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Abstract

Retrieving specific, often instantaneous, content from hours-long egocentric video footage
based on hazily remembered details is challenging. Vision-language models (VLMs) have
been employed to enable zero-shot textual-based content retrieval from videos. But, they
fall short if the textual query contains ambiguous terms or users fail to specify their queries
enough, leading to vague semantic queries. Such queries can refer to several different
video moments, not all of which can be relevant, making pinpointing content harder. We
investigate the requirements for an egocentric video content retrieval framework that helps
users handle vague queries. First, we narrow down vague query formulation factors
and limit them to ambiguity and incompleteness. Second, we propose a zero-shot, user-
centered video content retrieval framework that leverages a VLM to provide video data
and query representations that users can incrementally combine to refine queries. Third,
we compare our proposed framework to a baseline video player and analyze user strategies
for answering vague video content retrieval scenarios in an experimental study. We report
that both frameworks perform similarly, users favor our proposed framework, and, as far
as navigation strategies go, users value classic interactions when initiating their search and
rely on the abstract semantic video representation to refine their resulting moments.

Keywords: human-computer interaction; zero-shot content retrieval; multimodal querying;
egocentric videos

1. Introduction

First-person, or egocentric, videos are ubiquitous, serving as a medium for human-
robot interactions [1] and advanced action recognition in virtual reality [2], with many
applications in assistive technologies [3,4], education and security [3], and social media [5].
They differ from third-person videos in several ways: these videos often change cam-
era angles [6], include a first-person view of hands [7,8] which makes occlusions more
frequent [9], and have a limited field of view, making global context and scene understand-
ing difficult [10] and relevant content within them can be sparse as relevant events or
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objects appear in short time segments within footage that can span hours [11]. To efficiently
navigate the ever-expanding volume of egocentric video content, navigation methods must
continually improve to meet the demands of increasingly diverse and complex data. Initial
approaches to video navigation involved manually tagging videos with keywords for
direct access to specific video parts. Advancements in computer vision and deep learning
have enabled the automatic tagging of videos [12], significantly reducing the manual effort
required. And yet, tags may fail if the user is looking for content that is not covered by
them. The emergence of zero-shot content retrieval [13] resolved this issue by enabling
natural language querying of videos without prior knowledge of the specific content. This
particular approach leverages vision-language models (VLMs) to bridge the gap between
visual and textual data, allowing for zero-shot video searches. Moreover, many datasets
with annotated egocentric footage [8,14,15] exist for the purpose of pre-training VLMs and
specializing them in egocentric content retrieval tasks [16-18]. However, zero-shot content
retrieval approaches often suffer from a lack of accuracy when queries do not exactly match
the target content [19]. This can occur when users formulate vague semantic queries [20].

Consider a person who waters their plants daily. One evening when they get home,
they wonder “Have I watered the plants in my bedroom yet?”. They can formulate a
query like “Did I water the plants?”. The term “plant” is ambiguous as it can refer to
an herb, a flower, a tree or a cactus, a wild plant or a potted plant. Depending on the
footage, several subcategories of the term “plant” can be present and can thus be relevant
to a VLM-based retrieval system which interprets terms based on visual features [21].
A better formulated query, like “Did I water my potted plants?” can still be confusing, as a
retrieval system would retrieve all moments where a potted plant appears, regardless of the
location. Even a more specific query like “Did I water the potted plants in my bedroom?”
can still be vague because of the concept of possession in “my bedroom”. The system
would need to understand what uniquely makes a bedroom the user’s (location, specific
furniture, presence of personal items). If multiple bedrooms with plants exist in the footage,
the system may not differentiate between them. This example illustrates how queries can be
inherently vague and confound current retrieval systems. Many studies show that human
users frequently formulate such vague queries [22-24], which degrade the performance
of VLM-based zero-shot content retrieval approaches. While recent research has explored
vague queries in web search [25] and Q&A [26], the impact of semantic vagueness on video
retrieval—especially in egocentric videos—remains underexplored.

This paper investigates the requirements for a content retrieval system that supports
navigation in egocentric videos based on such vague semantic queries. Specifically, this
paper investigates the following research questions:

RQ1: What interaction techniques and design guidelines can assist users in effectively
retrieving relevant content from egocentric videos based on vague semantic queries?

RQ2: How do users navigate egocentric video content based on vague semantic queries?

First, we identify the factors that cause vague query formulation and narrow them
down to incompleteness and ambiguity. Second, we propose interaction methods that
leverage a VLM capable of zero-shot content retrieval and integrate them in a user-centered
video content retrieval framework. The framework is based on the idea of incremental
refinement of queries to resolve their vagueness (narrowing down specific content). Third,
we evaluate the proposed framework against a baseline video navigation framework
in an experimental study where eight participants navigated videos to locate specific
moments aligned with six predefined scenarios, with a simulated sense of egocentricity. Our
framework achieves an average completion time of 9.375 min—comparable to 9.042 min for
standard navigation—and a mean precision of 63.2% (vs. 63.0%), with trade-offs in recall
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(39.8% vs. 51.4%). Likert-scale-based assertions answered by participants show that they
favor our proposed framework (average 6/7 vs. 5/7) and consider it more efficient (5.5/7
vs. 5/7). Furthermore, we analyzed participants’ navigation strategies and found that they
tend to initiate their search with standard navigation methods, such as textual search and
sequential browsing, and filter out non-relevant moments by refining their results with
semantic visualizations of video frames and interactions utilizing this visualization.

