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Abstract. We present the VideoEase interactive video retrieval system,
which we used to participate in VBS2025. This is the first time that
VideoEase has taken part in the VBS challenge. VideoEase is built on
the Milvus vector database, which supports vector searches on massive
datasets with high-dimensional vectors. The CLIP, BLIP2, and Open-
CLIP models play a crucial role in encoding keyframe images and queries
into embeddings. A new user interface with simple yet effective compo-
nents is also introduced. We experiment with VBS24 queries to evaluate
the performance of the VideoEase system. Our results show that answer
rank is improved by merging outputs from several models with appro-
priate weights.

Keywords: Video Retrieval · Interactive Retrieval System · Multi-modal
Embedding.

1 Introduction

With the increasing popularity of video and short-video platforms such as YouTube,
TikTok, and Instagram, the number of videos on the internet is growing exponen-
tially, with thousands to millions of new uploads daily. The quality of videos, in
terms of resolution and frame rate, is also seeing significant improvements. The
rapid growth in video archives poses a major challenge for the efficient organiza-
tion, browsing, and retrieving of this content. Developers of state-of-the-art sys-
tems to address these challenges are invited to participate in the Video Browser
Showdown (VBS) [10, 5]. Tis has provided an annual competition focused on
video browsing and retrieval since 2012. VBS provides an evaluation platform
for researchers worldwide to develop and test video retrieval solutions. VBS2025
is being organized in conjunction with the MMM conference in Nara, Japan.
VBS2025 marks a significant upgrade to larger datasets from last year. Specifi-
cally, the third shard of the V3C (V3C3) dataset has been added, expanding the
V3C dataset [2, 16] to 28,450 videos, totalling 3,800 hours of video content and
an estimated 4.7 TB of data. In addition, the Marine Video Kit (MVK) dataset
[20] has been expanded to MVK 2.0 with more videos. The LapGynLHE dataset
remains unchanged from last year’s competition, featuring 75 videos with a total
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of 104.75 hours of video content. With this increase in video content, VBS2025
is more challenging than ever, demanding significant optimization in organizing
and indexing video content for efficient and accurate retrieval.

VBS2025 consists of two sessions and three task types. In the expert ses-
sion, system owners perform the search tasks, while in the novice session, volun-
teers from the conference audience participate. The three tasks are Known-Item
Search (KIS), Ad-hoc Video Search (AVS), and Question Answering (QA). The
KIS task requires participants to locate the correct video segments as quickly as
possible. Queries for the KIS task can be either video clips or textual descrip-
tions. There is a penalty for incorrect submissions, and the first team to submit
the correct answer receives the highest score. In the AVS task, participants are
provided with a textual query and must locate as many relevant video segments
as possible. Unlike the KIS task, the AVS task does not focus on a single correct
segment but allows multiple relevant clips to match the query (e.g., clips showing
a man using a mobile phone). The QA task, which was introduced in VBS2024,
involves finding correct textual answers to specific questions. This task is partic-
ularly challenging as it requires not only retrieving the correct video segments
but also extracting the correct answer from them.

Thirteen teams participated in the 2022 edition of the VBS competition.
VISIONE 5.0 [1] won the competition with its diverse search functionalities,
supporting searches using textual queries, images, objects, and colour drawings.
The PraK Tool [11] excelled in the visual KIS task during the expert session with
its advanced data service architecture. Vibro [17], which was also the winner of
VBS2022 and VBS2023, was the best performer in the textual KIS task in the
expert session, using EVACLIP-ViT-E for text-based searches and MixedSwim
for image-based searches after extensive experimentation. DiveXplore [18] won
the best QA task in the novice session in VBS2024. This system integrates
OpenCLIP trained on the LAION-2B dataset for both text and visual similarity
searches and features an optimized user interface for novice users. The Vitrivr
[3] and Vitrivr-VR [19] systems share the same Vitrivr stack, including the Cot-
tontail database, Cineast retrieval engine, and feature extraction components.
However, Vitrivr employs a minimalistic user interface, while Vitrivr-VR utilizes
a virtual reality user interface. With the rise of large language models (LLMs)
in various applications, several teams have incorporated LLMs into their video
retrieval systems. Ma et al. [12] utilized LLMs to expand and diversify the seman-
tics of queries. Meanwhile, the TalkSee [4] system leverages LLMs to generate
questions, update queries, and conduct re-ranking. The VERGE [14] system,
which participated in VBS2024, offers various search functions and filters, in-
cluding visual similarity, semantic similarity, free-text search, and filters by the
number of people, colours, and activities. Khan et al. [8] implemented user rel-
evance feedback and conversational search in their Exquisitor system. Waseda
Meisei SoftBank [6] participated in VBS for the first time in 2024, building on an
improved system from TRECVID 2023. The VideoCLIP 2 [13] and ViewInsight
[21] systems were designed with a user-friendly interface for novice users, en-
hancing usability with a triple-image representation for each segment, allowing
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Fig. 1. The overview of VideoEase system.

users to easily grasp the meaning of each segment. From the previous systems in
VBS2024, we observe the current approach is focusing on vision-language models
for searching, and several search functions such as free-text search, image search,
object and colour search, etc. We aim to leverage these approaches and enhance
the user interface in our system.

