning1335

records over iterations. Examples are drawn from1336

InfoSeek, FVQA, and E-VQA, using PMSR in-1337

stantiated with Qwen3-VL-8B. Each figure cor-1338

responds to one case and visualizes the iterative1339

trajectory (reasoning records, dual-scope queries,1340

and prediction).1341

To improve readability, we condense each rea-1342

soning trajectory in the figures by retaining at most1343

two representative updates (i.e., up to t ≤ 2) and1344

omitting minor intermediate details. Specifically,1345

we preserve the key transitions that drive progres-1346

sive search and reasoning: (i) the initial record that1347

bootstraps the trajectory, (ii) an intermediate up- 1348

date where dual-scope queries retrieve new evi- 1349

dence that revises or sharpens reasoning, and (iii) 1350

the final update that resolves the question. For each 1351

retained step, we report essential points of the rea- 1352

soning record (grounded entities, newly retrieved 1353

facts, and the resulting inference), while omitting 1354

auxiliary text such as partial evidence lists, redun- 1355

dant descriptions, and formatting artifacts. This 1356

condensed presentation highlights how PMSR pro- 1357

gressively refines its retrieval and reasoning across 1358

iterations. 1359

Case 1 (E-VQA: diet of a sea star). As shown 1360

in Figure A8, the initial reasoning record r0 re- 1361

lies on generic sea-star knowledge and contains 1362

only loosely related evidence, which is insuffi- 1363

cient to answer the question. In subsequent it- 1364

erations, PMSR decomposes retrieval into dual 1365

scopes: the record-level query targets the most re- 1366

cent uncertainty by refining species-level ground- 1367

ing, while the trajectory-level query preserves the 1368

overall intent of retrieving diet knowledge for the 1369

grounded entity. This reasoning-guided retrieval 1370

surfaces species-specific passages for Pacific blood 1371

star (Henricia leviuscula), enabling PMSR to up- 1372

date the record with precise dietary information 1373

and converge on the correct answer, sponges and 1374

small bacteria. 1375

Case 2 (E-VQA: geographic region of a shrike). 1376

This example is challenging due to visually similar 1377

shrike species, which can induce errors in early 1378

grounding and retrieval (Figure A9). Across it- 1379

erations, PMSR retrieves knowledge of specific 1380

species that better match the visual cues, enabling 1381

later records to recover from early confusion and 1382

finalize the correct region (North America). 1383

Case 3 (E-VQA: native range of a plant). The 1384

initial record exhibits an early grounding failure, 1385

identifying an incorrect visual entity (e.g., box- 1386

elder), which leads to only coarse and partially mis- 1387

matched regional knowledge (Figure A10). Subse- 1388

quent dual-scope queries improve retrieval toward 1389

discriminative visual attributes (e.g., the distinc- 1390

tive large, spherical fruit) while maintaining the 1391

trajectory’s objective of resolving the plant’s na- 1392

tive range. Across iterations, PMSR identifies the 1393

plant as Maclura pomifera (Osage orange) and de- 1394

scribes its native distribution, enabling later records 1395

to correct the initial grounding and retrieve corre- 1396

sponding knowledge. The final trajectory converges 1397
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Question

What does this 
animal eat?

Image

Prediction

Reasoning Record #0

Reasoning Record #1

Reasoning Record #2

Record-level Query #1 Trajectory-level Query #1

Record-level Query #2 Trajectory-level Query #2

Pacific blood star  (Henricia 
leviuscula), this starfish primarily eats 
sponges and small bacteria

The animal is an orange starfish with a speckled texture resting on 
a bed of pebbles.
Some species, like the sunflower sea star, are 
known to prey on sea urchins,like the common starfish ...

The animal shown is a Pacific blood star (Henricia leviuscula).
... 
Therefore, the Pacific blood star, like most starfish, is a predator 
that likely feeds on benthic invertebrates small marine animals ...

The image shows starfish as Pacific blood star (Henricia 
leviuscula) and their primary feeds sponge and small 
bacteria

What is the likely species of the orange 
starfish, and what specific benthic 
invertebrates does it commonly feed ...

What is the specific diet of the Pacific 
blood star  (Henrici...what types of benthic 
invertebrates does it primarily prey on?

The image shows 
a sea star, ...

The Pacific blood 
star  (Henricia 
leviuscula) ...

Entity: Henricia leviuscula

Answer: sponges and small bacteria.