The contributions of this work are as follows:

*  We propose novel video interaction methods leveraging zero-shot content retrieval and
incremental query building within a user-centered framework to support navigation
in egocentric videos based on vague semantic queries;

*  We extract user strategies for vague scenario-based video navigation based on interac-
tion logs and structured observations and derive design implications that highlight
the importance of hybrid navigation patterns, precision-first behaviors, and semantic
visual feedback for supporting ambiguity and incompleteness in user queries.

The remainder of this paper is organized as follows: Section 2 presents a literature
review of existing video content retrieval methods, namely interactive, zero-shot-based,
egocentric- driven, and vague-query-supporting methods. Section 3 presents our proposed
zero-shot, user-centered video content retrieval framework. Section 4 details the experi-
mental study that we conducted to (1) validate our framework when dealing with vague
queries and (2) explore user strategies when retrieving information in videos based on
vague scenarios. Section 5 reports the results of our experimental study. We discuss our
work in Section 6 and conclude with Section 7.

2. Literature Review
2.1. Interactive Video Navigation

Interactive video navigation distinguishes itself from traditional navigation by em-
phasizing user engagement, control, and direct manipulation of the video content. Several
works use video content-dependent keywords called “tags” to pilot the content in videos.
These tags are either manually assigned by users or automatically assigned tags [27-29],
directly usable to move to specific parts of a video [28-30] or used in a content-based search
mechanism [27]. Other works allow users to navigate video content by directly engaging
with objects within the video (direct manipulation video navigation systems) [31-33]. An-
other category of works uses domain-specific hypotheses to tailor the video navigation
approach and interactions for domain specific tasks [29,34-36].

Several of these approaches are effective for navigating a video with predefined
context. However, in long videos where users are partially familiar with the video content
and can only formulate queries based on their hazy knowledge, such approaches may not
be suitable as the content users seek may not align with the content highlighted by the
given tags or interactions. In this work, we propose a navigation framework that adapts
to ambiguity and/or incompleteness in user queries that is independent from the exact
content of the egocentric videos through incremental refinement of query results.

2.2. Zero-Shot Content Retrieval in Video Tasks

Zero-shot content retrieval relies on encoding data in an auxiliary format that en-
codes relevant information. This concept enables models to recognize classes that were
not observed in training [37]. Several video analysis tasks benefit from the adaptability
of zero-shot content retrieval models such as video question answering [38—40], video
moment retrieval [40—44], video captioning [45], video summarization [46,47], action
recognition [48,49], and object detection and tracking [50,51].
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While zero-shot based approaches demonstrate advancements over traditional meth-
ods for video analysis in terms of generalization and semantic understanding, VLMs like
CLIP [52] that are capable of zero-shot retrieval are very sensitive to textual input, as am-
biguous textual input reduces the relevance of the output [19]. In this work, we investigate
the design requirements needed to leverage such zero-shot approaches in order to support
vague textual prompts for optimal outputs and reveal key insights on interactions built on
zero-shot learning models that are favored by users to navigate egocentric videos based on
vague queries.

2.3. Content Retrieval in Egocentric Videos

Egocentric videos present unique challenges for content retrieval related to the
first-person perspective. Most works in this egocentric video content analysis focus
on object detection [15,53-55], hand tracking [7,9,56], hand—object interactions [8,57-59],
human-human interactions [14,60,61], human action recognition [62,63], and action
recommendation [64]. Beyond these perceptual tasks, works have also focused on visual
question answering [14,65-67] and moment retrieval [68-70] in egocentric videos.

Particularly, the concept of episodic-memory based retrieval is addressed
in [14,66,68], where the video is considered to be a surrogate memory of the user and their
queries/questions are episodic memory oriented, i.e., linked to a specific moment, physi-
cally grounded, highly personal, and include the users themselves (for example, “Where
did I put my keys after returning home?”), rather than factual questions (for example,
“What color is the car?”). However, the annotations employed in these tasks are mostly well-
defined and specific questions paired with exact video timestamps. As queries/questions
are shaped by the episodic memory, they can be formulated vaguely due to episodic mem-
ory occlusions (Section 3.1). To our knowledge, little research has explicitly addressed
egocentric video retrieval when queries are vaguely formulated. Thus, we investigate
the design requirements for a video content retrieval framework that supports vague
semantic queries.

2.4. Vague Semantic Queries in Content Retrieval

The term “vague query” is a vague term itself. Many works in content retrieval
employ it to refer to the opposite of a specific query. Other works employ the term
“ambiguous query” to refer to polysemous textual inputs [71]. The problem of natural
language ambiguity is a well-documented one in content retrieval. Several methods exist to
resolve the polysemy of natural language terms, such as query reformulation [72] and query
augmentation [73]. Multimodal querying, like sketch-based querying [74], image-based
or composed querying [70], and motion-based interactions [75], can also be employed
to overcome natural language ambiguity. In conversational agent setups, suggestion
mechanisms and clarification questions [76,77] are employed when ambiguity is detected
in a user query and are used to involve the user in the disambiguation process.

