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Figure 1: LIVEVQA-W: a new dataset for worldwide visual knowledge seeking and updating, comprising 10
different languages, 171,105 visual entities, 234,286 images, and 653,334 questions. Each instance contains a
representative image, mostly serving as visual knowledge from Aug. 2025 to Dec. 2025.

Abstract ing regional context that English-centric re-

sources cannot fully capture. Yet existing re-

Knowledge about the visual world is not only sources for visual knowledge remain confined
constantly evolving but also inherently hap- to English, creating a “Worldwide Knowledge
pening all over the world: breaking news in Gap” that hinders developing truly global as-
Tokyo, political events in Sdo Paulo, and cul- sistants. To quantify this gap, we introduce
tural phenomena in Cairo are first reported LIVEVQA-WORLDWIDE (LIVEVQA-W), the
in Japanese, Portuguese, and Arabic, carry- first dynamic-updating dataset for real-time,



multilingual visual knowledge seeking and up-
dating across ten major languages. Draw-
ing from worldwide news outlets, YouTube
videos, and academic platforms during Au-
gust—December 2025, LIVEVQA-W com-
prises 234K images, 872K questions, and
171K visual entities with hierarchical evalu-
ation: Level 1 for visual entity recognition and
Level 2 for multi-hop cross-lingual reasoning.
Our comprehensive benchmarking of 15 state-
of-the-art MLLMs reveals that models with-
out search achieve near-random performance,
while search-augmented models exhibit severe
linguistic bias, with English accuracy nearly
double that of other languages. Furthermore,
we explore visual knowledge updating through
large-scale training, finding that injected knowl-
edge improves recall but remains fragile un-
der prompt rephrasing and image perturba-
tions such as rotation and flipping. We release
the fully replicable data collection pipeline
and dataset to support continuous community-
driven expansion.

1 Introduction

In the era of information globalization, the aspira-
tion of “knowing the world without leaving home”
is rapidly materializing. Multimodal Large Lan-
guage Models (MLLMs) are emerging as universal
portals that aggregate and deliver knowledge from
every corner of the globe, promising to serve as
omniscient assistants capable of understanding and
reasoning about visual information across cultures,
languages, and temporal contexts. However, this
vision remains fundamentally constrained by a crit-
ical asymmetry: while real-world knowledge is pro-
duced and disseminated across diverse linguistic
communities, the up-to-date resources that shape
these models remain disproportionately English-
centric.

The production and dissemination of knowl-
edge exhibit a distinct trend toward decentraliza-
tion and linguistic fragmentation. Breaking news,
social events, cultural phenomena, and technologi-
cal breakthroughs are often first reported by local
media in their native languages, carrying deep re-
gional context that cannot be fully captured through
translation alone. Prior research has demonstrated
that culture-specific knowledge is best learned and
evaluated in its corresponding language (Manvi
et al., 2024; Huang et al., 2024c; AlKhamissi et al.,
2024). However, current research for visual factu-
ality seeking and updating remains fixed and con-
fined to English contexts with often unverified an-

swers, making it challenging to measure global
knowledge acquisition (Fu et al., 2025; Narayan
et al., 2025). This creates a severe “Worldwide
Knowledge Gap”: real-time developments in non-
English regions are systematically excluded from
mainstream knowledge bases and evaluation frame-
works, while MLLMs trained primarily on English
data struggle to objectively perceive and understand
factual evolutions that fall outside their English-
centric pre-training corpora.

To bridge these gaps, we propose LIVEVQA -
WORLDWIDE (LIVEVQA-W), a dynamic-
updating dataset comprising 234,286 images,
872,896 questions, and 171,105 unique visual
entities with full multilingual context for global,
real-time visual knowledge seeking and updat-
ing. Our automated framework features an Al
Agent-driven automated pipeline that continuously
crawls multimodal content from worldwide
news, videos, and academic platforms across
ten major languages. This pipeline is capable
of autonomously identifying and integrating
new information sources, enabling dynamic
expansion of multilingual channels without human
intervention.

Based on LIVEVQA-W, we conduct large-scale
evaluations of 15 state-of-the-art MLLMs on their
basic visual factuality seeking capability, revealing
a systemic language bias: even the most capable
search-augmented models perform substantially
better in English than in other languages, high-
lighting their suffering from the Internet bias and
overreliance on high-resource linguistic data, a key
limitation that our benchmark aims to address.

To further demonstrate the utility of LIVEVQA-
W beyond evaluation, we also investigate its effec-
tiveness as a training resource for large-scale vi-
sual knowledge updating. Specifically, we validate
that the SFT stage is more suitable for visual en-
tity knowledge injection rather than the pretraining
phase, several representative MLLMs, and analyze
how exposure to globally diverse, fact-grounded
visual-language data influences the model’s gen-
eral capabilities. Moreover, our experiments also
demonstrate that post-trained visual knowledge is
fragile, which can be disturbed through prompt
rephrasing and image disturbance like rotation and
noising.

We will release the fully replicable data collec-
tion pipeline and whole dataset to support contin-
uous community-driven expansion to worldwide
visual knowledge seeking and updating.



Name Images Questions Entities Language Dynamic? Replicable?* Web search? Multi-hop? For update?
Benchmarks
SimpleVQA (Cheng et al., 2025) 2,025 2,025 - & X X X X X
LiveVQA-Benchmark (Fu et al., 2025) 1,500 3,000 - % v b 4 v ("4 X
Dyn-VQA (Li et al., 2024) 1452 1452 - *@ v X v v v
BrowseComp-VL (Geng et al., 2025) 399 399 - & xt X v (4 X
MM-BrowseComp (Li et al., 2025) 224 224 - g xt X 4 v X
MMSearch (Jiang et al., 2024) 171 300 - % X b 4 v v X
MMSearch-Plus (Tao et al., 2025) 441 279 - & X X v v X
Datasets
KVQA (Shah et al., 2019) 24k 183k 18.8k & X X X v X (outdated)
A-OKVQA (Schwenk et al., 2022) 23,692 24,903 - & X X X X X (outdated)
InfoSeek (Chen et al., 2023) 1.35M  1.35M 11,481 & X X X X X (outdated)
E-VQA (Yang et al., 2023) 2,690 9,088 182 &% (4 X X v X (outdated)
Encyclopedic VQA (Mensink et al., 2023) M 221k - % b 4 b 4 X X X (outdated)
EDIS (Liu et al., 2023) 1.04M 32,493 - & X X X X X
FVQA (Wu et al., 2025) 6,800 6,800 - & X X v v X
DeepMMSearchVQA (Narayan et al., 2025) 10,000 10,000 - % X X 4 v X
LiveVQA-Dataset (Fu et al., 2025) 26,988 104,143 - & v X X v v
LIVEVQA-W(ORLDWIDE)" 234k 871k 171k #0902 v (%4 v v v
LIVE . ) 2 o=~QCe

TBrowseComp—VL/MM—BrowseComp require web browsing but are not inherently time-sensitive.
iFully open-sourced and replicable data collection, preprocessing and curation pipeline.
*Our dataset features an automated scalable pipeline that can easily incorporate new languages and data sources.

Table 1: Comparison of visual info-seeking benchmarks and visual knowledge update datasets. Columns indicate
whether tasks are time-sensitive (Dynamic?), have a fully replicable data pipeline (Replicable ?), require online
search to answer (Web search?), involve multi-hop reasoning, and whether they can be used to study multimodal

knowledge update.

2 Related Works

Visual knowledge. Visual (world) knowledge links
images to facts, concepts, and relations about the
real world, combining commonsense scene under-
standing with externally verifiable facts (Marino
etal., 2019; Schwenk et al., 2022). In this work, we
focus on visual factual knowledge—entity-centric
and fact-seeking queries—where models must iden-
tify entities and retrieve or verify facts beyond the
pixels by grounding to KBs and the web (Chen
et al., 2022; Zhao et al., 2023; Caffagni et al.,
2024; Caron et al., 2024; Jiang et al., 2024). Early
efforts curated static resources (celebrities, land-
marks, bio/encyclopedic attributes) to tie visual en-
tities to factual signals (tonyassi, 2024; Weyand
et al., 2020; Yang et al., 2024; Mensink et al.,
2023). More recently, work shifts from static to
synchronizing multimodal assistant with up-to-date
visual knowledge: answering entity/fact questions
against evolving news, events, and cultural phe-
nomena via retrieval-augmented or browsing-based
pipelines (Jiang et al., 2024; Fu et al., 2025; Nayak
et al., 2024; Huang et al., 2024a). This presents the
nature that as we automate aspects of our tasks, we
would want our assistants to remain as up-to-date
as we are. (Geng et al., 2025; Li et al., 2025).

Worldwide Visual Knowledge Seeking and Up-
dating. Motivated by building native multilingual

assistants, prior work argues that culture-specific
knowledge should be learned in the correspond-
ing language (Manvi et al., 2024; Huang et al.,
2024c; AlKhamissi et al., 2024). A broad ecosys-
tem of multilingual vision-language resources now
spans captioning, VQA, and instruction tuning
from web-scale image-text corpora to multilingual
VQA benchmarks and instruction suites (Liu et al.,
2021; Romero et al., 2024; Li et al., 2023; Sun et al.,
2024). For InfoSeek, i.e., retrieving and updating
factual visual knowledge via browsing/grounding,
recent evaluations in Chinese and Hungarian reveal
steep cross-lingual performance drops, highlight-
ing the fragility of multilingual info-seeking and
web-grounded training setups (He et al., 2024; Tan
et al., 2024; Gu et al., 2025; Yang et al., 2025b).
In this work, we take the first step to visual knowl-
edge seeking and updating at worldwide scale to
test whether similar multilingual bias persists, and
we analyze how a domestic-lingual (in-language)
setting and large-scale knowledge updates affect
visual entity/fact seeking.

3 Li1vEVQA-TooLBOX: Facilitating
Visual Knowledge Collection at Scale

We develop LiveVQA-Toolbox, a comprehensive
toolkit that continuously harvests fresh visual con-
tent from diverse online sources to facilitate au-
tomated visual knowledge collection. As shown



1. Worldwide News Data

You’

1I. Multilingual Videos Data

params = {..

111. Extended Academic Paper Data

E e ﬁ& o arXiv

de/fr/es/ru/zh/

’
1 ]
— T 1
* ‘ [ = Q : < O jasar/pt/id/en”} b& 1 N
—
<Ar\2\re/\ fcI‘I'lnnde FAE &R OOC |= : — Googla APL ’ : Chem q
. Source URLs ' videos | N
Kommepcanrs i FTH AR : AN | Video © Empty ! medRX v
| @ SRT SRT | Validity © Meaningless | | o e mme o mmmmmmm el
ol e 1 ) | Check QToolong | { Figure-Caption Binding |
| Whisper SRTSRT | g eck © Tooshort | \ Page Layout Keeping :
| Largev3 transcripts | ! e

7 = ;
' Title Text Abstract !
: & ° !
. = -
3 Figure Caption Authors

i \
I I
I ]
I I
I ]
1 ]
I I
I ]
I I
I ]
: URL Validity Check :
1 Discard non-news, duplicate URLs 1 1
I I
| oL e \ !
1 ]
I I
I ]
I I
I ]
1 ]
I I
]
I
]
]

: ‘00 I) . E] = original i
3 Data
 chom 2 | i
, Category  Source  Article Caption | _____ 1
1 3 ) i 1
: @ e gt Ga
i 1, : U I auuy
; [N Topic Time Image B :2"'1@3 f | a @
I B ¥ A 4 : i 1 o 0
I ©Tooshort Quality 3 Too small i IZI: _If_ i adh
| © Found in history json Check O lcons ' '
1 © High overall similarity ¢k & Notrelevance 4t @‘ y Low !
© Invalid date O Externallinks . 2==2 ! |
\ e / \ Keyfram

© Not recent

B8E8

0ld Captions

T,
COPTIOI’\ . News Data L

Generation
& RCWI‘I"’C @ Videos Data

% >

Images Multimodal LLM\ '

Level 1&2 QA Generator

|a private

| individuals
1are.

1
| Caption: Inside ! 1Caption: W |
! | HRRARA |
| aircraft, four Iooo::-ng;i ' :
1Al I -
1B, ' Authors  Authors Pool

/
é ‘:: “Select 0-3 of the most |
LiMBased | SUitable images from |
i Image Selection |“‘“ PDF. ...... !

1 :Question: Who is the lead researcher of the :
| |paper shown in the figure? .
| 1Ground Truth: '
I lAndr‘e Felipe Vale, Fonseca 1

: — £ TN
~j Raw Data ) Level 1 QA ) Level 2 QA B o )
= > LEVEI c WA L
‘@ ; oy ol (-3 ™ | |2 [
- Captlons % Iprompt: You are an AL | > %:Prompt: You are an AT ! 31 > > !
(With detailed information <] |assistant specialized | ]| assistant skilled at | = - : T Prompt: You are an AL tasked with
contained in the image) 1in generating i - 1generating high- ! ) =X = ! generating multiple-choice ~ e
Ihigh-quality Level 1 | — Iquality, deliberately 1 Caption =% S 1 e ections. vour goal is £o ...
: e | = !adversarial Level-2... ! -+ 2 1 LUl 1 1
m ! QA TTTTTTTTTTToS ® QA TTTTTTTTTTTTT [\] =1 ) o - 1
I:Iﬁue“‘ with E"“y clouds 1 (Peiviliabri il 1 S | | oo e ! e | Q@ 1 IQuestmn In the paper corresponding to this ! (_ I
!} Loons over acalm harbor. ! | Question: Based on | :Question u&m(q: Qemton v B | inage, what is the range of C0 binding 1 g 1
111 The water in the iy s inage, what | WY Lol (LA T BoTUs A — Ly o N@ = || energies that defines the subset of screencd | gm i
{11 foreground is still, — D i event occurred? | = D) L nommBTsBL (= —> =
i | b e & .G,_M_,s =7 | lalloys considered relevant for CO2 reduction 1 1
-l creating a ... | :Lcirou:dulrl;tal; i £ %g, .;;E{%mzmmar:ﬂr @ ls-le-ll"ll ) 1 :m nulticarbon products? 1 - )
— T Tttt oachella 2026 ! = A 1 P 3 | Ground Truth: ! GLM4.6
7 Articles ; tion 93 \Ground Truth: MR 1 ﬁ answer N '\ 1-0.75 < AG*0 < 0.2 v i !
_________________ MCQA-+ Generation SE Option
1By Jack bunn. Judi Dench | Toptions: -, £ MCQA Generation ® 0
recently shared that she 1 i N I """""" =7
| ecen A A.Lollapalooza 2026 1 [ M8 0 Toptions: l 27 ’ z 5
et recognize ampody” | || 15 SLOTINE 0 | 28 | | W Options £E | Q&A Final Filter !
:c::di:in:rbl:i: asked by ITV | 1CKarol G's 2022 | GLW4S 23 Ll vl B (7 Srtvivietl- e ! ]
L. . : 1 Performance 1 3 NG  AL-Ansuer: C | of 1 ©ONot Specific OExternal Knowledge !
. ! (Ansver: 8 : B 1 Answer: 8 et S ' ®Visua| Element Referrence (OFactual Error 1
________________________ ]

News & Videos QA Generation

Papers QA Generation

Figure 2: Overview of LIVEVQA-TOOLBOX, serving as an automated pipeline to collect fresh and real-time visual
entity knowledge from the Internet. It collects worldwide visual data from multiple domains (i.e., News articles,
YouTube videos, and Papers), conducts multi-level data filtering, and generates info-seeking (Level 1) and multi-hop

(Level 2) Q&A pairs.

in Figure 1, the toolbox automates the entire data
acquisition workflow: from crawling prominent
news outlets across different countries, to process-
ing complex image-text interleaved documents, to
extracting the most representative visual content
from news articles, video platforms, and academic
repositories.

