
Seeking and Updating with Live Visual Knowledge

Mingyang Fu1,∗, Yuyang Peng1,∗, Dongping Chen1,2,‡, Zetong Zhou1, Benlin Liu2,
Yao Wan1,†, Zhou Zhao3, Philip S. Yu4, Ranjay Krishna2

1Huazhong University of Science and Technology 2University of Washington
3Zhejiang University 4University of Illinois Chicago

* Equal Contribution. † Corresponding Author. ‡ Project Leader (dongpingchen@umd.edu).

Title Author Data

Location Person Organization Time

Count *Reason

Detail

Event Object

Level: 2
Question: Which specific location was the 
main character in the image thanking the
seated group for their efforts following the 
event that led to this gathering?
Answer: Governor 2019’s Residence

Level: 1
Question: Based on the provided image, who
is the quarterback carrying the ball?
Answer: Shedeur Sanders

Level: 1
Question: Based on the provided image,
what organization is producing the film 
shown?

Answer: Amblin Entertainment

Level: 2
Question: At what exact time did the large-
scale attack that resulted in the destruction 
visible behind the soldier and the dog occur?
Answer: April 24, 2025

Level: 1
Question: Based on the provided image,
what event is taking place?
Answer: 2024 Turkish local election 

opposition victory celebrations

Level: 2
Question: What is exact number of kilowatt 
hours used during peak time by the household 
example associated with the country at the
bottom right corner of the image?
Answer: 400

Level: 2
Question: Why was the incident of 9th May, 
as indirectly symbolized by the weakened lion 
in the image, described as a matter of pride?
Answer: Demonstration of unity among 
Muslims

Level: 1
Question: Based on the provided image, 
what specific vehicle model shown is 
manufactured in Canada?

Answer: Chrysler Pacifica

Level: 1
Question: What is the name of the paper 
associated with this image?
Answer: GDI-Bench: A Benchmark for 
General Document Intelligence with Vision 

and Reasoning Decoupling

Level: 1
Question: Who is the first author of the study 
depicted in this image?

Answer: Jian Zhou

Level: 2
Question: In this paper, what is the exact factor by 
which the proposed end-to-end RAG framework
accelerates retrieval speed compared to cascaded
systems, as demonstrated in the multilingual
benchmark experiments that also report a tradeoff
in retrieval accuracy?

Answer: 4x

Level: 2
Question: In this paper, what is the exact year in 
which the experimental scenario involving a
Russian invasion of Estonia is set, considering the
controlled outcome of the Russia-Ukraine War and
the continuation of Vladimir Putin’s leadership as
described across the experimental design and
context sections?

Answer: 2035
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Figure 1: LIVEVQA: a new dataset for visual knowledge seeking and updating, comprising 12
different categories, 28,488 visual entity and 107,138 cross-modality multi-hop reasoning questions.
Each instance contains a representative image as visual knowledge from April, 2024 to May, 2025.

Abstract

The visual world around us constantly evolves, from real-time news and social
media trends to global infrastructure changes visible through satellite imagery and
augmented reality enhancements. However, Multimodal Large Language Models
(MLLMs), which automate many tasks, struggle to stay current, limited by the
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cutoff dates in their fixed training datasets. To quantify this stagnation, we introduce
LIVEVQA, the first-of-its-kind dataset featuring 107,143 samples and 12 categories
data specifically designed to support research in both seeking and updating with
live visual knowledge. Drawing from recent news articles, video platforms, and
academic publications in April 2024-May 2025, LIVEVQA enables evaluation of
how models handle latest visual information beyond their knowledge boundaries
and how current methods help to update them. Our comprehensive benchmarking of
17 state-of-the-art MLLMs reveals significant performance gaps on content beyond
knowledge cutoff, and tool-use or agentic visual seeking framework drastically gain
an average of 327% improvement. Furthermore, we explore parameter-efficient
fine-tuning (PEFT) methods to update MLLMs with new visual knowledge. We
dive deeply to the critical balance between adapter capacity and model capability
when updating MLLMs with new visual knowledge. All the experimental dataset
and source code are publicly available at: https://livevqa.github.io.