In video content retrieval particularly, the concept of vague queries is less studied.
Zakra et al. [25] propose a fuzzy ontology to reinforce video semantic interpretations.
However, such an approach relies on stored annotations which may not necessarily cover
the topics sought by users. VLM-based solutions for moment retrieval and question
answering in videos are known to be sensitive to textual input [19] and most datasets have
specific annotations [64,78-80]. We tackle this gap by putting design guidelines for vague-
query-supporting video content retrieval in egocentric videos and evaluate this video
content retrieval framework in a vague-scenario-based video content retrieval experiment.
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3. Materials and Methods

Video content retrieval refers to the task of locating one or more moments within a
video that match a user’s intent, expressed through a query. If we treat the video as a
collection of discrete moments, shots, or images and restrict queries to text (as this is one
of the most intuitive modality for human users [81]), we can model retrieval as a function
mapping a textual query to a set of candidate moments where three levels of query certainty
can be defined as follows:

Specific query: all retrieved moments are relevant;
Vague query: the retrieved set contains a mix of relevant and irrelevant moments; and

Erroneous query: None of the retrieved moments are relevant.

In this paper, we focus on egocentric videos, which assume that the user has at least
partial knowledge of the video content. Therefore, we concentrate specifically on vague
queries and semantic vagueness. Erroneous queries fall outside the scope of this work.

3.1. Factors of Vagueness

Several works on information retrieval [82-84] employ the term “ambiguous queries”
to refer to textual keywords or questions asked to a retrieval system (document retrieval
framework powered by an Al (Artificial Intelligence) that are polysemous, i.e., which can
refer to more than one concept or concrete object and which confuses the retrieval system.
Several techniques exist to resolve this confusion.

While natural language ambiguity is one factor that leads to vagueness, several other
factors can make remembering an event or expressing it in natural language difficult.
Song et al. [23] classified queries as specific, ambiguous, and broad. Keyvan et al. [85]
list different factors that can make a query ambiguous or unclear in a conversational
search setup: poor definition, lack of specifics or structure, a large set of returned results,
multi-domain returned results, or reference to a prior context.

Moreover, as egocentric videos are videos that the users shot themselves, they are
linked to the users’ memories. One may consider them a surrogate memory as prior works
have shown their use in augmentative memory systems [86,87]. Accordingly, the formula-
tion of search queries over egocentric content is closely tied to how well users remember
the captured events and any failure in their memory can have an impact on the queries
they formulate. Following Schacter’s classification of common memory failures into seven
categories or “seven sins of memory” [88], we can infer the factors that hinder the process
of specific query formulation:

¢ Absent-mindedness (lack of attention) and transience (memory fading over time) may
lead to the occlusion of certain information on events and thus to under-specified,
incomplete queries.

¢ Blocking (memory retrieval failure) may prevent users from finding the exact terms to
describe a concept or an event, leading to incomplete queries if no specific terms are
employed or ambiguous queries when synonyms and paraphrasing are employed.

*  Misattribution and bias may cause ambiguous queries referring to several scenes or
even erroneous queries referring to incorrect or irrelevant scenes.

Considering every factor of inducing vagueness in query expression when designing
a single framework is an overly complex task. Therefore, we focus on two specific aspects
that are theoretically linked to memory failures in this work, incompleteness and ambiguity
where an

Ambiguous query represents a polysemous natural language query, i.e., a query that can
describe more than one single concrete object/action/scene/concept depicted in the
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target video. (For example,”Where did I put my keys after returning home?”, possible

ambiguity on “keys” if several exist in the footage—house keys, car keys, etc.);

Incomplete query represents a natural language query that does not describe the intended

concrete object/action/ scene/concept depicted in the target video sufficiently to

identify it in a unique manner (for example, “Where are my car keys?” requires

specification if the keys appear several times in the footage, but only the most recent

occurrence is truly relevant).

3.2. Video Content Retrieval Approach

The proposed approach for matching queries to video frames was inspired by the zero-

shot VLM moment retrieval process proposed by [89]. All frames of the video are encoded

using CLIP’s vision encoder beforehand when the video is loaded. Then, the user input

(image or text) is encoded using either CLIP’s vision or textual encoder, respectively. Finally,

a cosine similarity is computed between the encoded input embedding and each encoded

video frame embedding. This gives a similarity score between the query and each video

frame. Unlike what occurred in [89], no post-processing is performed on the similarity

scores. Instead, the results (similarity scores and embedding vectors) are displayed to the

user and it is through several interactions based on the representation of these results that

the user decides on which moments to select. The user-centered framework is depicted in

Figure 1.
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Figure 1. Vague-query-based video information retrieval framework. Video frames are encoded using

the VLM vision encoder (CLIP). After encoding the query (modality chosen by the user), a cosine

similarity is applied. Users can make decisions on which frames to select using the visualizations

and interactions that are built on the cosine similarity and encoded embeddings’ vectors.

Several approaches rely on an end-to-end process that adds a moment proposal step

after computing the cosine similarity [38,42,44,89]. Resolving vagueness can be performed

through disambiguation processes (Section 3.1). While these approaches have shown

promising results in specific domains, they can only resolve vagueness to some degree and

specifically address the problem of natural language ambiguity. Vagueness is directly tied

to relevance and relevance is a subjective concept that varies with users. So, it makes sense

that the best qualified entity to resolve vagueness would be the user, which is why we

propose a user-centered framework that helps users make the decision on what moments

are relevant, through different interactions and video data representations, instead of a

framework that decides on relevant moments in the video.

3.3. Interaction Design

The idea is to provide the user with the necessary interaction methods to search for

content based on different levels of certainty. If the user knows exactly what they seek,

textual search coupled with score thresholding can be used, while if they do not, they
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can use broad navigation methods like temporal or semantic navigation to identify some
content first and refine their textual query incrementally.