A key innovation is our agent-driven crawler gen-
eration system, which significantly reduces manual
effort when integrating new data sources. As illus-
trated in Figure 3, when adding a new source, the
system first analyzes the page structure and models
content elements (title, date, text, images, captions).
A coding agent then generates modular extraction
scripts with appropriate configurations, which are
deployed into a sandboxed environment for trial-
run validation. The system automatically verifies
successful access, article scraping, timestamp re-
trieval, and image downloading. If errors occur,
the agent iteratively debugs based on error mes-

sages until all checks pass, after which the crawler
is seamlessly integrated with regular monitoring
capabilities.

For news articles, multi-level filtering ensures
quality through URL screening, image selection
by relevance and size, and LLM-based semantic
filtering. For video content, the pipeline segments
videos based on subtitles, extracts keyframes using
perceptual hashing and layout detection to remove
UI elements, then employs an MLLM to select
top-K frames by topical relevance. For academic
papers, the system crawls arXiv across domains,
prioritizing distinctive diagrams over common vi-
sualizations. After collecting raw data from all
sources, the pipeline unifies the processing to gen-
erate two-level QA pairs: Level-1 questions focus
on visual entity recognition (e.g., people, locations,
events), filtered to retain only substantive answers;
Level-2 questions require multi-hop cross-modal
reasoning, validated by checking whether an LLM
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Figure 3: Automated adaptation for integrating new source via coding agent workflow, featuring modular script
generation, sandbox testing with feedback loops, and live deployment.

Category ‘ Images #Question Levell Level2
News 172,981 657,936 162,720 495,216
Videos 45,612 167,881 41,149 126,732
Papers 15,693 47,079 15,693 31,386
Avg. per Picture 1 3.73 0.94 2.78
Overall 234,286 872,896 219,562 653,334
Test Split 500 1,000 500 500
Training Split 9,605 35,266 8,949 26,317

Table 2: Overall statistics of LIVEVQA-W.

can correctly answer given the full context. Both
levels include chain-of-thought reasoning trajecto-
ries and are available in open-ended and multiple-
choice formats. See Appendix B for more details.
Our collection process implements a multi-stage
processing via a fully open-sourced pipeline and
undergoes strict human validation with a greater
than 95% pass rate, as detailed in Appendix B.3.

Positioning v.s. LiveVQA. We extend LiveVQA
automated pipeline with (i) multilingual adapta-
tions for worldwide sources collection and pre-
processing, (ii) fully open-sourced components
(Whisper-large-v3 for ASR; Qwen3-VL for cap-
tion; GLM-4.6 for question curation) to reduce API
cost while preserving replicability, (7ii) an agentic
onboarding workflow that easily scales news and
videos scraping to new sources across languages,
and (iv) using MLLMs for captioning and more
powerful LLMs for pairing figures with captions,
filtering, and question generation to enable high-
quality visual entity knowledge collection.

4 LIVEVQA-W(ORLDWIDE)

Leveraging LIVEVQA-TOOLBOX, we present
LIVEVQA-W, a first-of-its-kind multilingual vi-
sual entity knowledge dataset containing 171,105
unique visual entities, 234,286 images, and
872,896 corresponding questions with full multilin-
gual context. LIVEVQA-W expand LIVEVQA
with 10 frequently used languages, designed
for bridging frontier multimodal assistants from
English-centric visual knowledge to worldwide vi-

sual knowledge seeking and updating. LIVEVQA-
W is dynamically collected from worldwide News,
Video, and Academia platforms, featuring recent
worldwide visual content spanning August 2025 to
early December 2025 and continuously collecting
to be released annually.

LIVEVQA-W is structured as: (/) A visually
distinctive image depicting a specific visual entity
with democratic linguistic content. (2) Basic visual
factuality seeking question focusing on a specific
visual entity (e.g. celebrity, landmark, event, time).
(3) Harder questions requiring web browsing and
multi-hop cross-modality reasoning capability cu-
rated from the corresponding context. (4) Both
types of questions are available in multiple-choice
questions for pretrained model assessments and ver-
ified reward training (Chen et al., 2025; Wu et al.,
2025; Ren et al., 2025), as well as open-ended for-
mat for info-seeking capability assessments (Wei
et al., 2024, 2025; Haas et al., 2025).

5 Can MLLMs Seek for Worldwide
Visual Knowledge?

Keeping pace with the latest visual knowledge
across cultures and languages is crucial for develop-
ing global assistants that are deeply integrated into
human life and capable of solving users’ problems
across the world. Previous research has demon-
strated that visual assistants show promise in han-
dling English content. Here, we investigate how
well current MLLMs acquire visual knowledge
across diverse linguistic cultures and evaluate their
effectiveness in leveraging external tools to access
this knowledge. We also measure calibration (Wei
et al., 2024), i.e., whether models “know what they
know” about visual content.

5.1 Experiment Setups

Models. Our evaluation encompasses 15 state-of-
the-art MLLMs, including Offline Models GPT-



Model \ Correct  Not attempted  Incorrect  Correct & given attempted ~ F-score
w.o. Search
Claude Sonnet 4.5 34 82.2 14.4 19.1 6.0
Gemini 3 Flash Preview 16.8 32 80.0 17.4 17.4
Gemini 3 Pro Preview 19.8 2.8 774 20.4 20.6
Gemma 3 27B 54 32.8 61.8 8.0 6.3
Mistral Medium 3.1 6.8 57.0 36.2 15.8 9.3
GPT-5.2 5.2 73.2 21.6 19.4 8.6
GPT-03 9.6 50.6 39.8 19.4 13.0
Qwen3 VL 235B A22B Thinking 6.0 51.0 43.0 12.2 8.0
Grok 4 8.8 40.4 50.8 14.8 10.9
GLM 4.6V 42 82.0 13.8 233 6.7
w. Text & Image Search
GPT-5.2:0nline 35.0 34.6 304 53.5 42.1
GPT-03:0nline 30.8 34.4 34.8 47.0 374
MMSearch-R1 13.0 20.6 66.4 16.4 14.8
WebWatcher-7B 25.8 18.0 56.2 31.5 28.4
WebWatcher-32B 26.6 12.2 61.2 30.3 28.1

Table 3: Detailed breakdown of non-search and search models’ performance.
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Figure 4: Distribution of model accuracy across differ-
ent confidence intervals.

5.2 (OpenAl, 2025a), GPT-03 (OpenAl, 2025b),
Qwen3-VL (Bai et al., 2025), Grok 4 (xAl, 2025),
GLM-4.6V (Team, 2025), Mistral Medium 3.1
(Mistral Al 2025), Gemma3-27B (Gemma Team,
Google DeepMind, 2025), Gemini-3-Pro/Flash
(Google DeepMind, 2025), Claude-Sonnet-4.5 (An-
thropic, 2025), and Search-Augmented Models
MMSearch-R1 (Wu et al., 2025), WebWatcher
(Geng et al., 2025). The latter refers to systems
equipped with text and image search capabilities.

Evaluation. In this section, we mainly evaluate the
model’s visual factuality recall and info-seeking
capability. Therefore, we use free-form QA style
and use prompts following LiveVQA (Fu et al.,
2025) to collect model responses and confidence
scores to evaluate their performance and calibra-
tion. We also adapt grading metrics by GPT-5-mini,
following SimpleQA (Haas et al., 2025) to measure
Correct, Not Attempted, and Incorrect Responses,
along with the final F-score (detailed in Appendix

C). All results are reported as averages over three
independent evaluations.

5.2 Results and Analysis

As shown in Table 9, among models without web
access, Gemini-3 family achieves the highest ac-
curacy on both Level 1 and Level 2 tasks, signifi-
cantly outperforming other non-retrieval baselines.
However, even the best offline model remains far
behind search-augmented systems, highlighting the
limitations of purely parametric knowledge in com-
plex visual factuality tasks. Models equipped with
search capabilities demonstrate a dramatic perfor-
mance gain. For instance, GPT-5.2:0online attains
an accuracy of 39.2% on Level 2 tasks, nearly four
times higher than the best offline model. This un-
derscores the critical role of external retrieval in
handling real-world, time-sensitive queries.

Finding 1: Search-augmented models outper-
form offline models across languages.

Cross-lingual evaluation reveals a stark disparity:
offline models maintain relatively balanced perfor-
mance, whereas search-enabled models perform
significantly better in English and Spanish than
in other languages. For example, GPT-5.2:0nline
scores 40.0% in English but falls below 25% in low-
resource languages. This indicates that current mul-
timodal retrieval pipelines are heavily optimized
for English-centric web content.

Finding 2: Multilingual curse remains in
visual factuality seeking, where search-
augmented models exhibit strong language bias
toward English.

Figure 4 demonstrates a positive correlation be-
tween stated confidence and accuracy across mod-



Model | Avg. | Arabic Chinese English French German Indonesian Japanese Portuguese Russian  Spanish
w.o. Search
Claude Sonnet 4.5 3.75 2.50 2.50 5.00 5.00 2.50 2.50 2.50 5.00 7.50 2.50
Gemini 3 Flash Preview 17.50 | 15.00 17.50 15.00 15.00 20.00 15.00 20.00 22.50 22.50 12.50
Gemini 3 Pro Preview 19.50 | 7.50 25.00 17.50 20.00 25.00 15.00 20.00 22.50 25.00 17.50
Gemma 3 27B 4.00 5.00 0.00 2.50 2.50 5.00 0.00 2.50 7.50 7.50 7.50
Mistral Medium 3.1 6.25 10.00 10.00 10.00 5.00 2.50 5.00 0.00 7.50 5.00 7.50
GPT-5.2 4.75 5.00 10.00 0.00 5.00 5.00 2.50 5.00 2.50 5.00 7.50
GPT-03 9.00 10.00 7.50 7.50 17.50 5.00 7.50 7.50 7.50 7.50 12.50
Qwen3 VL 235B A22B Thinking | 4.75 5.00 7.50 2.50 7.50 0.00 0.00 0.00 5.00 12.50 7.50
Grok 4 8.75 5.00 10.00 10.00 7.50 15.00 5.00 10.00 10.00 10.00 5.00
GLM 4.6V 3.75 2.50 2.50 5.00 5.00 2.50 0.00 5.00 5.00 7.50 2.50
w. Text & Image Search
GPT-5.2:0nline 26.25 | 25.00 32.50 40.00 22.50 20.00 22.50 15.00 22.50 27.50 35.00
GPT-03:online 25.75 | 30.00 25.00 35.00 20.00 22.50 17.50 22.50 25.00 30.00 30.00
MMSearch-R1 10.50 | 15.00 7.50 22.50 0.00 17.50 2.50 2.50 20.00 7.50 10.00
WebWatcher-7B 23.00 | 20.00 22.50 47.50 27.50 20.00 22.50 12.50 20.00 12.50 25.00
WebWatcher-32B 24.75 | 17.50 15.00 55.00 25.00 30.00 25.00 17.50 25.00 10.00 27.50

Table 4: Accuracy (%) of different models on the News and Videos parts of the benchmark, evaluated on open-ended
questions in 10 languages. See Appendix D for more results in different axes.
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Figure 5: Performance (%) for three Tinyllava variants:
the original TinyLLaVA-Phi-2-SigLIP-3.1B, and two
derivatives obtained by injecting the dataset during pre-
training or during post-training, respectively.

els, though with significant calibration issues. As
shown in Table 3, search-augmented models show
better calibration compared to their counterparts,
especially GPT-03, reaching 42.1 F-score and only
slightly below the ideal y = z line, indicating that
using the search tool releases overconfidence in vi-
sual factuality seeking and underscoring substantial
opportunities for improving MLLM calibration.

Finding 3: Search-augmented models ex-
hibit strong calibration compared to offline
models.

6 Updating MLLMs with Live Worldwide
Visual Knowledge

While search-augmented models can effectively
incorporate external visual factuality knowledge,
they introduce latency and often fail to resolve se-
mantically similar visual inputs. Building on prior
work (Ravaut et al., 2024; Zeng et al., 2024; Chen
et al., 2024; Fu et al., 2025), we dive deeper into
how and when of updating MLLMs with worldwide
visual knowledge. We also investigate how much
and how stable updated knowledge is under cross-
lingual and cross-modality disturbance settings.

Performance in English Validation

Multilingual Validation
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Figure 6: Accuracy over training steps on English and
multilingual open-ended QA validation sets for models
trained on different data formats (EN-QA, ML-QA, EN-
MCQA, and ML-MCQA).

6.1 Experiment Setups

We leverage the TinyLLaVA (Zhou et al., 2024)
codebase to investigate the impact of knowledge in-
jection. All experiments are conducted on 8 x H100
servers. See Appendix C for detailed setups.

 For when, we primarily investigate knowledge in-
jection at different stages, i.e., pre-training align-
ment injection and SFT injection. Phi-2-SigLIP-
3.1B is selected as the base model.

* For how, we analyze which data format is best
suited for visual knowledge injection. We post-
train Qwen3-VL-4B-Instruct for 8 epochs with
knowledge to be injected with LoRA (Hu et al.,
2022) across English and Multilingual content,
as well as free-form and multiple-choice QA for-
mat. After training, we evaluate the model on lan-
guages different from those used during training
to assess whether the injected visual knowledge
can transfer across languages.

* To assess how much visual knowledge is injected,
we construct a 500-sample validation set sam-
pled from the training data in a “[User]: Ques-
tion, [Assistant]: Ground Truth” format, with
each question rephrased by Qwen3-30B-A3B to
test knowledge retention. We also include gen-
eral benchmarks such as MMMU (Yue et al.,
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Figure 7: Performance of Qwen3-VL-4B-Instruct (trained on different data formats for 2000 steps) under various

image perturbations.

2024), ScienceQA (Lu et al., 2022), GQA (Hud-
son and Manning, 2019), TextVQA (Singh et al.,
2019), and MM-Vet (Yu et al., 2024) to determine
whether knowledge-intensive training harms gen-
eral performance.

* To access how stable visual knowledge is up-
dated, we tested the Multilingual-QA finetuned
model with different question styles (EN/ML,
QA/MCQA) and multimodal disturbance, includ-
ing no image information, image blurring, bright-
ness/color/contrast changing, noise, and verti-
cal/horizontal flip.