1 Introduction

The world around us is constantly changing. We hear about it from real-time news coverage on our
television sets; we identify new fashion trends by looking at new posts on social media; at a global
level, these trends are evident even from satelligte imagery of our ever evolving urban infrastructure;
emerging visual technologies like augmented reality interfaces consistently improve visual fidelity
and experiences [Decker et al., 2023, Li et al., 2024a]. People are adept at ingesting new knowledge
as they encounter them.

Naturally, as we automate aspects of our tasks, we would want our assistants to remain as up-to-date
as we are. Yet, the Multimodal Large Language Models (MLLMs) that power such assistants quickly
become stale [OpenAI, 2025, Citron, 2025, Anthropic, 2025]. Their knowledge remains limited to
their training data; they struggle with visual information that post-dates their training cutoff points.
For example, traditional visual question answering (VQA) datasets [Antol et al., 2015, Hudson
and Manning, 2019, Nguyen et al., 2025] typically rely on fixed knowledge boundaries, creating a
fundamental disconnect between model capabilities and the ever-evolving visual world. This gap
becomes increasingly apparent as models grow more sophisticated [Ishfaq et al., 2023], highlighting
the need for approaches that can continuously incorporate and reason about real-world up-to-date
visual knowledge.

To address these challenges, this paper introduces LIVEVQA, a large-scale VQA dataset specifically
designed to benchmark MLLMs in seeking and updating live visual knowledge. LIVEVQA distin-
guishes itself as a first-of-its-kind resource containing fresh visual content sourced from prominent
international news articles, YouTube videos, and recent academic papers [Shabtay et al., 2024, Li
et al., 2024b], spanning from April 2024 to early May 2025. Constructed through a multi-stage
LLM/MLLM-in-the-loop pipeline, LIVEVQA incorporates rigorous filtering criteria and human vali-
dation to ensure data quality. It is designed to challenge models with the recognition of novel visual
entities and the execution of cross-modal, multi-hop reasoning. Each instance in LIVEVQA consists
of a visually distinctive image representing a specific event, paired with two levels of questions:
Level 1 targets visual entity recognition, while Level 2 probes deeper visual knowledge reasoning.
Based on LIVEVQA, we investigate the following two research questions.

We first investigate how well do current MLLMs seek out visual knowledge. Comprehensive experi-
ments over 17 MLLMs (e.g., GPT-o3 and Gemini-2.5-Pro) reveal that all current MLLMs struggle
significantly to identify latest visual knowledge, and text-based online searching does not contribute
improve performance. Experimental results reveal that incorporating multimodal search tools [Jiang
et al., 2024] substantially improves performance, highlighting the importance of retrieval-augmented
approaches for handling dynamic visual information.

We further investigate whether we can update MLLMs with new visual knowledge via exploring
parameter-efficient knowledge updating approaches (e.g., LoRA and DoRA). Experiments shows that
visual information can be efficiently updated throuth fine-tuning within only one epoch. Although it
harms visual perceptions capability, fine-tuning with short-term visual factuality-oriented QA format
even enhance knowledge intensive capability, with a 4.2-point improvement.

To facilitate future study, all materials have been made publicly available online.
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Figure 2:Pipeline of our proposed data engine to buildL IVE VQA. It consists of two modules: raw
data collector and Q&A pairs generator. It collects illustrated visual data from multiple domains (i.e.,
news articles, YouTube videos, and arXiv papers), conducts multi-level data �ltering, and generates
basic and detailed Q&A pairs. We advice azoom-in for more details.

2 L IVE VQA: The dataset

We presentL IVEVQA, a �rst-of-its-kind automatically collected VQA dataset containing 28,488
unique images and 107,143 questions, for testing the MLLMs' capabilities of visual knowledge
seeking and updating. Following our primary principle of using fresh, non-contaminated visual data
(content absent from model training sets), we develop a specialized data engine to collect content
exclusively from after the model's knowledge cutoff. The dataset features recent visual content
spanning April 2024 to early May 2025, sourced from prominent international news articles, YouTube
videos, and academic papers. Our collection process implements a multi-stage LLM/MLLM-in-the-
loop pipeline with strict �ltering criteria, as illustrated in Figure 2.Notice that all LLM/MLLM-
assisted processes utilize GPT-4.1 [OpenAI, 2025] and undergo human validation with a greater
than 97% pass rate, as detailed in Section C.4.