3.3.1. Sequential Navigation of Videos

Navigating sequentially in a video is a common interaction method, but we wanted
to avoid users relying solely on it and neglecting other framework features. To address
this, we disabled video playback and instead allowed users to inspect frames by either
clicking a physical rectangular timeline indicating timestamps or using left/right arrow
keys to move frame by frame. The keystroke option compensates for the timeline’s coarse
precision, enabling users to either explore broad video segments or pinpoint specific frames
to check subtle changes in the scene.

3.3.2. Textual Search

Textual search is widely used in applications like search engines and file explorers.
To prevent over-reliance on it, we limited the textual query field to accept only one sentence
(subject + verb + object) at a time. If users employ keywords, the system precedes them
with “a photo of” or “something” depending on whether the keyword is a noun or a verb,
respectively, for better performance by CLIP [90]. For more complex queries, users could
add additional sentences, each paired with its own similarity score. This design ensures
users can pinpoint content in a video based on a specific query while also encouraging the
combination of textual search with other modalities.

3.3.3. Similarity Score Interactions

The cosine similarity score is presented as a standard 2D curve. Users can adjust a
horizontal slider to set a threshold, above which frames are automatically selected. This
feature enables a semi-automatic moment selection process, complementing the manual
dragging interaction available on the timeline.

3.3.4. Image Search

Users can work with two types of images: external images and image crops. Image
crops support incremental querying by allowing users to search for ambiguous forms or
colors and then “screenshot” an object from the video to refine their search, effectively
performing disambiguation of polysemous terms. External images, meanwhile, serve as an
alternative to textual queries, extending the expression power of users (for example, using
a picture of a specific model of bicycle is more specific than using the keyword “bicycle”).

3.3.5. Interaction with Hyperspace Representation of Encoded Video Frames

This interaction relies on embedding vectors generated through the encoding of video
frames by the VLM (CLIP). Each frame produces a high-dimensional vector (512 dimensions
for clip-vit-base-patch16), representing the semantic distribution of video frames in the
hyperspace of the VLM. To simplify visualization and manipulation, these vectors are
reduced to 2D space using the t-SNE [91] method.

The 2D projection allows users to visually explore the semantic distribution of frames,
with each point corresponding to a frame and preserving relative semantic relationships.
Users can identify clusters of similar frames or unique outliers. In order to help understand
this 2D projection and how it ties to video frames, we cluster the frames using DBSCAN [92],
take the frame at the center of each cluster, and display a small version of it on the sides of
the 2D projection space. To further aid navigation, the 2D projection space includes tools
for zooming, panning, selection, and four color maps.
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Selection (base): highlights the frames selected by users. It can help users filter outliers out
of a selection based on a vague semantic query.

Clusters: highlights DBSCAN computed clusters. It can help users identify global semantic
areas in the video.

Timestamps: applies a two color gradient on the 2D projection where darker points indicate
frames at the (temporal) beginning of the video recording and lighter points indicates
frames at the end of the recording. It helps users link the temporal and semantic
representation of the video.

Scores: if scores are computed, applies a two color gradient on the 2D projection where
green points show frames with higher scores and red points show frame with lower
scores. It can help users filter outliers through high score frame clusters.

3.4. Mechanisms of Vagueness Resolution

Resolving vague queries requires adapting the system behavior to the type of vague-
ness at hand, choosing between the different meanings of an ambiguous query and en-
riching an incomplete query. In this work, this process is not performed in an end-to-end
manner, rather this role is given to the user and our framework is meant to facilitate this
role. The user iteratively interacts with semantic data representations to isolate the relevant
frames and incrementally refine their query.

An example scenario—finding if the bedroom plants got watered (detail in Table 1)—is
depicted with the graphical user interface of the implementation of the framework in
Figure 2 and showcases this concept of incremental querying. A combination of several
modalities was used to find the target frame in Figure 2a. First, textual search (Figure 2c)
was employed to find frames that relate to “potted plants” and to “bedroom”. Then,
a threshold (Figure 2b) was applied to the obtained scores. Finally, the selected area was
viewed and refined in the semantic plot (Figure 2e). For more complex queries, users can
add additional sentences, each paired with its own score (detailed in Appendix B).

Table 1. Scenarios used in the experimental setup. Participants are presented with the title first,
followed by the contextual paragraph, then a timeline showing descriptions and representative
frames of each segment of the associated video as annotated in the Ego4d dataset, and finally the
instructions needed to be matched with moments from the video.

n° Title Expected Query Context Instruction
Type

0 Camping Specific A group of friends went camping. Afterwards, - Find all moments where

the person who brought the barbecue cannot a bottle of oil is visible.

find the bottle of oil and wonders if a friend

took it by mistake.
1 Fire alarm Specific A security inspector is responsible for seeing - Find all moments that contain fire alarm
triggers if security protocols are being followed in an triggers in the workplace only.
office. Among the things they must check is
to ensure that fire extinguishers and fire
alarm triggers are in place.
2 Water the Vague A person regularly waters their plants at home. - Find all moments where the
plants When they got home, this person forgot person waters the plants.
whether they had already watered all their - Did they water the plants
plants or not, especially those in their bedroom. in the bedroom?
3 Where are Vague A person prints papers for later use. When it comes - Find the last location of the
my papers? to using the papers (after returning home), the printed papers.
person no longer remembers where they put the papers. - When did they end up there?
4 Who won? Vague A group of friends gathered one evening for a party - Find when the first game ended.
where they played games. While reminiscing about the - Who won? The person filming

event, they cannot agree on who won. or their opponent?
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Table 1. Cont.