6.2 Results and analysis

As shown in Figure 5 and Table 11, we observe
that injecting visual entity knowledge during the
pretraining phase yields minimal learning gains
and may even slightly degrade the model’s gen-
eral performance. In contrast, during post-training
(i.e., the supervised fine-tuning stage), the model
demonstrates substantial memorization of visual
factual information even after a single pass through
the data (+480%). However, incorporating such
data during post-training also introduces a no-
table degradation in general performance (-5.3%
on TextVQA and -12.6% on MM-Vet). We hy-
pothesize that this may be attributed to a domain
gap between short, factuality-seeking QA pairs and
other training data.

As shown in Figure 6, we find that although mod-
els exhibit improved memorization of visual factual
knowledge, their ability to establish cross-lingual
associations remains notably weak, where the cor-
responding training language significantly outper-
forms that in other languages. Multilingual visual
factuality injection does not generalize well across
languages, and substantial gaps between languages
persist (>8%). This remains an open challenge
that warrants further investigation. Furthermore,

we observe that training with the MCQA format
contributes minimally to factuality memorization;
the model fails to internalize these knowledge enti-
ties or establish meaningful associations.

Finding 4: Multilingual visual factuality in-
jection suffers from poor cross-lingual general-
ization, and MCQA training fails to facilitate
effective knowledge memorization.

As shown in Figure 7, perturbation experiments
reveal that vertical flipping causes the most severe
drop in accuracy compared to other spatial transfor-
mations. Since the dataset focuses on visual entities
without physical dynamics, this sensitivity suggests
the model does not learn robust, rotation-invariant
features. Instead, its recognition capability is an-
chored to the standard upright views and absolute
spatial configurations present in the training data,
leading to failure when the input deviates from this
fixed layout.

Finding 5: The model degrades a lot under
linguistic and query style changing, and remov-
ing images and flipping also harm visual entity
recognition.

7 Conclusion

We present LIVEVQA-W, the first large-scale
dataset for real-time, multilingual visual knowl-
edge seeking and updating. Our evaluation reveals
that current MLLMs suffer from severe “world-
wide knowledge gap” in visual knowledge seek-
ing, and that injected visual knowledge remains
fragile under perturbations, highlighting critical
challenges for building truly global assistants. We
release the fully replicable pipeline to support
community-driven expansion to new languages and
knowledge sources.



Limitations

While our work provides the community with a
pipeline for large-scale visual factuality knowledge
collection and processing, several limitations re-
main. Due to copyright restrictions on the crawled
content, our dataset is released for non-commercial
use only. Furthermore, constrained by compu-
tational resources, our experiments primarily fo-
cused on relatively small models with the conven-
tional encoder-projector-LLLM architecture. In fu-
ture work, we plan to investigate whether models of
varying scales and alternative architectures exhibit
different capabilities in visual factuality memoriza-
tion, to make further contributions to the research
community.
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A Full Related Works

Visual knowledge. Visual knowledge, also known
as world knowledge, refers to the ability to connect
visual information with broader facts, concepts,
and relationships about the real world (Marino
etal., 2019; Schwenk et al., 2022). This knowledge
encompasses both commonsense understanding
about objects, their interactions, and contextual re-
lationships in visual scenes (Xie et al., 2019; Wang
etal., 2015, 2017; Jain et al., 2021) and factual in-
formation from external sources (Caron et al., 2024;
Yan and Xie, 2024; Jiang et al., 2024; Cheng et al.,
2025). This paper mainly focus on visual fac-
tual knowledge, also known as visual entity and
fact seeking. The acquisition of visual knowledge
involves leveraging external knowledge bases and
structured repositories that ground visual elements
in their broader conceptual context (Chen et al.,
2022; Zhao et al., 2023; Caffagni et al., 2024; Yan
and Xie, 2024; Abootorabi et al., 2025). Previous
research curated static visual knowledge dataset
with celebrity (tonyassi, 2024; Shah et al., 2019),
landmarks (Weyand et al., 2020; Jia et al., 2025),
bioinfo knowledge (Yang et al., 2024) and detailed
properties (Mensink et al., 2023). Recent develop-
ments are expanding visual knowledge from static
data to “live” visual content, addressing challenges
in being more helpful as real-time and real-life
multimodal assistants (Jiang et al., 2024; Fu et al.,
2025; Geng et al., 2025; Li et al., 2025). This
live visual knowledge specifically pertains to un-
derstanding and reasoning about current news (Fu
et al., 2022), emerging events (Yang et al., 2023),
cultural phenomena (Nayak et al., 2024; Romero
et al., 2024), and temporally relevant information
that constantly evolves (Du. et al., 2025; Huang
et al., 2024a). Such live knowledge allows multi-
modal assistants to provide timely, relevant, and
contextually appropriate responses to visual queries
about ongoing situations and events.

Worldwide Multilingual Multimodal Dataset.
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Originated from native multilingual assistant de-
velopment, researcher argues that specific cultural
informations should be trained with corresponded
linguistic content (Manvi et al., 2024; Huang
et al., 2024c; AlKhamissi et al., 2024). There-
fore, multimodal model also Recent years have
seen the release of numerous multilingual vision-
and-language datasets spanning image captioning,
VQA, and instruction tuning. Early benchmarks
like Multi30K provided bilingual image captions
(English—-German), while the WIT dataset intro-
duced over 11 million image—text examples across
100+ languages (Srinivasan et al., 2021). Large-
scale collections such as LAION-5B (5.85 billion
image—text pairs with only 40% English) (Schuh-
mann et al., 2022), video-and-language dataset Va-
tex (Wang et al., 2019) and Google’s WebL.I cor-
pus ( 1 billion alt-text images in 100 languages)
(Wang et al., 2025b) have further expanded mul-
tilingual coverage. In VQA, MaRVL (Liu et al.,
2021), (Changpinyo et al., 2022) and offer compre-
hensive benchmark and dataset for visual reasoning
across diverse languages. For vision—language in-
struction tuning, recent resources like M3IT (Li
et al., 2023) and Parrot (Sun et al., 2024) compile
dozens of tasks (e.g. captioning, VQA) with data
translated into multiple languages, enabling broad
multilingual multimodal training. For visual fac-
tuality seeking and updating, benchmarks in Chi-
nese (He et al., 2024; Tan et al., 2024; Gu et al.,
2025) and Hungarian (Yang et al., 2025b) under-
mine the multilingual curse in factuality seeking,
where models’ performance drastically drop across
linguistic, uncovering the fragility of info seek and
browsing-based environment and training.

Synthetic data for knowledge update. Knowl-
edge updating, also known as continual learning,
focuses on rapidly injecting the latest knowledge
into pretrained models so they immediately recog-
nize emerging concepts while retaining prior com-
petencies (De Cao et al., 2021; Zhang et al., 2023;
Huang et al., 2024a; Chen et al., 2024; Jovanovic
and Voss, 2024; He et al., 2025). A major challenge
in this process is catastrophic forgetting, where
models lose previously acquired knowledge when
learning new information, necessitating carefully-
constructed high-quality data and specialized up-
dating techniques (Luo et al., 2023; Huang et al.,
2024b; Feng et al., 2024). To address these chal-
lenges, synthetic datasets have emerged as a critical
solution for continuous knowledge infusion with-
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out extensive retraining (Thede et al., 2025; Abdin
et al., 2024). For textual knowledge, frameworks
like SynthLLM generate diverse, high-quality syn-
thetic datasets by transforming existing corpora
(Qin et al., 2025), while techniques such as Knowl-
edge Direct Preference Optimization (KDPO) lever-
age synthetic examples for targeted factual updates
(Rozner et al., 2024). Previous research in lan-
guage and code domain has successfully build up
automatic synthetic framework for code api knowl-
edge synchronizing (Liu et al., 2024; Wang et al.,
2025a; Kumar and Kaur, 2024). Our work ex-
tend LiveVQA’s synthetic engine to fully replicable
pipeline with open-source model and incorporate
worldwide visual entity knowledge, which auto-
matically collects latest visual knowledge in their
domestic linguistic from online sources and syn-
thesize high-quality datasets for visual knowledge
updating.

B Dataset Construction Details

B.1 Raw Data Collection & Preprocessing

Worldwide News.

We build a multilingual news corpus spanning 10
languages, curated via an Al Agent-driven pipeline
that automates source onboarding and content ex-
traction, as illustrated in Figure 3. The full meta-
data collection and pipeline is detailed as follows:

* Al-Agent-Driven Multilingual Source On-
boarding. We track ten languages: English,
Chinese, Russian, Arabic, Japanese, Spanish,
German, Indonesian, French, and Portuguese.
For each language, we curate at least five news
websites as information sources based on traf-
fic volume, site stability, and HTML structural
regularity. Building on this, we develop an Al
Agent—driven automation pipeline: the agent ana-
lyzes the target website’s page structure and auto-
matically generates a site-specific configuration
along with a modular crawler script comprising
dedicated components for URL discovery, con-
tent extraction, and robust date parsing. After
self-validation and iterative refinement, the agent
deploys the solution, enabling fully automated
onboarding of new sites.

Image extraction, deduplication and filtering.
We extract images from articles using CSS selec-
tors that cover common content management sys-
tem (CMS) templates, and discard those with ex-
cessively small dimensions (e.g., website icons).
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Subsequently, we perform visual deduplication
based on histogram correlation: for any pair of
images whose similarity score exceeds 0.85, only
the one with the larger pixel area is retained. To
further ensure relevance to the article content,
we filter out potentially advertisement-like im-
ages by determining whether they are embedded
within hyperlinks that point to external domains.
Finally, at most 4 high-quality images are pre-
served per article.

Initial caption collection. We prioritize article-
provided figure captions as image titles; if un-
available, we fall back to the img@alt text, and
use it as the initial caption field.

Multilingual Videos. We crawl YouTube across
ten languages using a hierarchical language-
identification (LID) chain, transcribe audio with
Whisper-large-v3 (Radford et al., 2022), and ap-
ply an early validity filter with Qwen3-A3B-30B
(Yang et al., 2025a) to eliminate noise-only or low-
information content; language-aware prompt tem-
plates then generate QA pairs that are verified for
extractability and safety.

» Data Acquisition. We extend video retrieval into
a configurable crawling paradigm that supports
multiple languages and cross-region coverage.
For each video, we perform language identifica-
tion in a prioritized manner: we first rely on meta-
data signals; if unavailable, we query the subtitle
track language, preferring human-curated cap-
tions over ASR-generated ones; as a fallback, we
clean the title and description text and infer the
language from the processed content, which mit-
igates language drift and improves the stability
of cross-lingual dataset construction.

ASR without auto-caption dependency.
Whisper-large-v3 transcribes audio into time-
aligned segments even when auto-captions are
disabled; we chunk audio into fixed windows
with overlap to preserve context, perform VAD to
skip silence, and normalize casing, punctuation,
numerals, and non-speech events while retaining
per-segment timestamps for later alignment with
QA spans.

Keyframe Mining and Quality-Controlled
Frame Preparation. To process video content at
scale, we first run UVD to propose representative
keyframe candidates, thereby reducing tempo-
ral redundancy. We then apply a representative-



frame selection strategy to suppress large vol-
umes of near-duplicate frames, retaining only
the most informative instance within each visu-
ally similar cluster. Next, we use DocLayout-
YOLO to crop each image and remove overlaid
text and other irrelevant regions. Finally, to pre-
vent residual near-identical content from being
over-retained, we perform an additional dedupli-
cation step following a similar criterion to the pre-
vious filtering stage, further distilling the selected
images into a more compact and representative
set.

Cost-Efficient verification and selection. We
use Qwen3-30B-A3B for transcript-validity
checking and video-topic cleaning, and Qwen3-
VL-30B-A3B for final keyframe selection. This
design reduces reliance on paid APIs while main-
taining strong reasoning performance across the
filtering pipeline. We further batch ASR and veri-
fication to improve GPU utilization and amortize
per-sample context construction overhead.

Extended Academia Platform We ingest preprints
from arXiv, ChemRxiv, and medRxiv by download-
ing PDFs and parsing them with Docling (Team,
2024) to recover figures and surrounding text; cap-
tions are paired to figures via proximity heuristics,
and a lightweight scorer then selects up to three
representative images per paper. This PDF-first de-
sign avoids the brittleness of HTML scraping and
expands coverage beyond arXiv.

* PDF-based structural parsing and fig-
ure—caption alignment. Each PDF is parsed
using Docling to recover page layout, figure
bounding boxes, and nearby text; captions are
bound to figures using keyword cues (Figure,
Fig., Image, etc.) and spatial proximity, and the
resulting pairs are stored with page indices and
character offsets to preserve traceability back to
the original document.

Repository expansion and failure handling.
In addition to arXiv, we ingest ChemRxiv and
medRxiv; failed downloads trigger scheduled re-
tries with mirrored endpoints and error logging
that captures HTTP codes and redirection chains
so that flaky sources do not block the pipeline.

Representative-image selection. Images below
a minimum area threshold are discarded outright.
For the remaining images, a classifier that incor-
porates caption semantics assigns scores on a
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0-10 scale, giving higher weight to conceptual or
architectural diagrams and penalizing standard
experimental plots. The top three images with
scores >8 are retained per paper as representa-
tives.

B.2 Multilingual Visual Questions and
Answers Generation

We generate QA pairs from the worldwide News
and Videos data through a three-stage pipeline.
First, we use a multimodal large language model
to produce image captions, thereby replacing raw
images with textual descriptions that preserve the
salient visual content. Second, we construct Level-
1 questions that directly query worldwide visual en-
tities and apply strict filtering to remove ambiguous,
low-quality, or ill-formed items. Third, building on
the Level-1 questions, we generate Level-2 ques-
tions that require multi-hop reasoning, where the
model must effectively integrate visual information
from the caption with external web knowledge to
perform deeper inference. Finally, we conduct care-
ful quality control for both levels, including model
self-answering and rule-based validity checks, to
ensure that the resulting questions are of high qual-
ity.

Caption Generation. We use Qwen3-VL-30B
to produce fine-grained image descriptions, aim-
ing to capture as many visual details as possible in
text. For the News subset, the original images are
accompanied by human-written captions; we pro-
vide these captions as additional input to the model
and regenerate a consolidated caption accordingly.
Since caption generation primarily requires accu-
rate visual grounding rather than long-context un-
derstanding or rule-based reasoning, we find that
a large vision-language model is not strictly neces-
sary to obtain high-quality captions.

QA Generation. Leveraging the generated im-
age captions, we can rely on a text-only large lan-
guage model to focus on question generation. High-
quality question writing is governed by numerous
constraints and criteria, which demand strong rea-
soning ability; under comparable compute budgets,
text-only models typically deliver better generation
quality than vision-language models for this stage.
We categorize Level-1 questions into six types: per-
son, object, organization, location, event, and time,
which usually query visual entities explicitly men-
tioned or implied by the image. In contrast, Level-2
questions are defined on top of Level-1 but exclude
the object category and add a non-OCR count cat-



egory, enabling reasoning from visual entities to
more abstract concepts and deriving counts through
multi-hop inference. All QA-generation prompts
are written in the same language as the target QA,
to ensure linguistic consistency between instruc-
tions and outputs, minimize cross-lingual variabil-
ity, and avoid confounding effects from translation
or language mismatch during generation and evalu-
ation.

