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Abstract
We introduce multiXview, an interactive retrieval framework for
synchronized multi-camera video collections. It features a multi-
index search engine that supports natural-language queries over
visual embeddings, speech transcripts, and scene descriptions. It
supports a synchronized multi-stream player offering parallel play-
back, and a timeline-based navigation view for temporal scoping
and faceted exploration. These components address the redundancy
and fragmentation of overlapping egocentric and exocentric video
feeds and enable users to locate, aggregate, and reconstruct events
across partial perspectives. This paper focuses on system design
and implementation, with quantitative and qualitative evaluation to
take place at the CASTLE 2025 Grand Challenge Interactive Track.

CCS Concepts
• Information systems → Search interfaces; Collaborative
search; Video search; • Human-centered computing → Inter-
active systems and tools.
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1 Introduction
Today’s video landscape is characterized by an explosion of multi-
camera capture scenarios where the same events are simultane-
ously recorded from multiple perspectives. From surveillance net-
works to monitoring public spaces, and from multi-angle sports
broadcasts to collaborative work environments and social gather-
ings documented across multiple devices by multiple participants,
contemporary video collections increasingly feature synchronized
streams that capture overlapping information about shared events
and spaces. These multi-stream collections have found applications
across various multimedia domains, including video analysis [42],
multi-view event reconstruction [31], and video summarization [5].

The need for interactive search and exploration in these multi-
stream environments is driven by the fundamental challenge that
single events are now captured simultaneously across multiple
video and multimedia streams, each providing partial, overlapping,
or complementary information. Users must navigate not just tempo-
ral segments within videos, but also across multiple synchronized
streams to piece together the full context of an event. The traditional
goal of “finding the right video, event, or item of interest” trans-
forms into the more complex task of “retrieving and aggregating
information spread across multiple incomplete sources.”

Existing interactive video search and exploration systems were
developed during an era when video content was primarily cap-
tured by single cameras and curated for broad consumption. These
well-established paradigms, optimized for collections with high
topical, stylistic, and visual diversity, do not immediately generalize
to multi-stream scenarios. The techniques that excel in established
benchmarks, such as TRECVID [2], MediaEval [14], VBS [25, 33],
and LSC [12]—which typically leverage discriminative visual fea-
tures to arrive at relevant results rapidly—struggle when faced with
the redundancy and fragmentation characteristic of synchronized
multi-stream collections.
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The widespread adoption of mobile and wearable cameras has
created an explosion of first-person recordings of daily activities and
environments. Unlike the curated, professionally-produced, multi-
camera videos that populate traditional benchmarks, egocentric
videos present a fundamentally different retrieval scenario. Egocen-
tric videos are captured from a first-person perspective, showing
the world as seen through the eyes of the camera wearer or actor,
typically providing an immersive viewpoint of their direct interac-
tions and immediate surroundings. In contrast, exocentric videos are
recorded from a third-person perspective using external cameras
positioned to observe the scene from outside, offering a broader
contextual view of the environment and the subject’s actions within
it. The limited field of view inherent to wearable cameras provides
only a partial view of any given scene or event. Consequently, criti-
cal contextual information—other participants, off-screen activities,
or simultaneous events—may be scattered across multiple streams,
requiring cross-video analysis to reconstruct the entire narrative.

Despite the growing prevalence of egocentric visual media in ap-
plications ranging from lifelogging [11] to workplace monitoring,
interactive search and exploration methods designed for multi-
stream scenarios remain significantly understudied. Existing video
retrieval systems, optimized for diverse collections with comprehen-
sive per-video coverage, struggle when faced with the redundancy
and fragmentation characteristic of synchronized multi-stream col-
lections.

In this work, we address this gap by presenting an interactive
system designed explicitly for searching and exploring collections
where multiple video streams capture overlapping information
with varying degrees of redundancy. We extend Exquisitor [18–
20, 35, 36], an established interactive visual search and exploration
framework, with novel capabilities for handling multimodal egocen-
tric and exocentric video collections. Our approach enables users
to efficiently navigate the complex relationships between multiple
partial information sources, leveraging both the redundancy and
complementarity inherent in such collections.