n° Title Expected Query Context Instruction
Type
5 Diet Vague A person goes to the doctor and is informed that - Find all moments that
they have to undergo a low-sugar diet. The show high-sugar food that the
person struggles to remember every high-sugar person consumes or
substance they regularly consume. will consume.
6 Warmups Vague A person particularly enjoys the warmup exercises - Find all moments where
they performed before climbing. The person would the group performs warmups
like to reproduce them in another course. before climbing.
to add qualifiers to text search area with
subjectiverblobject format (subject + verb +

’ plant

+adj bedroom

[on [ wo]
Shonl ‘m

show individual addition of sentences by choosing show the scolfgs AFTER applying
sentence scores the combination operator combination operators

Upload image = |Browse... | No file selected. | | crop search

image search using external image image search using cropped video frame

(c) Textual search inputs

navigation B [C)N Upioadimage  (Browse...| No file selected |
timeline : K Trames X

crop

search |

image search using external image image search using cropped video frame

navigation . - = — = extraction )
byexm‘l" s : (d) Image search inputs

moments selected
frames

(a) Timeline video navigation

video
frames

of
| «—cluster

selection of frames above the physical threshold
' centers

S - — Refining
A ‘11 | < %, of the
- B | - 9% & . selected
: : 5 | A 5 R ' S area
| f

022 currently
displayed
frame in
017 video area
(b) Similarity score curve Sppliod
izlormap
(e) Semantic video representation plot
(a) video cannot be read, navigation is limited to timeline pinpointing or exact moment goto. Selection with drag and drop
RO visualizes the cosine similarity between the video frames embeddings sand a textual prompt (c) or an image prompt (d).
It enables users to set a threshold on scores (physical horizontal bar) that highlights (blue) all frames with scores above it.
"(©0 " ‘textual prompts are formatted as (adjectives +) Subject + (adverbs +) Verb + (adjectives +) Object sentences. Fach =~~~
sentence has its own score. These scores can be combined with the boolean operators OR, AND, DIFFERENCE (detail in Appendix B).
@ image inputs can either be external or screenshots from the currently displayed framein @). =~
RO displays the video frames embeddings after being reduced using t-SNE from 512D to 2D. Several color maps can be applied ~

to (e): cluster map (DBSCAN), timestamp map and score map (current). Users can select frames with a sliding window.

(f) Description of features

Figure 2. Video content retrieval system interface components for video navigation and video analysis
leveraging vision-language model CLIP. (a), (b), (c), (d), and (e) represent the features of the system.
Their functioning is explained in (f). An example video content retrieval is highlighted where textual
input paired with score selection and semantic refinement is used to find moments where a person
waters their bedroom plants.
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3.4.1. Disambiguation

The two principal interactions that help disambiguating a polysemous query are
image-based search and semantic plot navigation. When a term like “plant” can refer to
several types of flowers or trees, an image gives not only the exact species that a user may
look for but also the exact instance, differentiating between plants in a bedroom and on a
balcony, for instance.

If no image can be provided, isolating initial results through textual search and
score thresholding, then visualizing said results in a semantic representation of the video
shows the different instances of the “plant” entity through different semantic clusters of
video frames.

3.4.2. Incompleteness Refinement

The key principle to resolve incompleteness in our proposed framework is incremental
querying and modality combination. Indeed, users tend to ask more than a single query
when dealing with search tasks and reformulate their queries to be more precise over
time [93].

Egocentric videos, by nature, give users an initial hint; users often remember approxi-
mate moments, environments, or objects, even if they lack precise terms, giving a starting
point for textual querying. These can be refined by complementary exploration through
temporal and semantic navigation to identify further content and ask more precise textual
queries or direct image queries from video screenshots of objects of interest.

4. Experimental Validation

The experimental setup was designed with two goals in mind, (1) to extract user
strategies for navigating videos with vague queries and (2) to evaluate the usability of the
proposed framework by comparing it to baseline navigation methods.

Participants were tasked with finding specific content in videos based on textual
scenarios, each linked to one video. They identified the moments that best matched
the scenarios. Each participant used two frameworks: the proposed content retrieval
framework and a standard video navigation framework (similar to video players like
YouTube (https:/ /www.youtube.com/, accessed on 10 June 2025) or VLC (https://www.
videolan.org/vlc/, accessed on 10 June 2025)). Participants were divided into two groups,
with the order of framework usage varying between groups.

Figure 3 outlines the experiment process. After providing written consent, participants
received an overview of the task and a short video introducing the framework based on
the session and group. Then, they practiced using each framework with a familiarization
scenario (S0). This served two purposes: (1) familiarize participants with the nature of
the task and (2) train them on each framework. Testing followed, with three scenarios
per session (S1-S3 in session 1; S4-56 in session 2) presented in a fixed order to measure
participants” adaptation to the sequence of scenarios. The experiment concluded with a
feedback questionnaire on framework and feature appreciation.