Figure A8: E-VQA case: diet of a sea star. PMSR progressively refines visual grounding and retrieves entity-
specific evidence via dual-scope queries, enabling the reasoning records to converge to the correct diet.

to the correct answer (south-central United States),1398

illustrating how PMSR recovers from early ground-1399

ing errors through progressive retrieval and record1400

updates.1401

Case 4 (F-VQA: chemical class of molecules).1402

The initial reasoning record provides a broad clas-1403

sification that is correct but underspecified for the1404

question (Figure A11). PMSR then uses dual-scope1405

querying: the record-level query seeks discrimi-1406

native evidence (i.e., the shared structural signa-1407

ture), while the trajectory-level query focuses on1408

the depicted molecules that share a common mo-1409

tif. Across iterations, PMSR retrieves evidence1410

highlighting that the depicted molecules contain1411

sulfur atoms within an organic framework, en-1412

abling the synthesized record to resolve the in-1413

tended class (organosulfur compounds). This exam-1414

ple illustrates how PMSR refines from generic to1415

specific knowledge through iterative retrieval and1416

reasoning-record updates.1417

Case 5 (InfoSeek: downstream water body of an1418

urban river). In Figure A12, the initial record1419

grounds the scene as the Rotterdam cityscape and1420

identifies the river as the Nieuwe Maas, but the1421

question requires the immediate water body it1422

drains into rather than the eventual outlet. In sub- 1423

sequent iterations, PMSR’s record-level query fo- 1424

cuses on confirming the river identity and its down- 1425

stream connection, while the trajectory-level query 1426

targets the broader river-network relation. Across 1427

iterations, PMSR retrieves knowledge correspond- 1428

ing to the Nieuwe Maas river system, indicating 1429

that it joins the Oude Maas near Vlaardingen and 1430

drains into the Het Scheur, which then continues 1431

as the Nieuwe Waterweg toward the North Sea. 1432

Synthesizing this knowledge, the latest reasoning 1433

record resolves the intended answer as Het Scheur. 1434
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Question

In which country or 
region does this 
animal live?

Image

Prediction

Reasoning Record #0

Reasoning Record #1

Reasoning Record #2

Record-level Query #1 Trajectory-level Query #1

Record-level Query #2 Trajectory-level Query #2

North America

The bird shown is a grey-backed shrike (Lanius tephronotus). The 
description correctly identifies it as a shrike, and the image shows a 
bird with the characteristic grey back, black mask, ...

The animal in the image is a Bull-headed shrike (Lanius 
bucephalus). The relevant passage for this bird states: "Bull-
headed shrike The bull-headed shrike (Lanius bucephalus) is ...

The bird depicted is a loggerhead shrike (Lanius ludovicianus).

The image shows a greyish bird with a distinct black mask around its 
eye, perched on a branch and holding a small animal impaled on a 
thorn. ... Therefore, the animal in the image lives in North America.

In which specific high-altitude regions 
within its range does the grey-backed 
shrike primarily breed?

What are the specific habitats or altitudes 
where the grey-backed shrike (Lanius 
tephronotus) is typically found within its range 
in South and Southeast Asia?

The bird shown is 
a grey-backed 
shirke ...

The animal in the 
image is a Bull-
headed shrike ...

Entity: Lanius ludovicianus

Answer: North America

Figure A9: E-VQA case: geographic region of a shrike. Dual-scope queries mitigate early mis-grounding among
visually similar species and retrieve the knowledge of the ground entity.

Question

In which country or 
region does this 
plant grow?

Image

Prediction

Reasoning Record #0

Reasoning Record #1

Reasoning Record #2

Record-level Query #1 Trajectory-level Query #1

Record-level Query #2 Trajectory-level Query #2

The plant grows in the United States 
with its native range being the south-
central United States.

The plant shown is the boxelder (Acer negundo). It’s leaves are 
Green, heart-shaped (cordate) leaves arranged in compound 
pinnate clusters. ... stating that this plant grows in North America

The plant shown is Maclura pomifera, commonly known as the 
Osage orange. The text describes it as a small deciduous tree or 
large shrub native to the south-central United States.

The plant shown in the image is Maclura pomifera, commonly known 
as the Osage orange. It is a small deciduous tree or large shrub 
native to the south-central United States. The image clearly shows 
its distinctive, large, spherical, bumpy fruit, ...


What are the specific states or provinces 
in North America where Acer negundo 
(boxelder) is native?

What is the native range of Maclura pomifera 
(Osage orange), and in which additional 
regions has it become naturalized?

The plant shown is 
the boxelder ... It’s 
leaves are ...

The plant shown is 
Maclura pomifera ...