L IVEVQA is structured as:(1) A visually distinctive image depicting a speci�c event.(2) Level 1
questions focusing on basic visual entity recognition (e.g., locations, persons, time, events).(3)
Level 2 questions requiring more detailed information about the image, necessitating multi-hop
cross-modality inferential reasoning.(4) Both question are available in open-ended and multiple-
choice formats, accompanied by high-quality synthetic reasoning trajectories that uncover detailed
information behind the image. See Figure 24 for a concrete example.

2.1 Raw data collection

News articles. News articles re�ect the ever-evolving real-world visual knowledge, providing
high-quality authentic data resource. Therefore, we collect news corpus aggregated from leading
international news organizations, such as CNN, BBC, Forbes, Variety, and Associated Press News for
their authentic. Speci�cally, the metadata collection pipeline is detailed as follows:

. URL and headline �ltering. We collect URLs that point to speci�c reports from news index
pages. For each URL, we extract the title, image, text, release timestamp, and source. To ensure
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Figure 3: The �ltering process forL IVEVQA shows how images and synthesized questions are
removed throughout the data pipeline for news articles, YouTube videos, and arXiv papers.

data purity and relevance, we implement a strict URL screening mechanism, and URLs that do not
meet the unique form of articles on each news website are excluded.

. Image selection.Too small images (e.g., website icons) are invalid and must be discarded. For the
remaining images, they are sorted in descending order according to pixel area and a maximum of
four images that are most relevant to the news content are retained, and images with an area less
than 50% of the largest image are further removed.

. Image-event relevance enhancement.Observing that some images (e.g., a close-up of a pen) do
not adequately represent events, we use GPT-4.1 to identify and exclude images that are weakly
correlated with the news event, improving the semantic coherence of the data set and the purity of
information. Finally, we calculate the SimHash value of the news title and text content for semantic
similarity comparison, and those with a similarity score > 0.85 need to be discarded. After �ltering
out invalid images and topics, 27.6% samples are discarded.

Videos. With the rising popularity of video platform such as YouTube and TikTok, videos have
become increasingly dominant channels for human to access real-world visual knowledge. They excel
at capturing up-to-date visual knowledge and inherently convey dynamic, multimodal information
about latest events. We choose YouTube as the source for our video knowledge base for their diversity,
easy-to-crawl andCC-by-4.0 license. The data collection pipeline is detailed as follows:

. YouTube data preprocessing.We restrict the target videos to English-language content (to ensure
linguistic uniformity), a maximum duration of 10 minutes (to control information volume), and
the presence of English subtitles. We collect videos themselves, of�cial or auto-generated subtitle,
video titles, descriptions, and other information (such as publication dates,etc.).

. Subtitle-based video split.Given that a video may contain multiple independent news events, we
need to split them into small video clip. Video subtitles stand out to be high-quality and authentic
context. We use an LLM to re�ne the transcribed subtitle �les by removing oral expressions and
irregular breaks before using the cleaned content as the basis for video segmentation. To ensure
segmentation quality, we conduct manual evaluation, achieving a passing rate of 98%.

. Initial keyframe identi�cation and preprocessing. To handle video content ef�ciently, we
implemented a three-step process to extract unique, high-quality frames. First, we used UVD1

to identify key candidate frames from videos, eliminating redundancy. Second, we applied a
Perceptual Hash algorithm to remove duplicates while preserving only the clearest version of
each image. Third, we employed the DocLayout-YOLO2 model to crop images, removing textual
elements and irrelevant information (example in Figure 9). As a �nal �lter, we removed near-
duplicate images by excluding those with a perceptual hash Hamming distance below 25.

. LLM-driven keyframes selection. After two rounds of deduplication, a video clip still contains
5-20 keyframes (shown in Figure 4), which is too duplicate to represent an event. Therefore,
we leverage an MLLM to identify top-K images by their relevance to the topic and re�ned
subtitles, visual informativeness, and representativeness of the remaining keyframes. Finally,
visual information within each video segment is highly condensed and thematically relevant.

Academic papers.Academic papers, as a form of disseminating cutting-edge knowledge, serve as
a stable source for transmitting the latest visual knowledge [Shabtay et al., 2024, Li et al., 2024b].

1https://github.com/zcczhang/UVD
2https://github.com/opendatalab/DocLayout-YOLO
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