A total of eight participants (M =7, F = 1), aged 18 to 34 (mean = 25.7), were recruited
through word of mouth. Most participants were master’s or PhD students, except for
one research engineer and one fishmonger. No compensation was offered for participation.


https://www.youtube.com/
https://www.videolan.org/vlc/
https://www.videolan.org/vlc/

Multimodal Technol. Interact. 2025, 9, 66 11 of 26

Session
1 (1 hour)

. happens in session 1 only
. happens in session 2 only
. happens in both sessions

Framework and Testing scenarios
Reception of experiment Familiarization S1 Feedback
written consent presentation scenario (S0) o (S4) (SS) (SG) questionnaire
(videos)
Group 1 Group 2
| our Baseline
l framework
: Session Baseline || fran%\J/\r/ork
| 2 (1 hour) e

Figure 3. Unfolding of the experimental study for each participant. After reception of written consent,
the study is performed in two sessions of one hour each. Each session starts with a presentation of
the experiment and the framework to be used. Participants have a non-tested scenario (S0) to become
familiar with the framework and experiment modality (video navigation to retrieve content based on
a written scenario). Then, participants answer three scenarios in a fixed order (S1 to S3 in session 1,
54 to S6 in session 2). Each session concludes with a feedback questionnaire.

4.1. Scenario Design and Use Cases

Participants were exposed to a total of seven scenarios: one familiarization scenario
(referred to as S0) and six testing scenarios. Each scenario is paired with a video. All videos
were selected from the Ego4d dataset [14] based on their content (no two scenarios with
the same tasks) and their length (less than 5 min for SO and 20 to 50 min for S1-6, with the
possibility to cut some videos). Scenarios were presented in the following way:

1. The title of the scenario;

2. Ashort, textual description to describe the context of the scenario;

3. A timeline showing a few snapshots of the video. The snapshots were representative
images taken from the middle of each annotated segment (the description annotations
of the Ego4d dataset); and

4. The instruction that needs to be matched with video moments.

A mixture of specific- and vague-query-inducing scenarios were used to test the
incremental querying framework’s usability. The exact formulation of each scenario and its
expected type of queries can be found in Table 1 and detail of the associated videos can be
found in Appendix A.

This setup aimed to simulate both egocentricity of the videos and vagueness
for participants.

Egocentricity and simulated memory: We aim to understand how human users navigate
through egocentric videos based on vague semantic queries. For that, ideally, par-
ticipants would navigate their own egocentric video recordings. However, such a
setup introduces uncontrollable variability as to the level of detail remembered by
each participant as well as the content and length of the videos, which complicates
comparison. Thus, we aimed for a more controlled experimental setup where we sim-
ulate the same level of familiarity for all participants with already existing egocentric
videos from the Ego4d dataset through contextual cues and image snapshots that
come with each scenario.

Vagueness in query formulation and navigation: Without any knowledge of the video,
navigation would be entirely random, as participants would have no clue about
where or how to search. Conversely, perfect awareness of the video content would
eliminate ambiguity, allowing participants to directly locate the matching moment.
To ensure this balance, participants were asked beforehand about their familiarity
with the dataset, and all confirmed they had never encountered it.
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To create a sense of vagueness, participants were provided with approximate video
segments, representative images, and rough segment descriptions, encouraging
strategic exploration rather than precise targeting or random navigation.

A multi-pass process was applied to annotate the moments for each scenario. The first
pass consisted of initial annotations based on scenarios. Then, a second pass of correcting of
missing and false moments was performed. Instantaneous moments are relaxed by turning
them into intervals while long intervals are compressed and/or subdivided in a third pass.
A fourth pass of verification concluded the annotation process.

4.2. Data Collection and Analysis

The data considered for evaluation are as follows:

Completion Time: Automatically recorded via framework logs. Only interaction time is
accounted for (any loading pre-computation time is ignored for both frameworks)

Retrieved Moments: Participants submitted responses via a web form for comparison with
expert annotations.

Participants’ feedback: Participants used a seven-point Likert scale to evaluate intuitive-
ness, efficiency, satisfaction, and likelihood of recommending each framework, as
well as the ease of use, speed, efficiency, and satisfaction of each feature.

To evaluate whether the proposed incremental querying framework offers a practical
advantage over standard navigation approaches, we measure effectiveness (precision,
recall), efficiency (completion time) and user satisfaction (user feedback). Precision and
recall are computed from comparing participants moments with expert annotations and
descriptive statistics are performed on completion time, precision, recall and user feedback.

To compare features and extract user strategies, descriptive statistics on user feedback
were performed and a semi-structured approach, combining in-session notes and log
analysis, was employed to understand participants’ strategies. Participants” workflows
were visualized in subway-graph format to analyze user strategies (Section 5.2).

4.3. Implementation Details and Computational Cost

The experiment was performed on an ASUS TUF A15 FA507XI laptop (accompanied
with a Lenovo MOJUUO mouse and liyama XUB2529WSU screen) with the following
specifications: an Nvidia GeForce RTX 4070 (8GB GRAM) GPU, an AMD Ryzen 9 7940HS
w/ Radeon 780M Graphics x 16 CPU, 16 GB of RAM and an SSD-type internal storage of
512 GB. The employed operating system was Ubuntu 22.04.03.

Our proposed framework was implemented as a Python backend to provide the VLM
and video processing and an HTML5/ Vanilla ]S frontend to interface with the backend and
provide video interactions to the users. Python (version 3.8), Cuda (version 12.1), and Torch
(version 3.8) were used.

For comparability, the standard video navigation framework was also implemented in
HTML5/ Vanilla JS. Its features included reading the video with both mouse and keystrokes
(play/pause), speeding up/slowing down the video with keystrokes, pinpointing frames
with the mouse, and selecting video frames on a physical timeline, similar to what is
depicted in Figure 2a.