Entity: maclura pomifera

Answer: United States

Figure A10: E-VQA case: native range of a plant. PMSR progressively aligns retrieved encyclopedic evidence
with discriminative visual attributes to resolve the plant identity and its native distribution.
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Question
What type of compounds 
are these molecules 
classified as?

Image

Prediction

Reasoning Record #0

Reasoning Record #1

Reasoning Record #2

Record-level Query #1 Trajectory-level Query #1

Record-level Query #2 Trajectory-level Query #2

The image provides chemical 
structures of various compounds, 
which are classified as organosulfur 
compounds. These compounds 
contain one or more sulfur atoms in 
their structure, and they include ... 


The images depict various chemical structures and their 
corresponding descriptions, focusing on molecules that are 
classified as organic compounds. These molecules include amino 
acids, neurotransmitters, nucleotides, vitamins, ,,,

The image depicts a collection of organic compounds, each with a 
distinct chemical structure and function. The molecules shown 
are: Cysteine, Cystine, Biotin (Vitamin B7), Glutathione, 
Methionine, Penicillin,  Thiamin Chloride (Vitamin B1), ...


The image presents the molecular structures of several compounds, 
which are all classified as organosulfur compounds, as indicated by 
the passage titles and text in the provided passages. These 
compounds are: Cysteine, Cystine, Biotin (Vitamin B7), Glutathione, 
Methionine, ... These molecules are important in various biological, 
medical, and pharmaceutical contexts

Looking at the chemical structures 
shown(Crystein, ... ), what shared 
structural feature classifies them into the 
same compound family?

Do the molecules shown share a common 
chemical signature: the presence of sulfur 
atoms bonded within an organic framework, 
and if so, what broader compound class does 
that shared feature indicate?

The image depict 
various chemical 
structures and ...

The image depicts 
a collection of 
organic 
compounds, ...

Answer: Organosulfur compounds

Figure A11: F-VQA case: chemical class of molecules. PMSR narrows the classification from an overly broad
concept to the targeted class by retrieving knowledge about shared structural motifs and updating the reasoning
record accordingly.

Question

What water body 
does the river in the 
image drain to?

Image

Prediction

Reasoning Record #0

Reasoning Record #1

Reasoning Record #2

Record-level Query #1 Trajectory-level Query #1

Record-level Query #2 Trajectory-level Query #2

The river drains into the Het Scheur, 
which then continues as the Nieuwe 
Waterweg, leading into the North 
Sea.

The image shows the cityscape of Rotterdam in the Netherlands, 
with the Nieuwe Maas river flowing through the Delfshaven 
borough. The skyline includes modern skyscrapers and ...

The image shows a view of a river flowing through a city.The river 
in the image is the Nieuwe Maas, which runs westward through 
Rotterdam. According to the passage, the Nieuwe Maas ..., joining 
the Het Scheur to form the Nieuwe Waterweg canal.

The image depicts the Nieuwe Maas River in Rotterdam, flowing 
towards the North Sea via the Nieuwe Waterweg. The river drains 
into the Het Scheur, which then continues as the Nieuwe Waterweg, 
leading into the North Sea. The Nieuwe Maas is a ...

Which river is shown flowing through the 
Rotterdam cityscape in the image, and 
what is its immediate downstream water 
body where it meets another river ...

After the Nieuwe Maas joins the Oude Maas 
near Vlaardingen, what named waterway is 
formed, and is that the water body the river 
drains into before Nieuwe Waterweg?

The image shows 
the cityscape of 
Rotterdam ...

The image shows 
a view of a river 
flowing through a 
city ...

Entity: Nieuwe Maas

Answer: Het Scheur

Figure A12: InfoSeek case: downstream water body of an urban river. PMSR refines visual grounding from
coarse geographic grounding (Rotterdam cityscape) to a fine-grained prediction of the river’s immediate downstream
water body.
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P Computational Cost Analysis1435

We analyze the per-sample computational cost of1436

PMSR with three iterations on a commodity server1437

(NVIDIA RTX 3090, Intel Xeon Gold 6248R) us-1438

ing local retrieval. Under this setup, PMSR requires1439

17.2 seconds per iteration to process one sample1440

end-to-end. Importantly, this latency is not inherent1441

to the framework but mainly reflects an unopti-1442

mized implementation.1443

The overhead stems primarily from (i) serial1444

query execution across multiple knowledge bases1445

with vanilla index configurations, and (ii) model1446

inference without an optimized serving stack (e.g.,1447

vLLM or SGLang). Both factors are amenable to1448

system-level optimization, such as parallelizing re-1449

trieval across sources, tuning/accelerating index-1450

ing and search, and using optimized inference run-1451

times.1452
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