Our system is designed for synchronized multi-stream video col-
lections, such as the CASTLE 2024 dataset [28], a new benchmark
collection comprising over 600 hours of synchronized egocentric
and exocentric video. This dataset, captured by multiple partic-
ipants wearing cameras alongside fixed environmental cameras,
exemplifies the retrieval challenges we address: finding and re-
constructing events distributed across multiple partial views with
varying degrees of overlap and complementarity. The dataset com-
prises multimodal content from 15 time-aligned sources, including
the perspectives of 10 participants equipped with wearable cameras
and 5 fixed cameras providing exocentric viewpoints, all recorded
over four consecutive days in a fixed location without any partial
censoring, such as blurred faces or distorted audio.

In this work, we develop a new interactive retrieval system
multiXview, using Exquisitor as the foundation, with novel visual-
ization and interaction capabilities specifically designed for complex
multi-stream video collections, combining exocentric and egocen-
tric streams to enable effective search and exploration within the
challenging CASTLE 2024 dataset context. At a conceptual level,
our contributions are as follows:

• Multimodal Information Retrieval: A unified search architec-
ture that integrates the usage of multiple indexed informa-
tion sources, i.e., speech-to-text transcripts, scene descrip-
tions, and metadata.

• Multi-Stream Player Interface: An interface that enables par-
allel examination of multiple temporally-synchronized video
streams, facilitating comprehensive event discovery and in-
formation retrieval across concurrent data sources. A location-
aware visualization system enables coarse-grained partici-
pant positioning within the examination area, allowing for
spatial filtering to reduce irrelevant content and enhance
search efficiency.

• Temporal Navigation Framework: Timeline-based visualiza-
tion that presents temporally-ordered views of heteroge-
neous streams (participant videos, fixed cameras) in a struc-
tured layout, enabling temporal scoping and faceted search
capabilities without explicit query formulation.

By seamlessly merging dynamic visualizations with responsive
video navigation, these enhancements deliver a fluid, feature-rich
environment for exploring and pinpointing relevant content. The
system’s actual impact will be evaluated at the CASTLE 2025 Grand
Challenge Interactive Track, where we will measure how effectively
these integrated features accelerate discovery and decision-making.

2 Related Work
Over the past few decades, many successful approaches to (inter-
active) video search and exploration have been proposed. Some
of the best-known examples from the early days of content-based
image and video retrieval include Informedia [39] and MARS [32].
At that time, a typical method of analyzing and indexing video
content for retrieval involved performing shot-boundary detec-
tion or uniform video frame sampling, followed by the extraction
of low-level visual features, such as color, texture, and edge de-
scriptors. Gradually, the quality of video representation has sig-
nificantly improved to include, e.g., semantic concepts [30, 37, 41]
and then, especially with the advent of deep learning, actions [7]
and events [9, 13], facilitating increasingly accurate keyword-based
video search. More recently, the rapid expansion of foundation mod-
els, such as VLMs [23, 26], has brought about a new paradigm shift,
enabling effective video retrieval using natural language queries.

Alternatively, metadata related to videos, such as tags, name,
creation time, and user description, can be used to find videos
through keyword/text search or faceted browsing; however, the
results will be full videos, not specific moments within the video.
These techniques are not mutually exclusive, and many analyti-
cal multimedia applications utilize both. In addition, video sum-
marizations, temporal querying, relevance feedback, and object-
localization queries may also be present in such systems to further
enhance the user’s ability to interactively search and explore the
video collection [29, 34, 36, 38].

The techniques used within a standard video retrieval system
can be applied to egocentric video collections [1, 19, 21, 21]. How-
ever, the different perspective of the egocentric view is typically
not present in large deep learning training datasets, or it is only
represented in a small portion, such as sport activity videos. Thus,
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Figure 1: Mockup of the “Search view”, the main view of the system. From top to bottom, it includes a search bar, a set of search
filters, and a tabbed interface that presents the search results.

these models can fail to interpret actions from an egocentric per-
spective, while visual querying and non-action-related queries will
still perform well. It is possible to use a specific model trained
with egocentric data to better support queries related to action
recognition [3, 4, 15] and person and object detection [22].