Table 2 details the computational resources and mean time consumption when query-
ing and processing the video of Scenario 0 (duration of 4 min 8 s, fixed to 10 FPS) using
our proposed incremental querying video navigation framework. Frontend interactions
(click/drag and drop on similarity threshold, click/drag and drop on timeline, click drag
and drop/selection on semantic plot) using this same video take around 5-10 ms to execute,
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making them usable in real time. This time increases the longer the video is but it still
remains under 50ms even for the longest video of our selected scenarios.

Table 2. Computational resources and time consumption for querying video of Scenario 0 in the
implementation of our proposed incremental querying video navigation framework. The values are
averaged from 100 runs.

Consumptionin Video Loading Model Loading Video Embeddings Text/Image Embedding Inference
Time 60 ms 0.35s 55.85s 3.503 ms 0.813 ms

5.75 MB (RAM)
183 MB (SSD)

Memory 1.18 GB (GRAM)  2.456 GB (RAM) 8 MB (RAM) /

5. Results

This section presents and analyzes the findings of our user study. We first compare
the proposed incremental querying framework to a baseline video player using standard
performance metrics (completion time, precision, recall) and user-reported satisfaction.
The aim of this comparison is to validate the incremental querying framework as a vague-
query-based egocentric video navigation framework. Then, we analyze how participants
engaged with the system’s features, on one hand, and what global strategies they employ
when dealing with vague video content retrieval scenarios, on the other hand, based on
interaction logs and structured feedback.

5.1. Quantitative Results

Table 3 shows the mean values for performance metrics between both our proposed
incremental querying framework and the baseline. The average completion time for
both frameworks (9.375 min for incremental querying, 9.042 min for standard) is almost
equal. Average precision is nearly identical for both frameworks (0.632 for incremental
querying, 0.63 for standard), but recall is markedly higher for standard navigation (0.398 for
incremental querying, 0.514 for standard). This suggests a key behavioral pattern for
participants using the incremental querying framework: they prioritize precision over
recall, filtering out potentially relevant frames that they perceive as less certain, likely due
to their interaction with the features and the model’s limitations.

We further examine the details for individual scenarios.

Table 3. Mean performance metrics for both video navigation frameworks (our proposed interactive
and incremental framework VS standard video navigation as baseline). Mean value is computed
across participants and scenarios.

Framework Completion Time (m) Precision Recall
Ours 9.375 0.632 0.398
Baseline 9.042 0.63 0.514

5.1.1. Completion Time

Figure 4a shows the mean completion time for both frameworks across all users for
each scenario. For scenarios S2, S5, S6, incremental querying performs better than the
standard framework, while for Scenarios 5S4, S3 and 51, the opposite trend is noticed, with a
huge gap of time completion for Scenario S1. Such a trend for S1 is due to learning effect,
as S1 was presented first for all participants, the distribution of moments in (widespread
and instantaneous compared to other scenarios) and the video length (43 min 25 s, the
longest presented video).
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completion time (m)

5.1.2. Precision and Recall

Figure 4b,c display mean precision and mean recall, respectively, for each scenario
based on both frameworks. The incremental querying framework outperforms the standard
framework in precision and recall for Scenario S4, a complex task that requires identifying
the winner a card game. This highlights the strength of the framework in addressing vague,
multi-step scenarios. In contrast, Scenario S3, another multi- step and vague scenario, sees
standard navigation performing better, especially in recall. The instructions distinguished
between finding an object and identifying when an action occurs on said object, which
confused several participants (P1, P2, P4, P6).
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Figure 4. Box plots of mean (across scenarios) metrics for comparison between incremental querying
(ours) and baseline video navigation frameworks. (a) Both frameworks perform similarly, with the
exception of S1 where the baseline outperforms our proposed framework by far, likely due to
learning effect, distribution of moments in the video and video length. In terms of precision (b), both
frameworks perform comparably, and overall recall (c) is higher for standard navigation, highlighting
a trend for users to prioritize precision over recall (filter less relevant results).

5.1.3. Participants” Feedback for Framework Comparison

Figure 5 shows the mean and standard deviation values of the answers for each state-
ment by participants. Overall, participants think that the standard navigation framework
is more intuitive than the incremental querying one (over one point difference), a result of
the familiarity with standard frameworks for video navigation. When it comes to efficiency,
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satisfaction and whether participants would recommend a framework, there is a tendency
of preferring the incremental querying framework over the standard navigation framework.

5.1.4. Participants” Feedback for Feature Comparison

Figures 6 and 7 show the mean and standard deviation of the answers to all statements
(feature is easy to use/ fast/efficient/satisfying) for each feature of the incremental query-
ing framework. The average values (Figure 6) show that the image search feature is the
least-liked feature. The detailed values for each category (Figure 7) show that participants
think that it is quite intuitive (over 5) but are overall not that satisfied with the perfor-
mance (average 4), highlighting that the feature is not working as intended and requires
further refining.

7 o o a - ® o - a - Legend
@ ours
@ Baseline
—— Median
. .ﬂ g . .,ﬂ
4 o a — o

1

easiness efficiency satisfaction recommendation

Figure 5. Box plot of participants” global appreciation for comparison of the different features of the
incremental querying framework (7-point Likert scale). While participants think that the baseline
framework is easier to use due to their familiarity with standard video navigation/playing, partici-
pants overall appreciate our framework over baseline methods for navigating egocentric videos.

The three most-liked features are textual search, thresholding and semantic plot
navigation. The latter shows high scores of performance appreciation (both speed and
efficiency) which displays the value participants put into this feature.