QA Filter. During QA pair generation, we apply
a three-step filtering process to meet our dataset’s
quality requirements. QA Filter 1 targets Level-1
questions, checking visual grounding, non-OCR
reliance, answer uniqueness, and the validity of
the question stem, with particular emphasis on lan-
guage consistency in the multilingual setting. QA
Filter 2 targets Level-2 questions and uses LLM
self-answering as a verification signal: given the
article text and other context, the model must be
able to answer the corresponding Level-2 question
correctly. Since QA Filter 2 is relatively coarse-
grained, we finally apply a Final Filter to both
Level-1 and Level-2 questions, performing rule-
based checks such as screening for factual errors
and enforcing well-formed, standardized question
phrasing.

B.3 Human Annotation Details

Every experiment using LLM/MLLM is vali-
dated with human-annotated ground truth and
agreement. We provide detailed instructions
and annotation environments. The annotation is
conducted by 5 authors of this paper independently.
All the annotations are conducted under Stream-
lit'. As acknowledged, the diversity of annotators
plays a crucial role in reducing bias and enhancing
the reliability of the benchmark. These annotators
have rich knowledge in this domain, with different
genders, ages, and educational backgrounds. To en-
sure the annotators can proficiently mark the data,
we provide them with detailed tutorials, teaching
them how to evaluate model responses more ob-
jectively. Specifically, they are required to give
judgments without bias, like answer lengths, and
certain names of the response. All processes using
LLM/MLLM are listed as follows:

1. Video Data - subtitle parsing and event seg-
mentation with Qwen3-30B-A3B. We parse
subtitle files into timestamped word-level tokens
and then use Qwen3-30B-A3B to group them

"https://streamlit.io/
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into coherent event segments. The segmentation
leverages textual cues, accordingly, we introduce
segment boundaries only when the model iden-
tifies a clear topic shift. To validate the struc-
tural quality of the resulting segments, we build a
lightweight annotation interface (Figure 8); man-
ual verification shows that 93% of the inspected
segments are judged to be appropriately split.

. Video Data - images selecting with Qwen3-VL-

30B-A3B. We exploit Qwen3-VL-30B-A3B as
an automated visual curator to filter large pools
of video frames into a compact, QA-ready sub-
set. The pipeline is explicitly two-stage: (i) batch
scoring, where Qwen3-VL-30B-A3B rates each
image (1-10) conditioned on the topic and con-
tent description, prioritizing relevance, clarity,
information richness, and minimal textual inter-
ference that could leak answers; and (i) set-level
selection, where the model chooses up to five
images from the top candidates while enforc-
ing diversity by rejecting near-duplicates and
redundant viewpoints. To assess the filtering
quality of Qwen3-VL-30B-A3B, we developed a
lightweight annotation interface (Figure 9) with
a passing rate 94%.

. Academic paper - key image selection with

GLM-4.6. We use GLM-4.6 to select represen-
tative images from each article by providing the
model with image captions as a proxy for the im-
ages, i.e., We define key images as those whose
captions most clearly and uniquely identify the
referenced research paper, distinguishing it from
other publications. We further assess the plausi-
bility of the GLM-4.6’s choices with a Streamlit-
based labeling interface, achieving a 95% accu-
racy rate.

. News article - image filter with GLM-4.6.

We filter article images using caption-only in-
puts—the model receives the generated captions
as a textual proxy, rather than the raw images
themselves. We keep only visuals that meaning-
fully capture the article’s ongoing social topic,
and remove static objects, logos, near-duplicates,
generic/decorative illustrations, or any image
that does not provide distinctive evidence about
the core story. An image is retained only if it
contributes information that cannot be recovered
from the text alone and is necessary for under-
standing the report. We then generate factual
captions restricted to explicitly supported details.
Manual assessments demonstrate that GLM-4.6
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BBC (https://www.bbc.com/), CNN (https://edition.cnn.com/), Variety (https://variety.
com/), Forbes (https://www.forbes.com/), AP News (https://apnews.com/)

Xinhua (https://www.news.cn/), People’s Daily (https://www.people.com.cn/), The Paper
(https://www.thepaper.cn/), Southern Weekly (http://www.infzm.com/), Phoenix (https://

El Pais (https://elpais.com/), El Mundo (https://www.elmundo.es/), La Nacion (https://
www. lanacion.com.ar/), El Universal (https://www.eluniversal.com.mx/), ABC (https://

Al Jazeera (https://www.aljazeera.net/), Al-Watan (https://www.elwatannews.com/), Al
Mayadeen (https://www.almayadeen.net/), Al-Riyadh (https://www.alriyadh.com/), Sabq

Publico (https://www.publico.pt/), Diario de Noticias (https://www.dn.pt/), O Globo
(https://oglobo.globo.com/), Folha de S.Paulo (https://www.folha.uol.com.br/), Correio

Kompas (https://www.kompas.com/), Detik
(https://www.detik.com/), Utusan Malaysia (https://www.utusan.com.my/), The Star (https:

Le Monde (https://www.lemonde.fr/), L’Express (https://www.lexpress.fr/), France-
info (https://www.franceinfo.fr/), Libération (https://www.liberation.fr/), RT France
(https://francais.rt.com/), L’Obs (https://www.nouvelobs.com/), 20 Minutes (https://

Asahi (https://www.asahi.com/), Sankei (https://www.sankei.com/), Mainichi (https://
mainichi.jp/), NHK (https://www3.nhk.or.jp/news/), Nikkei (https://www.nikkei.com/)

RIA Novosti (https://ria.ru/), Kommersant (https://www.kommersant.ru/), Gazeta.ru
(https://www.gazeta.ru/), Rossiyskaya Gazeta (https://rg.ru/), TASS (https://tass.ru/)

Language News Sources and URLs
English
Chinese
www. ifeng.com/)
Spanish
www.abc.es/)
Arabic
(https://sabqg.org/)
Portuguese
da Manha (https://www.cmjornal.pt/)
Indonesian/Malay ~ANTARA (https://www.antaranews.com/),
//www. thestar.com.my/)
French
www. 20minutes.fr/)
Japanese
Russian
German

Der Spiegel (https://www.spiegel.de/), FAZ (https://www.faz.net/), Die Zeit (https://www.
zeit.de/), SZ (https://www.sueddeutsche.de/), Deutsche Welle (https://www.dw.com/de/),

BILD (https://www.bild.de/), Tagesschau (https://www.tagesschau.de/)

Table 5: News websites serving as information sources in ten languages.

achieved a 96% accuracy rate.

. Image caption generation with Qwen3-VL-
30B-A3B. We use the Qwen-VL-30B-A3B
model to generate a caption for each image in
the Videos and News subsets, where the caption
provides a detailed description of the image and
serves as a surrogate for the original image in
subsequent stages. We employ Qwen3-VL-30B-
A3B to finish this job and design the annota-
tion tool in Figure10. Manual assessments show
Qwen3-VL-30B-A3B achieved a 99% accuracy
rate.

. Level-1 question generation with GLM-4.6.
We construct basic QA pairs by prompting GLM-
4.6 with an image caption (rather than the image
itself) as a textual proxy for visual content, and
ask it to generate a question Based on the caption.
The answer must be explicitly supported by the
accompanying article. We exclude undesirable
cases such as celebrity identification, counting,
and shortcuts based on OCR cues (e.g., visible
text or logos). We use GLM-4.6 for this gener-
ation step and provide an annotation interface
for inspection and quality control (Figure 10).
Manual assessments show GLM-4.6 achieved a
93% accuracy rate.

7. QA Filter 1 with GLM-4.6. We discard articles
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lacking meaningful context (e.g., only noting a
broadcast question). We always keep questions
whose answers are non—major-figure names, spe-
cific named locations, named events, specific
products, or organizations. We employ GLM-4.6
to remove any unqualified QA pairs and use an
annotation tool to evaluate. The annotation tool
is shown in Figure 11. The accuracy of GLM-4.6
is 93%.

. Level-2 question generation with GLM-4.6.

We construct Level-2 multi-hop QA pairs, re-
stricted to six categories (person, organization,
location, event, time, and non-OCR count; ex-
cluding object). Prompts match the target lan-
guage to avoid cross-lingual confounds. We
use GLM-4.6 for generation and the annotation
tool in Figure ?? for verification; self-answering
reaches 95

. QA Filter 2 with GLM-4.6. We verify Level-2

questions via GLM-4.6 self-answering and re-
tain only those for which GLM-4.6, given the
article text and the image caption as context, pro-
duces an answer that matches the original ground
truth. We use GLM-4.6 to filter this kind of QA
pairs and evaluate it using the annotation tool in


https://www.bbc.com/
https://edition.cnn.com/
https://variety.com/
https://variety.com/
https://www.forbes.com/
https://apnews.com/
https://www.news.cn/
https://www.people.com.cn/
https://www.thepaper.cn/
http://www.infzm.com/
https://www.ifeng.com/
https://www.ifeng.com/
https://elpais.com/
https://www.elmundo.es/
https://www.lanacion.com.ar/
https://www.lanacion.com.ar/
https://www.eluniversal.com.mx/
https://www.abc.es/
https://www.abc.es/
https://www.aljazeera.net/
https://www.elwatannews.com/
https://www.almayadeen.net/
https://www.alriyadh.com/
https://sabq.org/
https://www.publico.pt/
https://www.dn.pt/
https://oglobo.globo.com/
https://www.folha.uol.com.br/
https://www.cmjornal.pt/
https://www.antaranews.com/
https://www.kompas.com/
https://www.detik.com/
https://www.utusan.com.my/
https://www.thestar.com.my/
https://www.thestar.com.my/
https://www.lemonde.fr/
https://www.lexpress.fr/
https://www.franceinfo.fr/
https://www.liberation.fr/
https://francais.rt.com/
https://www.nouvelobs.com/
https://www.20minutes.fr/
https://www.20minutes.fr/
https://www.asahi.com/
https://www.sankei.com/
https://mainichi.jp/
https://mainichi.jp/
https://www3.nhk.or.jp/news/
https://www.nikkei.com/
https://ria.ru/
https://www.kommersant.ru/
https://www.gazeta.ru/
https://rg.ru/
https://tass.ru/
https://www.spiegel.de/
https://www.faz.net/
https://www.zeit.de/
https://www.zeit.de/
https://www.sueddeutsche.de/
https://www.dw.com/de/
https://www.bild.de/
https://www.tagesschau.de/

Figure?? to evaluate it performance. The accu-
racy of GLM-4.6 is 98%.

Final filter with GLM-4.6. We apply a unified,
rule-based quality check to all final Level-1 and
Level-2 questions using GLM-4.6, following a
comprehensive set of criteria to ensure quality,
including screening for factual errors and validat-
ing the well-formedness of question stems. We
use GLM-4.6 to filter this kind of QA pairs and
evaluate it using the annotation tool in Figure??
to evaluate it performance. The accuracy of
GLM-4.6 is 99%.

10.

To ensure the timeliness and relevance of our
video data, we perform manual verification with
controlled labeling environment. The authors in-
dependently review a random sample of 500 entries,
checking that the selected news and videos depict
current events rather than historical footage. In this
audit, all inspected examples are judged to be re-
cent, indicating that outdated content is effectively
mitigated by our curation process.t.

C Detailed Experiment Setups

Models. The detailed specifications of all mod-
els evaluated in the experiments of Section 3 are
provided in Table 8.

Metric: Guessing strategy and F-score. Origi-
nate from Wei et al. (2024), while F-score is a good
metric in some ways, the issue with it is that it in-
centivizes the model to always guess when it is at
least 50% sure that it can get the correct answer.
To understand why this is the case, consider the
following expression for the F-score:

2 2c

cfi | cFiEn  9¢4 2+
C (&

F-score =

where:

¢ ¢ is the number of correct answers,
* 4 is the number of incorrect answers, and
* n is the number of non-answered questions.

If you have a greater than % chance of being

correct, your expected score from guessing is better
than the score from not guessing, regardless of the
specific values for ¢, 7, and n. This is because the
following inequality always holds:

S 2c
2c+2i+n+1

2c+1
2c+21+n—+2
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Table 6: Overview of the pretraining hyperparameters.

Hyperparameter | Value
Ir le-3
Ir_scheduler cosine
warmup ratio 0.03
global batch size 256
epoch 1
optimizer AdamW

The left-hand side represents the expected F-score
from guessing, assuming a 50/50 chance of correct-
ness, while the right-hand side is the score from
not answering the additional question. Since the
denominators are adjusted similarly whether the
guess is correct or incorrect, guessing with a prob-
ability > % yields a better score.

Model pretraining details. We conduct pretrain-
ing using the TinyLLaVA training pipeline with
DeepSpeed across 8*H100 GPUs. Training is
performed in FP16 with FlashAttention-2. The
hyperparameters we used during pretraining are
listed in Table 6. We augment the original LLaVA-
1.5-558K pretraining dataset by injecting 5,000
image—caption pairs as visual knowledge from
LIVEVQA-W, with 2,500 samples drawn from
the News subset and 2,500 from the Videos subset.
We further adopt a data replay strategy, repeating
these 5,000 injected pairs 10 times within the mixed
training data to increase their exposure during pre-
training.

Model fine-tuning details. For TinyLLaVA, we
conduct fine-tuning using the TinyLLaVA training
pipeline with DeepSpeed across 8*H100 GPUs.
Training is performed in FP16 with FlashAttention-
2. The hyperparameters we used during fine-tuning
are listed in Table 7. We augment the original
LLaVA-1.5-mix-665k fine-tuning dataset by inject-
ing 5,000 QA pairs instead of image-caption pairs
as visual knowledge from LIVEVQA-W, with
the same composition and data replay strategy as
above.

D Additional Experiment Results

See Table 9 for the overall performance for Level
1 and 2 questions. See Table 10 for performance
under category-wise breakdown. See Table 11 for
the performance of visual knowledge update under
different training strategies.



Subtitle Labeling Assistant Tool

Index.json ora metadata_json URL: Example: data/index.json or data/xxx_text_metadata.json Load
or choose local: Choose Folder (recursive)
+ Previous Page Next Page =
Current Page 13 / Total 200 Pages
Subdirectory: 1Q3baaE6J79g/1Q3baaE6J)7¢g text metadata.json
There are 1 segments
topic Trump elogia Bolsonaro na frente de Lula #trump #bolsonaro #noticias #lula
language portuguese
source YouTube
url https://www.youtube.com/watch?v=1Q3baaE6J7g
channel Genial Noticias gr (UC_jO aOPmmGMqlulYYIdGJA)
publication 2025-10-26 22:47:30
duration (s) 22
has_caption false
transcript_source srt
is_text valid true
metadata created  2025-12-16T07:25:34Z
Segments
Segment 1: 00:00:00.000 --> 00:00:21.829 v
Text:

Aconteceu hoje de manhé na Malasia, durante a Cipula da ASEAN, a tdo esperada reunido entre Lula e Trump. Para resumir,
ao final da conversa, os presidentes falaram com a imprensa sobre os assuntos tratados, o que gerou certo desconforto em
um momento que uma reporter fez perguntas a Trump sobre o que eles teriam conversado sobre Bolsonaro. Trump
respondeu de forma firme que o assunto nao seria da conta da reporter, porém, na pergunta anterior, Trump lamentou a
condenacao do ex-presidente, afirmando sempre ter gostado dele e que o considera forte e honesto.