This is the first time that VideoEase has taken part in the VBS competi-
tion, so we bring an entirely new system with several distinctions from previous
participants. As a newcomer, we introduce a completely new video search en-
gine and user interface. We use the Milvus3 vector database to store metadata
and vector embeddings of keyframe images in the dataset. Milvus is an open-
source vector database designed specifically for similarity searches on massive
datasets of high-dimensional vectors, making it highly suitable for dense vector
retrieval in the VideoEase system. This database also provides high performance
in search latency and accuracy compared to FAISS, which is used by most exist-
ing systems. We employ BLIP2 [9], CLIP [15], and OpenCLIP [7] for extracting
image/text embeddings used in free-text and visual similarity searches. Finally,
we have designed a new, easy-to-use interface tailored for novice users.

2 VideoEase System Overview

In this section, we provide an overview of the VideoEase system, along with a de-
tailed explanation of its search functions. Figure 1 illustrates the system’s archi-

3 https://milvus.io/
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tecture. The system operates in two stages: indexing (offline) and browsing (on-
line). In the indexing stage, the videos are first split into keyframe images. These
images are also provided by the organizers, including 4,143,683 images from the
V3C dataset and 138,662 images from the LapGynLHE dataset. The keyframe
images are processed by three pre-trained models: CLIP-ViT-L/14@336px [15],
BLIP2-pretrain_vitL [9], and OpenCLIP-ViT-L-14 [7] (trained on the LAION2B
dataset). The models generate embeddings from the images, which, along with
metadata such as start and end times, objects, OCR (optical character recogni-
tion), and colours, are indexed in a Milvus collection.

In the browsing stage, users interact with the system’s interface to search
and browse keyframe images and videos. There are three search options avail-
able: free-text search, visual similarity search, and temporal search. Details about
these options are provided in the following sections. User queries are transformed
into embeddings using the same three pre-trained models. Milvus supports hy-
brid searches with multiple vectors and filtering in a single process, returning a
list of keyframe images and associated videos. The results are displayed to users
for further browsing and refinement of searches.

2.1 Free-text search with filters

In the free-text search function, users enter a query into the search box. The
query is a short text describing the content of a video clip. They can also ap-
ply filters, such as objects, colour, and free-text OCR from a drop-down list of
options. These filters are used in the vector search process in Milvus as meta-
data filters. The query is then embedded into three vectors using the pre-trained
models. A hybrid search request is sent to Milvus, which searches across all
three embedding vectors with the applied filters. A reranking module combines
the results from the three searches, producing a final ranked list. This module
uses a weighted system, where each vector from the models is assigned a specific
weight. The final results are displayed to users through the interface.

2.2 Visual similarity search

In the visual similarity search function, users can upload an image to search
for visually similar images. Additionally, when results from a free-text search
are displayed, users can select any of the images to initiate a visual similarity
search. The selected images are embedded into vectors using the same three pre-
trained models, and a hybrid search is performed, similar to the free-text search
process. This search type is particularly useful for the AVS task, where users aim
to find as many correct segments as possible for a given query. Users can locate
a relevant segment and use it as input to search for additional related segments.

2.3 Temporal search

If users need to search for two scenes within the search, they can utilize the
temporal search function. For example, a temporal query might be: “A girl and
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Fig. 2. The user interface of the VideoEase system.

a man run up a small hill” for the main scene, followed by “There is a flagpole
with a Canadian flag on top” for the next scene. The system first searches for the
main scene, and then uses the video ID and start time of that scene to filter the
search for the next scene. The results from both scenes are then combined using
a weighted method. The final results are displayed with two images side-by-side.

2.4 User Interface

Our goal is to design a user-friendly interface that minimizes the number of
required search actions. An example of the user interface is shown in Figure
2. The interface consists of two interactive parts. At the top is the search bar,
where users can input queries. There are two fields for free-text queries: one for
a single search and another for temporal searches (to be shown in an updated
figure). Alongside the query fields are filters, allowing users to select or input
search filters. The "Search" button initiates the search once all queries and filters
are set.

The lower part of the interface displays the search results in a grid format,
with keyframe images shown. Each image includes its corresponding video ID
displayed beneath it. Users can click on an image to watch the video starting
from that keyframe. Additionally, they can search for visually similar images by
clicking the Visual Similarity icon. Once users are ready to submit, they can send
the keyframe ID to the evaluation platform by clicking the "Submit" button.

3 Experimental Verification

To evaluate the accuracy of the search in this system, we conduct experiments
analyzing the rank of correct answers in the returned result list. This is an
automatic evaluation, with no user interactions involved. We use a set of queries