Multi-stream video collections consist of simultaneous streams
captured by several cameras that share, and often overlap, the
same field of view. A primary application for such collections is in
surveillance, where fixed cameras capture viewpoints of an area
(indoors and/or outdoors), with interfaces that allow operators
to monitor activity or, at larger scales, run analytics that identify
people, search for events, or track objects such as vehicles [6, 16,
24]. To enable efficient event retrieval, techniques such as video
summarization [5, 8] and fused representations of the multi-stream
space [40] are used.

Retrieval systems built for purely exocentric or egocentric footage
assume a single viewpoint. They perform well within a single
stream but struggle to merge perspectives or align events that
co-occur in different sources. When a conversation is recorded si-
multaneously by a body-worn and a fixed camera, general retrieval
systems often fail to link the clips or leverage their complementary
content. These types of events are evident in the CASTLE 2024 col-
lection, where many events can be observed in both egocentric and
exocentric footage. Overcoming this challenge requires retrieval
systems that can synchronize, correlate, and reason across multiple
timelines and viewpoints.

3 multiXview
This section starts with a concise overview of Exquisitor, which
serves as the foundation for multiXview, and then details the model
and UI enhancements required for multi-video-stream support.

3.1 Exquisitor
Exquisitor is a comprehensive interactive search and exploration
system designed for multimedia collections. The system requires
data preprocessing, indexing, and analysis to transform the target
multimedia collection to a form amenable to fast retrieval [35].

In the preprocessing and indexing phase, Exquisitor segments
video collections using shot-boundary detection or fixed-length in-
tervals, extracting keyframes from each segment. These keyframes
are processed into semantic vector representations using deep learn-
ing models from the CLIP family to generate visual embeddings that
capture static visual properties. Concurrently, the system gener-
ates event-level captions at 20-second intervals and converts them
into text embeddings that capture long-range temporal context.
These complementary multi-modal embeddings are indexed using
approximate high-dimensional indexes to enable fast retrieval.

The online search phase supports natural language queries across
modalities with optional late fusion for result combination. Query
processing involves reformulation and expansion using Large Lan-
guage Models, while interactive refinement is facilitated through
relevance feedback mechanisms. Users can apply metadata-based
filters or exclude specific media groups during search.
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Figure 2: Mockups of the “Transcriptions” and “Timeline” tabs that are part of the "Search view".

The Exquisitor interface features a streamlined design with a
search column and grid-based result view. Retrieved items are pre-
sented in ranked order, with media belonging to the same group
(video keyframes, album images, or temporal sequences) displayed
as rows to facilitate multi-event assessment. A left-side filter panel
provides access to search constraints, while a summary view ac-
cessible through item selection enables group-level exclusion and
detailed examination.

3.2 Search and Exploration
Several modalities and types of data can be extracted from a multi-
video stream dataset. Beyond the visual modality, videos have audio
from which transcripts can be obtained, typically with a model such
as Whisper [27], and metadata that can be useful for filtering the
search space. To enhance search and exploration, indexes are used
to allow content-based and text-based retrieval, with filters that
affect the search space. The filters can also be used to facilitate
faceted search by browsing the collection and narrowing it by the
selected filters.

3.2.1 Multi-Index Search. For the CASTLE dataset, we extract the
visual features using the preprocessing and analysis approach of
Exquisitor. Furthermore, since the CASTLE dataset contains tran-
script data, text features are also extracted. As such, each extracted
feature representation will be held in its own high-dimensional
ANN index. Given the size of the dataset, we opt to use a disk-based
variant of the eCP index [10, 17] to reduce the memory footprint of
less frequently used indexes. An added benefit of this index is that
it is straightforward to extend it to support incremental retrieval, a
crucial factor when restrictive filters are applied.