Is Valid: true
Please judge the segmentation of this subdirectory (video) (multiple choices allowed):

cz==D

Save Annotation

Click to choose labels...

Export All Annotations (JSON) Copy Current Annotation

Annotations are stored in localStorage (key: subtitle-labels-v1).

Source: folder | 1Q3baaE6)7g/1Q3baaE6)7g_text metadata.json

Figure 8: Human Annotation - Video Data - Parsing Subtitle by Qwen3-VL-30B-A3B.
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Statistics

TOTAL DIRECTORIES

259

LABELED (AGREE/DISAGREE)

0

‘Open Main Folder

Metadata

Topic:

X Morena y PAN no logran acuerdo para elegir presidente en la C4mara de Diputados

Content:

No existen condiciones para construir las dos terceras partes que nos impone como requisito la propia Constitucién y determinar el dia
de hoy esta solucién. Sin embargo, la propia Constitucién nos da un espacio para abrir el didlogo dentro del margen constitucional y

poder llegar a ese acuerdo.

Images (from selected0 folder)

5_figurejpg

Agree Disagree

4= Previous 53/259

Next =

Label: None

Figure 9: Human Annotation - Video Data - Selecting Images for Video Data.

Level-1 QA Visualization

Please import a folder containing 1_topics xocjson
files to start

Export JSON

LOOK: Sarah Discaya attends Senate Blue Ribbon hearing on anomalous flood control projects |
ANC

ENGLISH  YOUTUBE  ID:1.1763802641288 5857

The Filipino people have suffered long enough under a system that allows a select few to profit while communities drown in floods and could
have prevented with properly implemented projects. | now call upon the resource persons to come forward and fulfil their obligations to this
committee and to the Filipino people. We now, Director General, we now to consider the motu proprio inquiry in aid of legislation in the
Philippines underwater. We need to acknowledge the witnesses and resource persons. Mr. Chairman, may | proceed? Proceed, Director General
From the Commission on Audit, we have Ms. Tracy Ann Sunico representing the Chairman. She is Acting Assistant Director, Cluster 4. Defense
and Security, National Government, Audit Sector, NGAs. Will there be a position to answer for the Commission on Audit? Is he authorized to
answer for the Commission on Audit? Yes, Your Honor. Thank you. With her is Ms. Cinderella Esperanza A. Santos, Audit Team Leader, BPWH
Bulacan, 1st DEO Malolo City. From the Insurance Commission, Attorney Reynaldo A. Regalado, Commissioner. From the Department of Budget
and Management, Usec Rolando Toledo. Likewise, sir, you are authorized to speak for your department. Yes, Mr. Chair, Your Honor. From the
Department of Public Works and Highways, Secretary Manuel Bonoan. Under Secretary Maria Catarina Cabral. Planning, public-private
partnership, and information management service. Director Ramon Arriola ll, project director, flood control management cluster, UPMC. Luz de
la Rosa, director, internal audit service. Regional director, Rosalia Tolentino, regional director of Region 3. Regional director, Jovel Mendoza,
regional director, Region 4A. Regional director, Virgilio Eduarte. Regional Director, Region 5. Engineer Henry Alcantara, former District Engineer,
Bulacan 1st District Engineering Office. Engineer Jason Hauko, Officer in Charge, Office of the District Engineer, Bulacan 1st District Engineering
Office. Engineer Norberto Santos, Chief Planning and Design Section, Bulacan 1st District Engineering Office. Engineer RJ Damasig, Project
Engineer, Bulacan 1st District Engineering Office. Engineer Merg Jaron Klaus, Materials Engineer, Bulacan 1st District Engineering Office. And
Maria Cristina May Pineda, Cashier 3, Bulacan st District Engineering Office. From the Bureau of Internal Revenue, we have with us

Commissioner Romeo D. Lumagui, Jr. From the Philippine Atmospheric, Geophysical, and Astronomical Services. Hasn't arrived yet. Your Honor.
From Dost Pagasa, Engineer Roy Barilla. From Metro Manila Development Authority, Attorney Romando Artes. From River Basin Control Office,
Dr. Sevilleo. D. David Jr. From the Philippine Contractors Accreditation Board, PCAB, Dr. Pericles Dacay, Chairman. From the construction
companies, Alex Abelido, President, Legacy Construction Corporation. Ms. Cesara Rowena Diskaya, President of Alpha and Omega General
Contractor and Development Corporation. Mr. Alan Quirante. owner-proprietor of QM Builders. Mr. Ernie Baggao, owner-proprietor EGB.
Construction Corporation. From Hightone Construction and Development Corporation, Mr. Edgar Acosta. He's represented by Mr. Edsil
Marbella. Mr. Wilfredo Natividad, Triple Eight Construction Supply Inc. Mr. Romeo Miranda. President, AMO, Royal Crown Monarch Construction
and Supplies Corporation. Ms. Marjorie Samidan, President, MG Samidan Construction. Mr. Ryan Willie D. Uy, Propristor, Road Edge Trading and
Development Services. Mr. Alvin Diego, Authorized Managing Officer, Silver Wolves Construction Corporation. Mr. Melanie Raimundo,
Authorized Managing Officer of Raymond Builders. Your Honor, we also have here the presence of Mr. Mark Alexander.

Prv  Page ¢ Go

Figure 10: Human Annotation - Level-1 QA generation.
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Progress: 9./ 303

1. Based on this image, who is the person speaking at
the podium?

A. Manuel Bonoan
I 8. Sarah Discaya @
C.Tracy Ann Sunico

D. Rolando Toledo

2. Based on this image, what event is taking place?

I A Senate hearing on flood control projects @

B. City council meeting on infrastructure




Load Folder

1.1763802641313 2900
_1763802641313_2900
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Les adieux de John Cena

1.1763802641294 2874
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1.1763802641318 9885
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Level-1 Filtered QA Visualization

.
Les adieux de John Cena a Paris
FRENGH  YoUTUBE
a Paris
I 1D: 1.1763802641311_5917

Context:

Export Result

Q1: Basé sur 'image fournie, quel événement s'est produit ?

A. Clash in Paris

B. WrestleMania France
C. Lucha Libre en France
D. Raw a Paris

E. NXT TakeOver Paris

GT: A (Clash in Paris)

Visual Caption: un

Specific Image:
|_seq01/selected0,

lected_2_ |_seg01_h264_seg_001_keyframe_20251122_005023_8_figurejpg

Labeling

Dimanche 31 aodt, la Paris La Défense Arena accueillait Clash in Paris, le plus gros

événement de catch jamais organisé en France, avec plus de 30 000 spectateurs
Oui, oui, tout le monde va crier. Tout le monde va crier. Ah, ca va étre chaud. On
un meilleur public au niveau du catch en France. Juste un petit truc, on parle

d'ambiance. Juste n'oubliez pas, on est a Paris et a Paris on est vraiment fous. On

est vraiment capables de I'impossible. C'est le meilleur moment de ma vie ! Pour
la premiere et la derniere fois parce que Clash in Paris fait partie de la tournée
d'adieu de John Cena avant sa retraite programmée pour décembre prochain
C'est une icone de... de toute une génération, méme de plusieurs générations.
Ceétait la demiére et cétait tout simplement incroyable. De le voir ici, dans une
ambiance comme a, ¢'était assez fou. D'avoir eu cet ending of action a la fin, je

Previous  26/142  Next

[ oo ] o)

a

Figure 11: Human Annotation - QA Filter 1.

Table 7: Overview of the pretraining hyperparameters.

Hyperparameter | Value
Ir 2e-5
Ir_scheduler

cosine
0.03
128

epoch 1

warmup ratio
global batch size

optimizer AdamW
MMMU-VAL
50
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Figure 12: Overall accuracy over training steps on
MMMU-Validation sets for models trained on differ-
ent data formats.

E LLM Utilization

The use of large language models (LLMs) in this
work is strictly limited to auxiliary text editing,
such as correcting spelling and improving grammar,
and dataset generation. During dataset synthesis,
LLMs are extensively used for video and transcript
cleaning and preprocessing, as well as for gener-
ating and filtering two levels of question-answer
pairs and their multiple-choice options. All con-

ceptual and technical contributions are the original
work of the authors. We are transparent about this
limited usage.

F Case Study and Prompts

See Figure 13, 14, 15, 16, 17, 18, 19, 20, 21, 22,
23, 24, 25, 26, 27, 28, 29, 30, 31, 32 for case study.



Model Creator Version Knowledge Cutoff License Purpose
Claude Sonnet 4.5 Anthropic claude-sonnet-4-5-20250929 2025.7 Proprietary
Gemini 3 Flash Preview Google gemini-3-flash-preview 2025.1 Proprietary
Gemini 3 Pro Preview Google gemini-3-pro-preview 2025.1 Proprietary
Gemma 3 27B Google gemma-3-27b-it 2024.8 Open-source
Mistral Medium 3.1 Mistral Al mistral-medium-2508 2025.6 Proprietary
GPT-5.2 OpenAl gpt-5.2 2025.8 Proprietary
03 OpenAl 03-2025-04-16 2024.6 Proprietary
Qwen3-VL-235B-A22B-Thinking| Alibaba  Qwen3-VL-235B-A22B-Thinking Unknown Open-source
Grok 4 xAI grok-4 2024.11 Proprietary
GLM-4.6V Zhipu Al GLM-4.6V Unknown Open-source
w. Text & Image Search
GPT-5.2:0nline OpenAl gpt-5.2 2025.8 Proprietary
03:online OpenAl 03-2025-04-16 2024.6 Proprietary
MMSearch-R1 ByteDance MMSearch-R1 - Open-source
WebWatcher-7B Alibaba-NLP WebWatcher-7B - Open-source
WebWatcher-32B Alibaba-NLP ‘WebWatcher-32B - Open-source

Table 8: Model names, Creators, Version, Access Time, License, and their using purpose.

Level 1 Level 2
Model Cutoff News Videos Papers Avg. | News Videos Papers Avg.
w.o. Search
Claude Sonnet 4.5 Jul. 2025 5.0 5.0 0.0 4.0 1.0 4.0 2.0 2.4
Gemini 3 Flash Preview Jan. 2025 28.0 19.0 0.0 18.8 9.0 14.0 16.0 124
Gemini 3 Pro Preview Jan. 2025 27.0 17.0 2.0 18.0 15.0 19.0 18.0 17.2
Gemma 3 27B Aug. 2024 4.0 4.0 2.0 3.6 3.0 5.0 6.0 4.4
Mistral Medium 3.1 Jun. 2025 11.0 5.0 0.0 6.4 2.0 7.0 4.0 44
GPT-5.2 Aug. 2025 3.0 4.0 0.0 2.8 2.0 10.0 14.0 7.6
GPT-03 Jun. 2024 6.0 8.0 0.0 5.6 6.0 16.0 18.0 12.4
Qwen3 VL 235B A22B Thinking | Unknown 5.0 6.0 0.0 4.4 3.0 5.0 8.0 4.8
Grok 4 Nov. 2024 11.0 12.0 0.0 9.2 5.0 7.0 10.0 6.8
GLM 4.6V Unknown 8.0 3.0 0.0 4.4 1.0 3.0 4.0 2.4
w. Text & Image Search
GPT-5.2:0nline Aug. 2025 | 23.0 23.0 46.0 27.6 | 31.0 28.0 76.0 38.8
GPT-03:0nline Jun. 2024 20.0 17.0 38.0 224 29.0 37.0 64.0 39.2
MMSearch-R1 - 16.0 9.0 6.0 11.2 8.0 9.0 36.0 14.0
WebWatcher-7B - 28.0 21.0 36.0 26.8 17.0 26.0 28.0 22.8
WebWatcher-32B - 29.0 22.0 32.0 26.8 22.0 26.0 26.0 24.4

Table 9: Accuracy (%) of visual factuality seeking benchmark in open-ended format across different models across
difficulty levels and data sources.

Model \ Avg. \ Authors  Conclusion Count Data  Event Location Object Organization Person Time  Title
w.o. Search
Claude Sonnet 4.5 3.20 0.00 0.00 1.72 0.00 1.85 5.41 0.00 4.84 5.08 222 0.00
Gemini 3 Flash Preview 15.60 0.00 37.50 5.17 1429 741 13.51 30.00 16.13 33.05 6.67 0.00
Gemini 3 Pro Preview 17.60 2.63 50.00 1379  19.05 741 17.57 30.00 12.90 3220 1111 0.00
Gemma 3 27B 4.00 2.63 12.50 1.72 4.76 5.56 2.70 0.00 6.45 4.24 4.44 0.00
Mistral Medium 3.1 5.40 0.00 12.50 0.00 0.00 1.85 5.41 20.00 4.84 12.71 222 0.00
GPT-5.2 5.20 0.00 62.50 5.17 4.76 5.56 9.46 0.00 4.84 2.54 2.22 0.00
GPT-03 9.00 0.00 37.50 6.90 1429 9.26 17.57 10.00 4.84 7.63 8.89 0.00
Qwen3 VL 235B A22B Thinking | 4.60 0.00 25.00 5.17 4.76 0.00 6.76 0.00 1.61 8.47 222 0.00
Grok 4 8.00 0.00 37.50 1.72 9.52 7.41 5.41 10.00 9.68 16.10  0.00  0.00
GLM 4.6V 3.40 0.00 25.00 0.00 0.00 1.85 2.70 0.00 4.84 7.63 0.00  0.00
w. Text & Image Search
GPT-5.2:0nline 33.20 50.00 100.00 3276 8571 2593 25.68 40.00 40.32 16.95 3556 33.33
GPT-03:0nline 30.80 44.74 87.50 3793 7143 2222 35.14 30.00 29.03 13.56  35.56 16.67
MMSearch-R1 12.60 5.26 37.50 1034 3333 9.26 12.16 0.00 14.52 11.02  17.78  8.33
WebWatcher-7B 24.80 28.95 37.50 13.79 2381 2593 22.97 50.00 22.58 2458 2444 5833
WebWatcher-32B 25.60 26.32 25.00 20.69 2381 33.33 24.32 20.00 22.58 23.73  28.89 50.00

Table 10: Accuracy (%) of different models breakdown by question type.
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Accuracy (%)

Benchmark Subject/Type/Strategy
MO Ml M2
Event 2.2 1.1 15.1
L Location 100 142 558
Validation Set Object 186 116 442
Organization 93 105 593
Person 3.3 25 402
Time 5.6 56 250
Avg 7.2 74 418
Art & Design 55.8 558 533
Business 34.0 327 34.7
MMMU Science 28.0 267 28.7
Health & Medicine 46.0 413 427
Humanities & Social Science 47.5 50.8 48.3
Tech & Engineering 28.1 314 28.1
Avg 383 383 378
ScienceQA(multimodal)  Natural 724 700 70.5
Language 79.6 772 79.6
Social 734 704 713
Avg 729 703 71.0
GQA Attribute 684 68.6 67.5
Category 542 548 54.0
Global 59.2 599 60.5
Object 86.1 86.3 85.7
Relation 544 5377 538
Avg 62.2 62.1 61.5
TextVQA Avg 604 578 57.2
MM-Vet Recognition 41.1 375 383
OCR 333 259 241
Knowledge 28.6 252 264
Language Generation 284 245 262
Spatial Awareness 36.1 26.7 25.6
Math 119 69 138
Avg 381 33.6 333

Table 11: Detailed benchmark accuracies (%) for three TinyLLaVA variants: the original TinyLLaVA-Phi-2-SigL.IP-
3.1B (MO), and two derivatives obtained by injecting the dataset during pretraining (M1) or during post-training
(M2), respectively.
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Analyze whether the following transcribed text is valid and meaningful. Check for:

1.
2.
3.
4.

Empty content, or only background noise/music descriptions.
Only filler words or meaningless utterances.
Completely incoherent or nonsensical content.

Text length < 100, and the information lacks timely content, is outdated, or contains too little
valid information.

Text sample:

{sample_text}

Respond in JSON with the following structure:

{

"is_valid"”: true/false,
"reason”: "Brief explanation if invalid”

3

You are an expert at segmenting timestamped transcripts into coherent paragraphs based on TOPIC
CONTENT.
Segmentation Principles:

1.

6.

MINIMIZE the number of segments — this is CRITICAL! Aim for as few segments as
possible.

. TOPIC CONTINUITY is the PRIMARY criterion — keep all content about the same

event/topic together.

. If multiple sentences contain SHARED KEYWORDS or related concepts, they MUST be

grouped together.

If adjacent or nearby sentences mention the same entities (people, places, events), they MUST
be merged.

. Changes in speaker or dialogue format should NOT create new segments if the topic remains

related.

Only create a new segment for a COMPLETE TOPIC CHANGE to an unrelated subject.

Special Notes:

* If content discusses different aspects of the same general topic (e.g., different angles or

consequences of one event), keep it all in ONE segment.

* Look for semantic relationships between sentences, not just superficial connections.

* The goal is to create COMPREHENSIVE segments that cover complete topics, not short

fragments.

24



* (New) Avoid creating excessively short segments: If a segment’s duration (end_time —
start_time) is too short (e.g., less than 0.5 seconds), carefully verify if the segmentation is
correct. Unless it is a very brief, distinct utterance representing a complete topic, try to merge
it with adjacent, topically related segments.

* If the content is a TV program outro, credits, music, or thank-you message that is distinct and
lengthy, always segment it separately; these segments can be flagged as non-content.

Additional Guidance:

* You MAY use large time gaps (e.g., > 3 seconds) between subtitles as a secondary clue for
segmentation, but ALWAYS prioritize topic continuity over timing.

* PRIORITIZE content similarity over timestamp gaps — related content should stay
together even with pauses.

* (New) Tendency to merge on short intervals: As a secondary signal, if the time gap
between the end of one line and the start of the next is very short (e.g., less than 1 second),
and their topics are related or continuous, then they are more likely to belong to the same
segment. This supports merging when topic continuity is present, but should not override a
clear topic change.

Example — Should be ONE segment (same policy topic):

[00:00:01.000 —> 00:00:10.000] Content about Taiwan policy by different speakers or at
different times.

Example — All this should be ONE segment:

[00:00:01.000 —> 00:00:05.000] Prime Minister says Malaysia will adopt a whole of
nation approach to address the tariffs.

[00:00:05.000 —> 00:00:10.000] Criminal elements and negligence are factors in the
probe into the gas pipeline explosion.

[00:00:10.000 — 00:00:15.000] Gas supply disruptions are expected to last until April
20th.

(Note: This example seems to contradict the “COMPLETE TOPIC CHANGE?” rule as it mentions
tariffs, an explosion probe, and gas disruptions which seem like distinct events/topics. A better
example for ONE segment would show related aspects of one main issue. However, we keep it as in
the original prompt.)

Timestamp Rules (Very Important):

* (Refined) For each segment in the final output:

— The start_time MUST be the earliest start_time among all original lines included
in that segment.

— The end_time MUST be the latest end_time among all original lines included in that
segment.

 All timestamps must come directly from the original input lines.

* Time Validity Check: Ensure that for every segment, the start_time is strictly earlier than
its end_time.

* Segment Ordering and Gaps: Ensure segments in the final JSON are ordered chronologically
by start_time. The next segment’s start_time should be > the preceding segment’s
end_time, possibly with a gap.
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Validity Check (per segment): For every segment, analyze if the text is valid and meaningful.
Check for:

1. Empty content or only background noises/music descriptions.
2. Only filler words or meaningless utterances.
3. Completely incoherent or nonsensical content.

4. Text length < 100, and the information lacks timely content, is outdated, or contains too little
valid information.

5. A TV program outro, credits, music, or thank-you message that is distinct and lengthy.

If any of the above conditions are met, mark "is_valid” as false.
Format your response as JSON:

{
"segments”: [
{
"start_time"”: "Earliest start time from included lines”,
"end_time": "Latest end time from included lines”,
"content”: "Full text content of segment”,
"is_valid"”: true/false
}
// ... more segments
]
}

The following is a timestamped transcript from a video. Each line follows this format:
[START_TIME —> END_TIME] content
Your task:
1. Segment this transcript into as FEW coherent segments as possible based on topic content.
2. Keep all content discussing the same topic/event together in ONE segment.

3. Look for shared keywords and semantic relationships between sentences to determine which
should be merged.

4. For segments that appear to be program endings, thank-you messages, or credits (e.g., “Thanks
for watching”, “See you tomorrow”, “This has been News at 9”), mark them with "is_valid":
false.

5. For each segment, strictly adhere to all rules regarding timestamp generation, validity, and
segment spacing outlined above.

Here’s the transcript:
{formatted_text}

Respond strictly in the JSON format described above.
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Prompt Objective: You are an expert image analyst tasked with selecting images for a Question-
Answering (QA) generation system. Your selections will be used to test a Large Language Model’s
(LLM) visual understanding, so images with minimal textual clues are paramount.

Core Task: Evaluate EACH image provided in the current batch based on the Topic and Content
Description below. Assign a score from 1 to 10 (10 is best) and provide a concise justification,
focusing on its suitability for QA generation and the level of textual interference.

IMPORTANT SCORING GUIDANCE:

* Assign 8-10 to images that perform strongly on most criteria and do not have major flaws.
Minor imperfections (e.g., small background text, mild quality issues, or faint watermarks/me-
dia logos) can still receive scores in the 7-9 range if overall relevance and informativeness are
high.

* Images with some visual or contextual issues may still score 67 if they are otherwise useful
for question generation.

* Only assign very low scores (1-3) to images that are blurry, of extremely poor quality, or have
large overlaid text that clearly reveals answers or dominates the content.

* News-style captions, watermarks, or channel graphics are acceptable as long as they do
not contain direct answers or overwhelm the main visual content.

General Advice: When in doubt, favor moderate to high scores for images that are clearly useful
for QA purposes. Extreme scores (1 or 10) should be reserved for clearly unusable or exceptional
cases.

Topic:

"{topic}"

Content Description:

"{content}"

Evaluation Criteria (Score each image from 1-10):

1. High Content Relevance (Weight: High):

* MUST be strongly related to the Topic and Content Description.
* Focus: Does the image offer rich visual context for generating insightful questions about

the topic?
2. Visual Clarity & Quality (Weight: High):
* MUST be clear, well-focused, and well-composed. Reject blurry or very low-quality
images (assign score 1-2).
* Focus: Are visual details easily discernible for LLM interpretation?

3. Information Richness & Element Diversity (Weight: Medium-High):

* Prioritize images showing varied scenes, multiple relevant objects, interactions, or
activities. Avoid overly simplistic or empty images.

* Focus: Does the image provide multiple distinct visual elements or sub-topics for
questioning?

4. Minimal Textual Interference (Weight: CRITICAL — Low score for significant text):

* CRITICAL: Images with significant overlay text (captions, large logos, direct answers)
that could “give away” information to the LLM should be scored very low (e.g., 1-3).
The goal is to test visual understanding, not text reading.

27



* Acceptable: Incidental background text (e.g., a distant street sign) is usually fine if not
prominent or central to understanding the core content.

* Focus: Does the image primarily convey information visually, or does text play a major
role that would simplify QA for an LLM? Less text is better.

5. No Personal/Sensitive Identifiers (Weight: High — Reject if present):

* MUST NOT contain visible PII (names, faces of non-public figures unless anonymized/-
consented), or private organizational details. Score 1 if present.

* Focus: Is the image safe and appropriate for general use?

6. Context over Sole Presenter (Weight: Medium):

* Avoid images SOLELY of a speaker/presenter unless their specific action/expression is
key and described in the content. Prefer images with more contextual elements.

* Focus: Does the image offer more than just a portrait?

Output Format (STRICTLY FOLLOW — Your entire response MUST be a single, valid
JSON object as described below):

Your response must be a single JSON object. This object must contain one top-level key:
"image_evaluations”. The value of "image_evaluations” must be a JSON array. Each ele-
ment in this array must be a JSON object representing one image, with the following fields:

* "image_number”: (Integer) The 1-based index of the image as it was presented in the batch.
* "score": (Float or Integer) The score assigned, from 1 to 10.

e "justification”: (String) A concise justification for the score, specifically mentioning
relevance, visual quality, and especially the level/impact of any text.

* "contains_problematic_text": (Boolean) true if the image contains significant overlay
text, captions, or labels that could directly provide answers or make QA too easy; false
otherwise.

Example of the EXACT JSON output format (for a batch of 1 image):

{"image_evaluations”: [{
"image_number": 1,
"score": 8.5,
"justification”: "High relevance, excellent clarity. Minimal
< non-distracting background text.",
"contains_problematic_text": false
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You are an expert skilled at converting visual information into detailed linguistic descriptions.
Based on the image below, generate a passage that thoroughly describes the content of the picture.
Original image caption (for reference): {caption}

Requirements:

1. The description must be detailed and specific, covering the main elements and scenes within
the image.

2. The description must be written in {language}.
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3. The description must strictly reflect the visual content actually shown in the image; halluci-
nated or fabricated details are strictly prohibited.

4. Do not use phrases such as “The image shows. ..”. Provide the description directly.

You must answer in {language}.

(This prompt has multilingual versions, only the English version is shown here.)

You are an Al assistant skilled at generating high-quality “Level 1” multi-hop questions. Your task
is to create questions based on “image and text.” These questions should primarily test objective
factual knowledge, rather than generalized reasoning or answers that come purely from describing
the image. Based on the news article and the image below, generate one “Level 17 multi-hop
question. This Q&A should test “social/factual knowledge,” not something answerable only from
the image description.

The question must involve specific social knowledge, such as a clearly identified person’s role/i-
dentity by name, or the exact time and place of an event, rather than coarse information like simply
recognizing objects or crowds.

The question must have a unique answer (the answer must be specific, unambiguous, and consistent
with the article).

The image is provided only in the form of a textual image description. You should act as if you
were given an actual image based on that description; any mention of “the image” or “the picture”
below refers to a picture that shows what is depicted in the image description.

Article Title: {title}

Article Body: {text}

Image Caption: {caption} {used_types_info}{used_questions_info}

Required Requirements:

1. The question must begin with "Based on this image".
2. The answer must be explicitly found in the article body.
3. The answer must be a short phrase or a few words (not a complete sentence).

4. The question type must be one and only one of the following categories: location, person,
organization, time, object, event.

5. If asking about an event (event), the question stem may only ask: "What event occurred?”

6. For time and location questions, the stem must specify the required precision level, e.g., "When
did xxxx happen (precise to the day)?"/"Where did xxxx happen (precise to
the city)?”

7. For time and location questions, the ground-truth answer must be uniquely determined. For
example, the answer cannot be "Friday" or "September 28" (because multiple years could
match), but should be uniquely specific like "September 28, 2025."

8. Factual Consistency: The question stem and Ground_Truth_List must not contain factual
or geographic common-sense errors (e.g., "Luoyang, Hunan"); if it conflicts with the article,
the question is invalid.

9. During evaluation, the person answering will only see “image + question stem” and cannot
access any article, body text, or image-caption text. Therefore, the stem must not contain words
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10.

11.

12.

13.

non

like "article”, "text"”, or "description”, and must not reference the image description in
any way.

The generated question must not be answerable using only the image description (i.e., not
answerable from visual information alone). Deriving the answer must require social/factual
knowledge.

Keep the stem concise and avoid leaking too many article details. The answer must never be
obtainable from the stem alone. For example, "Who is the Fed Chair speaking in the
image?" is unacceptable because "Fed Chair” gives away the answer; it should be changed
to "Who is the person speaking in the image?" Therefore, entities referenced in the
stem should be described as “the one in the image” rather than with detailed factual qualifiers.

Each question may contain only one interrogative sentence.

The ground-truth answer must be a definite fact from the article body, not an uncertain outcome
(e.g., speculation, prediction).

Key Quality Constraints:

1.

10.

11.

Do not ask “Who is he/she?” questions about extremely famous public figures (e.g., Donald
Trump).

The answer must be specific and uniquely identifiable (e.g., "Nike factory in Vietnam”,
not the generic "factory”).

. Do not generate questions for images that lack temporal context (e.g., food close-ups, generic

product photos).

Counting questions are strictly prohibited (e.g., "How many people/objects are in the
image. . . ").

. Avoid book-cover-type questions and overly generic answers such as "dust jacket”.

. Do not ask questions whose answers can be directly read from visible text or logos in the

image. (You may infer whether this applies from the image description.)

. Location answers must be a specific place, not generic types like "shopping mall/clothing

store”.

. Event answers must be a specifically named event, not a generic event type like

"protest/fashion show".
Do not ask questions about visible chart/graph data in the image.

Person answers must be a specific full name, not an occupational label like "police
officer/doctor”.

Time answers must be a specific absolute point in time, not a vague range like "morning /
2020 / yesterday".

Additional Key Constraints:

12.

13.

The stem should be concise and should not reveal too much information from the article.

The stem should not include specific names, dates, or unique details from the article.
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14. The stem must stand on its own when only the image is shown (the benchmark displays only
the image and the stem).

15. Focus on the image caption, while ensuring the answer exists in the article body.
16. Avoid leaking the answer in the stem or providing too much context.

17. Very important: your question must be “significantly different” from other questions already
generated for other images under the same topic.