3.2.2 Metadata Filters. For constrained environment datasets, meta-
data is often enriched by knowledge beyond generic tags or video
categories. They may contain information about the people present,
such as schedules (e.g., a concert with performance times), office
environments with records of when someone entered or exited,
and so on. In the CASTLE dataset, the videos are captured within a

constrained environment, specifically a house with a fixed layout.
It incorporates the viewpoints of all participants and fixed room
cameras, enabling the mapping of people to rooms based on visual
modality. It even contains GPS data of the participants, which may
be too coarse-grained to pinpoint them to the exact room, but can
be helpful on rare occasions when they venture outside the house.
We opt to use the followingmetadata for filtering and faceted search
based on time and location: day, time, location feeds, person feeds.
This allows users to quickly narrow down the search space if their
task relates to a specific day, time period, location, or person.

3.3 User Interface
To support searches across modalities, the UI must clearly reflect
each modality’s results. Filters become central to navigating CAS-
TLE’s complexity, so they must be instantly understandable and
easy to apply. The results from a search can convey different in-
formation depending on the visualization. For example, although a
visual query is used, it may be more convenient to determine which
locations or timespans the results cover. Finally, because CASTLE
videos often require side-by-side viewpoint comparisons, we must
augment the media summary and player view in multiXview with
a new synchronized multi-stream viewer. These enhancements will
transform it into a truly multi-stream search and exploration tool.

3.3.1 Search view. Figure 1 shows the interface design of the main
view of our system, the “Search view”. This view allows the user
to enter a text query in the search bar at the top middle of the
screen, select day and time filters by dragging a span across the
desired area, and choose which location and person feeds should
be included in the search. The search results are displayed below
the filters box, which can be collapsed to provide more space for
viewing results. The “Clips” tab displays the visual modality results,
featuring keyframes of video segments. Above the image, there is
basic metadata that states the camera feed (location or person) it
is from, along with the day and time. To the right of the metadata
information, there are the “thumbs-up” and “thumbs-down” buttons
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Figure 3: Mockup of the "Location timeline view". This view displays information regarding the location (color-coded) of each
participant over the four days.

to perform relevance feedback if desired. The “Show Feedback
Results” button, located to the left of the search bar, opens a pop-
up box that displays the results. The search history drop-down
(located at the top left of the view) can be used to navigate to
results from previous searches. The top-right button opens the
“Location timeline view” described below.

Figure 2 depicts the results displayed in the “Transcriptions” and
“Timeline” tab from the “Search View”. The results for transcripts
display the keyframe closest to the corresponding transcript’s time,
along with the transcript text. The results for the timeline displays
the streams fromwhich the results are from. It groups the days from
top to bottom, with each row in the grouping relating to a specific
feed, indicated by the name on the left, with a 24-hour timeline
next to the name. Green boxes in the timeline indicate results from
the visual domain (clips tab), and the brown boxes indicate results
from transcripts. This tab enables users to quickly identify which
individuals or locations may be relevant to the task.

3.3.2 Location timeline view. Figure 3 depicts the “Location time-
line view”, which conveys results based on which locations a person
was in during the day. Similarly to the “Timeline” tab, it groups
the days. The rows in this view only show people and not videos
that include both people and locations. The different colored spans
indicate the location of the people based on the results of a query
or full coverage, where the filters act as a faceted search. The name
of the location is displayed when hovered.

3.3.3 Player view. The “Player view”, depicted in Figure 4, opens
whenever the user clicks a box in either timeline view or selects
a keyframe in another tab. Its goal is to present rich contextual
information about the chosen keyframe or time span. By default, it
displays four video streams, with the selected feed in the top-left

position. At the top left of the view is a global playback control that
allows users to play or pause all videos, jump forward or backward
by ten seconds, and adjust the playback speed. Each feed bears its
name (person or location) in a header (for top-row videos) or footer
(for bottom-row videos). Within that header/footer are five buttons:

(1) Transcript — Opens the feed’s transcript in a pop-up box.
(2) Select — Allows the user to draw a selection box on a frame

and run a visual-similarity search.
(3) Keyframes—Opens a scrollable pop-up gallery of all keyframes

in the feed, enabling rapid navigation through its content.
(4) Mute — Toggle sound on and off.
(5) Fullscreen — View the feed in full screen.