18. Do not repeat questions about people, objects, or places that have already been asked.

19. You may not generate questions that can be answered solely from the image description
without requiring social/factual knowledge, and you may not ask only about visible attributes
(clothing color, number of people, etc.).

20. Avoid ambiguous or subjective questions.
Error Pattern Examples (avoid):

e "Based on the provided image, who is the person speaking at the podium?"” —
"President Donald Trump” (too obvious)

e "Based on the provided image, what type of footwear is shown?"” — "designer
sneakers” (too broad)

e "Based on the provided image, what dish is being prepared?” — "pizza” (food
close-up, lacks context)

* "Based on the provided image, how many protesters are visible?"” — "24"
(counting question)

e "Based on the provided image, what is shown on the book’s cover?” — "dust
jacket"” (generic answer)

e "Based on the provided image, which company’s logo is shown?” — "Google"
(visible text/logo)

e "Based on the provided image, what type of factory is depicted?” — "garment
factory” (generic location)

e "Based on the provided image, what event is taking place?” — "a protest”
(generic event)

e "Based on the provided image, what does the chart show?" — "stock price
increase” (chart data)

e "Based on the provided image, who is the person in uniform?” — "police
officer” (generic label)

Return strictly in the following JSON format:

{
"question"”: "Based on this image, [provide your concise and clear
< question]?”,
"question_type"”: "[Category: location/person/organization/time/object/event

— — must be exactly one of thesel”,
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"Ground_Truth_List": ["[Ground-truth answer]"”, "[Equivalent phrasing 1]",
"[Equivalent phrasing 2]"]
}

Formatting Notes:

1. Ground_Truth_List must include multiple acceptable answer phrasings (up to 10). The
answer must be highly specific. For example, for a “Who is this person?” question, the
answer must be the person’s name, not their title (e.g., "Russia’s foreign minister”) or
a description like "the person wearing red."” For a “What event occurred?” question,
the answer should include as much information as possible such as subject, time, and place
(inferred from the news content and the image), rather than generic descriptions like "a
protest” or "postponing an election.”

2. If you cannot generate an appropriate question, return: {"error”: "Unable to generate
an appropriate question”}.

3. Ensure that all content is in English except the question_type field.

Respond strictly in the JSON format described above.

You are a language consistency checker for multilingual QAs. All text in these fields SHOULD
BE MAINLY in {language}, with at least ~80% of the words in {language}.

* Minor inclusions such as digits, punctuation, symbols, and a few foreign terms or abbreviations
(e.g., Al, GDP) are tolerated.

* Option prefixes "A.", "B.", "C.", "D.", "E." should be ignored.
* If more than ~20% of the text is clearly in another language — DISCARD.
Fields to check:
¢ Question: {questions_text}
* Options: {options_text}
¢ Ground_Truth_List: {answers_str}
RULES (RELAXED CONSTRAINTS):
1. Text must be mostly {1language}, but small amounts of foreign words are allowed.
2. Ignore common proper nouns and domain-specific abbreviations.
3. If a field is empty or missing — DISCARD.
4. If highly uncertain — still accept (bias toward YES).

OUTPUT: Only output YES or NO to indicate whether the text is mainly in {1anguage}. DO
NOT explain anything.
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You are a specialized Al assistant responsible for evaluating and filtering news-related visual
questions. Your expertise lies in identifying high-quality questions that require temporal and socio-
cultural background knowledge. Carefully review each news article and its associated questions to
determine whether they meet our strict quality standards.

YOUR TASK: For each question related to a news topic, evaluate it based on the strict quality
standards below and identify which questions should be discarded. Note: Each question’s corre-
sponding image is provided in the form of a CAPTION. You must pretend you have the image
itself, and all visual information you can get from the image is fully contained in the CAPTION’s
description.

EVALUATION CRITERIA — If a question meets any of the following conditions, it MUST
BE DISCARDED:

1. TEMPORAL CONTEXT: Prefer questions that reflect a modern or time-sensitive context.

* For example, in food-related news, if the image is just a close-up of an object with no temporal
context, such questions should be discarded.

2. VISUAL CLUE (non-OCR only): The answer needs visual information in the image (i.e.,
information from the CAPTION).

* If the question can be answered without looking at the CAPTION, discard it.

* If the question can be answered solely by reading visible text/signs described in the image
(e.g., the CAPTION says there is a sign or subtitle showing some text in the image, and the
answer can be obtained directly from the text), discard it.

e However:

— Do not discard a question just because the CAPTION itself doesn’t contain much
information.

— If the question requires combining the CAPTION with external news/context, this still
counts as using visual understanding of the image described in the CAPTION, so the
question is valid and should be kept.

* Bad Question Examples:

— A stadium name is visible on a sign; the question asks for the name of the stadium.
— A logo on a product shows the brand/company name; the question asks for the brand.
— A name tag / caption shows a person’s name; the question asks for that person’s name.

* Good Question Example:

— The CAPTION shows two politicians shaking hands, and the question asks which event
this represents. (Even if the answer requires temporal/news background, understanding
the scene visually is still necessary.)

3. AMBIGUOUS ANSWERS:
¢ If the Ground_Truth answer is too vague or ambiguous to be reliably determined, discard.
* Discard examples: "Designer sneakers”, "high-end sneakers” (vague categories).

* Good examples: "Nike Air Force 1" or "Louis Vuitton Trainers" (specific and
identifiable).

33



4. SIMPLE COUNTING:

* Discard questions that only require counting visible objects (e.g., "How many X are in the
picture?” expecting just a number).

5. BOOK COVERS:

* If the CAPTION describes the image as a book cover and the answer is just "book cover”,
"memoir cover”, "dust jacket", etc., discard the question.

6. VISIBLE TEXT / LOGO ANSWERS (HARD REJECTION — APPLY FIRST):

* If the correct answer string (or a clear abbreviation/variant) appears as visible text or a readable
logo in the image described by the CAPTION, discard.

* This includes stadium/venue names on signs, city/country names on banners, organization
names on podiums/backdrops, product/brand logos, lower-third name captions, etc.

* If the answer can be obtained simply by reading visible text/numbers described in the CAP-
TION (e.g., a year, label, subtitle, score, identifier), discard.

* Note: This does not mean that every question should be discarded whenever there is any
text/logo in the CAPTION. If the text/logo does not reveal the answer or is just part of the
context, that is not a reason to discard.

» Keep example:
— "Which person is standing under the banner that says 2020?" — Keep.

* Discard examples:

— The sign reads "AMERICAN FAMILY FIELD", and the question asks "What is the name
of the stadium?"” — Discard.

— The jersey clearly says "LAKERS”, and the question asks "Which team is this?" —
Discard.

— The image shows the number "2020", and the question asks "Which year is shown?”
— Discard.

7. GENERIC LOCATION / ESTABLISHMENT TYPES:

* Discard if the answer is just a generic type of place (e.g., "textile factory”, "clothing

non

factory”, "shopping mall”, "clothing store") without identifying a specific location.

* Good examples: "Nike factory in Vietnam” or "Galeries Lafayette department
store” (specific identifiable locations).

8. GENERIC EVENT DESCRIPTIONS:

* Discard if the answer is just a generic event type (e.g., "stunt show”, "protest”, "fashion
show") without identifying a specific event.

* Good examples: "Paris Fashion Week 2023" or "Black Lives Matter protest in
Portland” (specific identifiable events).

9. CHART DATA:
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* Discard if the CAPTION describes the image as a scientific chart/graph and the question
merely asks about data that is clearly displayed in the chart.

10. INCOMPLETE CONTENT:

* Discard if the topic has no question or no CAPTION.

11. GENERIC PERSON DESCRIPTIONS:

* Discard if the answer about a person is overly generic (e.g., "police officer”,
"protester”, "doctor") and does not identify a specific individual.

* Good examples: "Emmanuel Macron” or "Taylor Swift" (specific identifiable people).
12-17. Additional strict checks:
12. If the question contains multiple sub-questions, discard it.

13. If the content of the correct option is different from every item in the ground_truth_list,
discard it.

14. Discard it if the answer is not uniquely determined. For example, answers like "Friday” or
"September 28" should be discarded (because multiple dates across different years could
match).

15. Discard it if the question stem includes "in the text/description” or if it mentions an
"image description”.

16. Discard it if the answer can be obtained solely from the question stem (e.g., "Who is the
Fed Chair speaking in the image?").

17. Discard it if the answer does not address the question. For example, if the question asks "What
event happened?” but the answer is not an event, discard it.

INSTRUCTIONS:

1. Analyze the given news article, its associated image (via CAPTION), and each related
question.

2. For each question, decide whether it violates any of the criteria above.

3. Return a JSON-formatted response specifying:
* Which questions should be discarded and why;
* Which questions can be kept.

4. Apply the criteria very strictly — when in doubt, choose to discard.

Please evaluate this news topic and its associated questions:
TOPIC ID: {topic_item.get(’id’, ’Unknown’)?}
IMAGE CAPTIONS ({len(img_paths)} total):

IMAGE {i}: {img_path} CAPTION: {caption}
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(This prompt has multilingual versions, only the English version is shown here.)

You are an Al assistant skilled at generating high-quality, deliberately adversarial Level-2 multi-hop
question answering items. Your task: based on a given “news article + image description + Level-1
QA generate 3—5 Level-2 questions to stress-test a multimodal large language model’s (MLLM’s)
visual social knowledge and reasoning.

Image and input setup (must follow)

* The image is provided only as image-caption text. You must assume a real image exists and
that its content matches the caption exactly; any mention of “the image/photo/in the picture”
in the question refers to this real image.

Test setup (must follow)
1. In the final test, the model can only see: the image + the question stem.

2. The model cannot see: the article title/body, the image-caption text, the Level-1 QA, or the
answer.

3. Therefore, the question stem must not contain or imply words like "in the
text/body/article/description/ below/above”, and must not mention "image
caption”.

4. Do not rely on reading any text/slogans/logos/on-screen text in the image to answer (even if
the image might contain text, it cannot be used as a key clue).

5. The question stem and Ground_Truth_List must not contain factual or geographic
common-sense errors; if they conflict with the article body, the question is invalid.

How to reference the image (required; must be neutral)
* The question stem must include the phrase “In the image”.

* The “In the image, ...” clause must be neutral and contain no proper nouns (no person/-
place/organization/event names, no specific dates, etc.). Only abstract references are allowed,

e.g.
“In the image, the main subject / another person / the scene / the background
building / the location / the ongoing occasion . . .”

* Proper nouns may appear outside the “In the image, ...” clause, but you must still satisfy “no
leakage” (see below) and must not let the answer be deducible from the stem alone.

* Do not describe specific visual details (e.g., tents, national flags, colors, clothing details,
architectural style, number of people, prominent text, etc.).

* No subjective/speculative wording is allowed, such as
“seems/might/probably/obviously/ suggests/implies/solemn/crisis”, etc.

Inputs
e Article URL: {url}

e Article title: {title}
* Article body: {text[:5000]1}

* Image caption: {caption}
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Level-1 question: {levell_question}
Level-1 question type: {levell_type}
Level-1 answer: {level1_answer_text} {excluded_types_text}

Output language: {language}

Task: Generate 3—-5 Level-2 questions (deliberately adversarial)

Each question must satisfy all of the following:

1.

10.

11.

Reliance on the Level-1 answer: Solving must require the Level-1 answer, but the question
stem must not mention or imply the Level-1 question, the Level-1 answer, or any equivalent
expression, and must not contain any wording related to "Level-1".

. Multi-hop reasoning: At least 2-3 steps of reasoning are required (e.g., use the image to pin

down the object/context — combine with the Level-1 answer — locate the unique fact in the
article body).

. The image is a necessary input: External common knowledge may be used, but the question

must not be uniquely answerable from the stem text alone; the image must play a key role in
disambiguating/locking onto the target entity.

Closed-loop and definite answer: The gold answer must be a definite, objective fact stated
in the article body (not speculation/prediction/opinion).

. The answer must be short: The answer should be a phrase or a few words (not a complete

sentence).

. No leakage in the stem: Do not include unique details from the article body in the stem, such

as specific names, specific dates, or exact percentages/vote counts; avoid making the answer
inferable from the stem alone.

. Concise stem: Aim for < 35 Chinese characters / < 25 English words; do not pad background

with "given/based on/in the context of/taking into account. . . ";lists of same-
type entities must not exceed 2.

Single question: Only one question sentence is allowed; it must be an interrogative (must
include a question mark or a clear interrogative structure) and must not be an instruction (e.g.,
"Answer. . . ").

Time expressions: Do not use relative time (e.g., "past 24
hours/recently/yesterday/this week”); if it is a time-type question, the stem
must state the required precision (e.g., "to the year/month/day/minute”).

Not answerable from image description alone: The question must not degrade into pure
visual recognition/pure image description; do not ask about text/logos that can be directly
read from the image; do not ask about data visibly shown in charts/graphs.

Do not mention “reason”: The stem must not contain "reason” or related phrasing, because
questions about reasons carry subjective elements.
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Difficulty-raising strategies (deliberately increase difficulty)

For each question, you may use the following strategies to raise difficulty, without using tongue-
twisters or flashy phrasing:

1. Fine-grained exclusion / disambiguation: among similar candidates, use the image anchor
plus article facts to eliminate wrong options and lock a unique answer.

2. Time / causality / ordering: build multi-hop reasoning using temporal order, causality, or
process relations (while keeping the stem concise).

3. Implicit clue linkage: provide only a neutral anchor in the stem, forcing the solver to link
“the object/occasion in the image” with the Level-1 answer to a specific fact in the article.

4. Precise distinction among near-synonyms: distinguish very similar organization/event/place
concepts precisely; the answer must be unique and verifiable.

Language requirement: the stem must be natural and direct; difficulty should come from the
reasoning structure and disambiguation, not from complex syntax, stacked context, or language
tricks.

Key quality constraints

* Do not ask “Who is he/she?” about extremely famous public figures (e.g., globally well-known
political leaders); avoid overly obvious identity-recognition items.

* Avoid questions tied to images lacking time/event context (e.g., food close-ups, generic
product photos).

* Location/event/person answers must be specific and uniquely identifiable:

— Location cannot be a generic type like "a shopping mall/clothing store”; it must
be a specific place-name level.

n

— Event must be a specifically named event, not a generic description like "a

protest/fashion show."”

— Person must be a specific full name, not an occupation label like "a police
officer/doctor.”

n

* Avoid vague or subjective questions; avoid hypothetical premises like "If . . . then . . .

» Generated questions should differ substantially from other questions under the same theme;
do not repeatedly ask about entities already asked (person/place/organization/object).

question_type constraints (strict)
* Each question must provide question_type, and it can only be one of:

n.-n n.-n

["location”,"person”, "organization”,"time", "event"”, "count”]
* Across the 3-5 questions, all question_type values must be pairwise distinct (no repeats).

Answer format requirements by type (strict)

* location: a uniquely identifiable absolute place name (no "nearby/northern/within");
the stem must declare the precision level (e.g., "to the exact city”).