The “Locations” panel, located to the left of the video grid, lists
each filtered participant and their current location. A green dot
beside a name indicates a live feed, while a red dot indicates that
their camera feed is off. The eye icon marks which streams are
actively playing. Above the videos, the current date and time are
displayed. In the top-left corner, a Bounding Boxes toggle lets the
interacting user overlay name labels around detected people. Beside
the switch is a drop-down for choosing to view more or fewer
streams simultaneously than the default. Below the grid, a timeline
displays an aggregate version of the “Timeline” tab results (Figure 2),
allowing users to jump to any point in time across all streams.

4 Use Case Scenarios
In this section, we outline potential workflows with the new inter-
face for some hypothetical queries to the CASTLE 2024 dataset.
Query: Find a partially eaten apple. In the "Search view" (Fig-
ure 1), the user writes “eaten apple” in the search field and clicks
the respective “Search” button. A grid of results appears on the
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Figure 4: Mockup of the "Player view". It includes a video player capable of playing multiple video streams, video controls for
the video player, and information regarding the location of people and the status of their streams.

“Clips” tab at the bottom of the “Search view”. The user visually
skims through the clips to find an instance of a partially eaten ap-
ple. If irrelevant clips are shown, the user can use the relevance
feedback to influence the search process by clicking the “thumbs
up” and “thumbs down” icons displayed alongside each clip. If the
user finds an instance of an uneaten apple, they click the clip and
are taken to the “Player view” (Figure 4). Here, the user views the
video stream associated with the search result to discover when
the apple is eaten, at what time, and by whom. The user can speed
up and slow down the video using the video player controls.
Query: What was the ingredient not available (i.e., also not
replaced) for the pumpkin risotto? The user selects only the
kitchen in the filters and searches for “ingredient missing in risotto”
using the “Search view”. The user navigates to the “Transcriptions”
(Figure 2) tab at the bottom of the “Search view”. The user skims
through the search results to find mentions of missing ingredients.
Whenmore context is needed to understand the transcripts, the user
clicks on a particular search result and is directed to the “Player
view” where they can inspect the transcripts in more detail by
clicking on the respective icon in the video title bar. Alternatively,
the user canwatch the video streamwith sound to better understand
the clip’s context and answer the query.
Query: What book did Florian spend the longest time read-
ing? The user selects only Florian in the filters and searches for
“book” using the “Search view”. The user navigates to the “Timeline”
tab (Figure 2) and sees at what times Florian’s stream included
a book. The user then clicks each of these times on the timeline,
opening the “Player view” and then inspects the book Florian was
reading. Having inspected all blocks of the timeline in which Flo-
rian was reading, the user can answer which book Florian read the
most.

Query: Find winning hands of poker. The user searches for
“cards” using the “Search view” and navigates to the “Timeline”
tab to gain an understanding of how many times the person has
played card games. Each game session is highlighted on the timeline
of the card players as a consecutive block. The user then selects
the first block on the timeline of one of the card players which
opens the “Player view”. The user clicks the different locations
and people’s names on the “Location” panel to view the respective
video stream on the video player. Through this process, the user
learns the placement of the poker players in the house. Having
found the names of the poker players, the user drags their names
from the “Location” panel into different sections of the video player
to simultaneously view their egocentric video streams. The user
then watches the poker game to find the winning poker hands. If
multiple sessions of poker have been played, the user can return
to the “Search view” to continue the search process by selecting
another point on the “Timeline” tab associated with the query.

5 Conclusion
Unifying egocentric and exocentric feeds in a single interactive
environment enables users to reconstruct fragmented events across
multiple perspectives. By integrating multimodal search, spatially-
aware filtering and browsing, and synchronized multi-stream views,
multiXview aims to improve search and exploration of multi-stream
collections such as CASTLE 2024. Overall performance will be
assessed on-site at the CASTLE 2025 Grand Challenge Interactive
Track, organized as part of the ACM Multimedia 2025 conference.
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