* person: full name (given name + surname), uniquely mapped; do not replace the name with
a title/occupation.

* organization: official full name or commonly used abbreviation; if it appears for the first
time, provide the full name (optionally with abbreviation).
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* time: must be an absolute, uniquely determined time expression, consistent with the
precision declared in the stem; no relative time.

— If neither the article body nor the image caption provides any “uniquely determined”
absolute time information, do not generate time questions (sports may be an exception
allowing “the Xth minute”).

— For time-type questions that ask about a specific point in time, the standard answer must
include a coarse-grained time component to ensure the answer is uniquely determined
(e.g., "YYYY year M month D day . . ."). If the coarse-grained time information
cannot be obtained from the article body, then this time question should not be created.

e event: must be a unique, specifically named event (write the full event name).

* count: an exact Arabic numeral (no ranges/words). Count must not be direct counting of
salient objects/people in the image.

Ground truth rules

1. First determine the single correct answer (a definite fact from the article body), then provide
Ground_Truth_List (< 10 items).

2. Every item in Ground_Truth_List must match the answer type (all persons are names, all
locations are same-level place names, times share the same precision, etc.).

3. The answer must be specific (avoid generic references like "CEO/official
residence/building/researcher /microphone”).

Self-check (for verification only; must not appear in the final JSON)

After generating each question, write a step-by-step reasoning chain to self-check:

* If the image is hidden and only the stem is given: can it still be uniquely answered? If yes —
invalid, must rewrite.

* Does the “In the image, ...” clause contain any proper noun? If yes — invalid.

* Does it include any banned words (in the text/body/description/implies/seems/might/past 24
hours, etc.)? If yes — invalid.

* Does it rely on image text/logo/chart-visible data? If yes — invalid.

* Does it include hypothetical premises ("if/suppose/if . . . then . . . ") or subjective
judgment? If yes — invalid.

* Does question_type repeat another question’s type? If yes — invalid.

 If it is a time question: do the article body / image caption provide “uniquely determined”
absolute time info, and does the answer granularity match the stem? If no — invalid.

Final output (the only allowed format; do not add any other explanation)

{
"level2_qas”: [
{
"question”: "...?",
"question_type": "location|person|organization|time|event|count”,
"Ground_Truth_List": ["Correct answer”, "Equivalent 1", "Equivalent 2"],
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"reasoning”: "[Detailed reasoning process: Start with “The correct
answer is [correct answer text]. The source is [article title]
[article URL]”. You need to explain that the answer must first be
found by locating this source through the image, then obtaining the
news/video transcript from that source, and finally explaining step
by step how the transcript and the image lead to the correct
answer.]"

A

3
Generate 3-5 questions; if you cannot generate any qualified questions, output:
{ "level2_qgas": [] }

Language requirement: question and Ground_Truth_List must be written in {language}.

You are a STRICT language consistency checker for multilingual QAs. Your ONLY TASK is to
verify that the following fields are written in pure {language}:

e "Question”: {question}

e "Options”: {options_content}

e "Ground_Truth_List": {answers_str}
RULES (HARD CONSTRAINTS):

1. All text in these fields MUST be in pure {language}.

* Ignore the option prefixes "A.", "B.", "C.", "D.", "E." (they are neutral labels).
* If even ONE word is in another language — DISCARD.

2. Partial compliance, code-switching, transliteration, or mixing with English or other languages
= STRICT VIOLATION.

3. Globally recognized proper nouns (e.g., "UN", "NASA", "COVID-19", "Paris”, "Macron")
ARE ALLOWED and do not count as violations.

4. If any field is empty or missing — DISCARD.
5. When uncertain — DISCARD (default to stricter filtering).

OUTPUT: You only need to output YES or NO to indicate whether the text in the fields is written
in pure {1language}. DO NOT explain anything.

Please answer the following multiple-choice question based on the provided image and text context.
Text: {text}

Question: {question}

Image Description: {caption}

Options: {options_text}
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Please provide only the letter of your answer (A, B, C, D, or E). Do not provide any explanation.

You are given a single-answer multiple-choice QA:

"question”: "{question}",
"Ground_Truth_List"”: {gt_list_json},
"Options”: {options_text}

Your task:

1. Check if the question text or the Ground_Truth itself contains factual errors (e.g., “Hunan
Luoyang” is invalid because Luoyang is not in Hunan Province).

* Ignore factual correctness of non-correct options: they can be wrong, misleading, or
even fictional.

2. Check if the Ground_Truth is specific enough to uniquely identify the correct option.
3. Ensure the Ground_Truth exactly matches one and only one option semantically.
Additional strict checks:

4. QA-centered uniqueness: The QA must have a single, uniquely correct answer.

* The Ground_Truth_List may contain multiple variants of the same core answer (up to
10).

* Variants are acceptable if they all effectively answer the question and unambiguously
converge on the same core entity/event/time.

* Variants may include synonyms, abbreviations, expanded or elaborated forms, sub-units
of the same organization, or commonly used aliases (e.g., “RSF” and “Hemedti’s forces”).

* If the Ground_Truth_List contains entries pointing to genuinely different answers
(different entities, different reasons, or different times), it is invalid.

* For person-type questions, all entries must be the person’s proper name. Titles, roles,
or vague references (e.g., “the singer,” “the person in red,” “Foreign Minister of Russia™)
are not acceptable.

* Special case for dates: If the calendar system is not explicitly specified, treat different
formats (e.g., “August 157) as equivalent. Only when the calendar system is explicitly
stated (Gregorian, Lunar, Islamic, etc.) should they be treated as different.

5. Person-name rule: For person-type questions, the Ground_Truth_List must include the
person’s proper name.

* Acceptable: Variants that contain the proper name plus additional titles/roles (e.g.,
“President Emmanuel Macron”, “Ministro do STF Alexandre de Moraes”).

* Invalid: Entries that only include titles/roles without the name (e.g., “Foreign Minister”,
“a police officer”, “the coach”).

CEINT3

* Invalid: Vague references (e.g., “the singer”, “the person in red”).

6. Event specificity: For event questions, reject vague/generic Ground_Truth (e.g., “a protest”,
“a ceremony”) if it cannot uniquely match one option. Require named/specific events.

7. Time absoluteness: For time questions, the Ground_Truth must be an absolute time expres-
sion, with the minimum granularity determined by the question wording:
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* If the question explicitly asks for “which year” — year alone is acceptable (e.g., “2024”).

* If the question does not limit to “year” only — the Ground_Truth must include at least
year+month (e.g., “2024-08”) or month+day (e.g., “August 157) if the year is clearly
implied.

* If the question explicitly asks for “which day/date” — Ground_Truth must include a
full date, preferably year+month+day (e.g., “2024-08-15""); but month+day alone is
acceptable if the year is obvious from context.

Exception: in sports/match contexts, relative time markers (e.g., “minute 317, “stoppage
time first half”) are valid.

7.a Strict ban on relative phases (non-sports): Reject Ground_Truth (and matching
option) if it uses only relative/phase expressions without an absolute date or date+time,

LR INT3

e.g., “evening”, “night”, “later that night”, “this morning/afternoon”, “before/after the
storm”, “at the peak intensity”, “as the waters receded”, “when a second round was
forecasted”. These are invalid unless accompanied by an absolute timestamp (e.g.,
“2024-06 evening” is still invalid; use “2024-06-12 20:00”).

* 7.b Valid examples: Year only: “2024”; Year+Month: “2024-06"; Month+Day (year
implied): “August 15”; Year+Month+Day: “2024-06-12".

* Invalid examples (non-sports): “evening hours”, “later that night”, “during the peak”,
“after receding”, “before landfall”.

8. Option set sanity: There must be exactly one option semantically matching the Ground_Truth.

» Non-correct options do not need to be factually plausible; they may be wrong or invented.
* Validity only depends on whether Ground_Truth uniquely matches one option.

9. Question style rule:

* The question must be phrased as a standalone natural QA, not as a meta-question about
options.
* Strictly forbid meta-phrases such as:

LR N3

— English: “which of the following”, “choose from the options below”, “select all that
apply”
* The question must stand alone naturally without referencing options.
* You are creating a QA-style question; the multiple-choice options are added afterward
only as distractors and the correct answer.

10. Social-knowledge specificity filter: The question must involve concrete social knowledge
rather than simple visual recognition.

* Person-type: Must identify a specific individual by proper name. Variants may include
name + title (e.g., “President Emmanuel Macron”) but do not accept entries that are only
a title/role or vague descriptions (e.g., “a police officer”, “the singer”, “the person in
red”).

* Event-type: Must be a named, specific event (e.g., “2025 Bilibili Top 100 UP Awards”),
not a generic type (“a ceremony”, “a protest”, “a press conference”).

* Location-type: Must be a specific, identifiable place (venue/city/institution with a
proper name), not generic types (“a mall”, “a park”, “a factory”).

* Organization-type: Must be a named organization/unit (e.g., “Kowloon City Police

EE T3

District”), not generic groups (“the police”, “the committee”).

* Object-type: Prefer specific models/brands when the benchmark context requires
it (e.g., “Neumann U87 studio microphone”), not broad categories (“‘a microphone”),
unless the article/image only supports that level.
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* Any QA whose Ground_Truth refers only to generic groups/crowds/roles, vague activi-
ties, or broad categories must be discarded as lacking social knowledge specificity.

Decision procedure:
A. Normalize Ground_Truth entries (handle synonyms, surface variations).
B. Check if they converge to one unique core answer.
C. Verify exactly one option matches that answer.
D

. Enforce social-knowledge specificity (Rule 10): reject QAs whose Ground_Truth is generic
(group/role/type) and does not pinpoint a concrete person/event/location/organization/object
as required by the question type.

Output format (JSON only):
{

"valid": true/false,

"reason”: "Explain clearly why this QA pair is valid or invalid. If invalid,
specify which rule(s) failed, e.g., factual error, non-unique answer, vague
event, role-not-name, non-absolute time.",

"question”: " ",
"Ground_Truth_List": "...",
”Optionsll: n n

}

Task Objective

You need to write a crawler for a specified website to scrape news content and related images. The
specific URL will be provided later. You need to debug and verify the results after the crawling is
completed.

Remember: Add only one website’s crawler at a time, and stop working after completion.

Development Process

1. Get the homepage source code of the target website:

* You can obtain the homepage source code of the target website through online search
or using tools/fetch_html.py. If access is not possible, please output relevant error
information and stop all subsequent programs.

2. Analyze homepage structure and generate configuration:

 Refer to the existing format in config. py.
o Extract the website’s section information from HTML as the SECTION field.

3. Update config.py and config_sections.py:

* First, thoroughly read config.py and config_sections.py to understand where configu-
rations are stored.

* Imitate other website configurations, add a new SECTION configuration for this website in
the SECTION configuration part of config_sections.py.
¢ At the bottom of config.py, set ENABLE_XXX = False (don’t comment this out) and

ENABLE_XXX = True (comment this out by default) respectively (replace XXX with the
website’s abbreviation).
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e Comment out other websites’ ENABLE_xxx = True at the bottom of config.py, and
uncomment the ENABLE_XXX = True configuration for the currently configured website.

4. Analyze news link structure:

e Read the HTML source code of any news article through online search or
tools/fetch_html.py.

* Analyze the image storage format and time information storage format.

* Read utils_xxx to determine whether existing tools can correctly extract the website’s
images and publication time information.

* If not extractable correctly, make corresponding changes to utils_xxx.

5. Write crawler script:

* Create a new file in the collectors/xxx directory, where xxx is the language of the
website.

* Implement scrape_xxx_news and other functions, ensuring consistency with existing
crawler styles.

* Follow the function implementation of folha_collector.py, simplifying code by calling
integrated functions in utils_generic_scraper.py.

* Do not refer to other crawlers in the same language.

* Requirements:
— Debug output and comments must only use English.
— Output format should be completely consistent with existing crawlers.
— Add necessary comments, ensuring consistency with current style.
— Avoid introducing any new utility functions.
— If there is no definitive information indicating pagination functionality exists, do not add

it.
6. Modify logging_manager.py, task_manager.py, file_manager:

e Search for “BBC” and completely imitate its related configuration for the new website
configuration.

* Adapt according to the new website to ensure logging and scheduling functions work
properly.

7. Image processing:

* If image scraping fails, handle the issue in the utils_xx module first.
* Avoid adding special image processing logic in the crawler script.

8. Check the above steps. Ensure the following files have been modified:

e config.py

e config_sections.py
* task_manager.py

* logging_manager.py
e file_manager.py

e xxx_collector.py

Testing Process
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. In config.py, make sure that at the bottom of the file, only the newly added website’s

ENABLE_XXX = True is active, and comment out other ENABLE = True configurations.

. You must always use the following command to run the program: python run.py

. Check terminal output to confirm whether titles, links, timestamps, and images were success-

fully scraped.

* Pay attention to whether timestamps are null, links are invalid, or images are missing.

. If problems occur:

* Add debug output, re-run and analyze the reasons for failure.
* You can choose a random news page and check why problems occur.
* After successful debugging, comment out or delete all unnecessary debug output added.

. If encountering 403 problems:

* First try adding request headers to avoid this issue.

« If it fails, revert all changes and report that the website has unresolvable anti-crawling
measures.

. Adjust utils_xx (if needed), then re-run.

. Verify hot_topics file:

* Check whether timestamps and other data in the file are correct.
* Randomly access several URLs to check if timestamps are extracted accurately.

. After successful testing:

¢ Add a done mark for the website in websites.md.

. Task completion indicator:

* Ensure news articles, images, and publication dates are all successfully scraped.
* Delete all debug output to ensure code is clean and tidy.

Note: When testing, add a runtime limit of 30-60 seconds, then terminate it and check terminal
output to avoid excessively long execution times.

Important Notes (Strict)

Please be sure to mark as “done” after confirming successful crawler implementation.
Must run all process instructions step by step.

Do not try to create terminal tasks/processes; run code directly in the terminal.

Limit maximum runtime (generally 30-60 seconds) for any run.

No new files allowed — only existing files can be modified.

No test scripts allowed — only use test1.py and test_utils_images.py when errors occur;
otherwise use run.py (with time limit).

All new code must include comments and follow existing comment styles.

Any code containing “BBC” must be copied and adapted for new sites.
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* Debug output and logs must use English.

L]

If needed, you can search online or use tools/fetch_html.py to understand structure or
anti-crawling measures.

* Maintain consistency and maintainability; avoid temporary/workaround solutions.
* Ensure commands can run automatically without manual intervention.
* Always use python run.py when testing.

» All websites are in websites.md; skip those marked “done”. Implement one website at a time;
add “done” afterward.

* When naming images, use the website’s full name as prefix to avoid abbreviation conflicts.
* If unsolvable, revert all changes and report the problems encountered.

» After completing all modifications, revert ENABLE settings for other websites in config. py
to original versions.

You are an Al assistant specialized in generating academic paper title distractors.

Given the real title of a research paper, create four alternative titles that sound plausible but are
clearly different from the original.

These should be believable as academic paper titles in a similar field, but n