- PSR N Features Mean | Std. Deviation
s Image scarch | 4.406 1.588
54 Timcline | 4.875 1.528
T Semantic plot | 5.219 1.084
87 Thresholding | 5.281 1.117
2 Text search 5.344 1.421

1 T T T T T
image search timeline semantic plot thresholding text search

(a) Mean scores with std. deviation bars (b) Corresponding numerical values

Figure 6. Comparison of participants’ global appreciation of the different features of the incremental
querying framework (7-point Likert scale). (a) Mean scores with standard deviation bars for each
feature, highlighting the top three (text search, thresholding, and semantic plot navigation) within a
dashed red box. Notably, semantic plot navigation received comparable appreciation to text-based
and thresholding interactions despite its relative complexity. (b) Corresponding numeric values with
means and standard deviations, confirming the close clustering of top-rated features and the lower
appreciation for image search. These values were obtained by computing the mean values per feature
in Figure 7.
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Figure 7. Comparison of participants’ category-based appreciation of features in the incremental
querying framework (7-point Likert scale). The graph represents mean and std. deviation values for
the appreciation of each feature based on 4 categories: ease of use (green), speed (yellow), efficiency
(blue) and satisfaction (pink)

5.2. Analysis of Participants Search Strategies

Figure 8 displays the extracted participants” workflow for each scenario. Several key
patterns can be identified:

Search initiation: Participants started 79% of scenarios with textual querying while the
other 21% of scenarios were initiated with temporal navigation. While the Graphical
User Interface (GUI) may have influenced participants’ initial choice, this shows the
immediacy of textual querying and its accessibility in the design.

Query refinement: Several strategies were employed for refining the initially entered tex-
tual queries.

Thresholding + temporal navigation: a strategy used in 42% of the workflows (across
participants and scenarios) that consisted of a back and forth between setting a
manual threshold on scores and temporally navigating the frames with scores
above said threshold. This strategy was sufficient for P2 for answering Scenario
1, it was used alongside iterative textual querying by P1 for answering Scenario
3 and P5 for answering scenarios 5 and 6 and P7 for answering Scenario 6, and it
was augmented by semantic navigation in the other cases.

Checking scores + temporal navigation: Two participants chose to manually infer
the frames to temporally navigate and select from the shape of the score curve
instead of using the horizontal bar tool to set a physical threshold that automat-
ically highlights the frames with high scores as shown in Figure 2b. While P4
did not understand the feature, P6 made a deliberate choice to bypass it. This
suggests that the manual curve inspection held perceived advantages in clarity
or control over the more automated threshold mechanism.

Semantic navigation: This emerged as a key strategy in 45% of workflows. Some
participants used it to supplement temporal methods (P5, P6, P7 and P8), while
others (P2 and P4) completely abandoned the temporal score curve for the
semantic representation to visualize scores on frames and search for the objects
specific to each scenario.
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Full temporal navigation: In Scenario 4, P7 solely relied on temporal navigation,
i.e., they navigated the video in a standard way (no incremental querying), while
P8 attempted a textual query but later relied only on temporal navigation.

Moment selection: Four strategies were observed for moment selection before copying
them to the answering web page:

1. Full reliance on manual, temporal-guided moment selection for all relevant
moments, then copying (P2, P4, P6, P7, P8);

2. Using the automatic threshold selection function, then refining the results
through addition or deletion of specific moments (mainly deletion), then copy-
ing (P1, P2in S1, P5, P7 in S6, P8 is S6);

3. Using the semantic plot selection feature, then refining the results through addi-
tion or deletion of specific moments (mainly deletion), then copying (P3, P5);

4. Full reliance on manual, temporal-guided moment selection for a portion of
relevant moment, then copying, then repeating the process every time a new
textual query and query refinement iteration is performed (P1 in S1).

These varied moment selection strategies reflect differing levels of trust in the system’s
automatic highlighting and the importance of providing a flexible and multimodal
framework for exploratory and verification tasks.

Reliance on temporal navigation: It persisted in 62% of interactions, often in conjunction
with other features. P3 thinks that a hybrid video navigation method that combines
features of both frameworks would be more efficient, while P6 would have preferred
to sequentially navigate the video for some scenarios. This highlights the influence
standard video navigation has on users even after the familiarization scenario and
the limitations put in the GUI to minimize this effect.

Strategies of semantic navigation: Semantic navigation was used at least once for each
scenario with diverse strategies: while P2 and P4 used the semantic plot to pinpoint
specific moments or objects, P3 selected areas with a high density of high scores,
P5 relied on the semantic plot clusters to identify similar frames, P6 used it as a
progression checkpoint, and P8 tried to identify frames with a specific camera angle.
This highlights the expression power of the semantic space.

Under-reliance on image querying: Scenario SO aside, participants hardly ever used image
querying, which corroborates the results of Section 5.1.4. P1 and P2 think that it is
counter-intuitive, while P5 and P7 were dissatisfied with the returned scores. This
confirms that the feature needs to be improved for better disambiguation efficiency.

The observed user strategies reveal notable patterns in addressing query vagueness.
For disambiguation challenges, on one hand participants relied heavily on semantic nav-
igation to differentiate between possible interpretations of ambiguous terms—visually
exploring clusters in the semantic plot to distinguish between different instances of ob-
jects, namely the plants in Scenario 2 and sugary food in Scenario 5, which aligns with our
proposed disambiguation mechanism (Section 3.4.1). On the other hand, participants under-
used the image search feature despite its potential for “instantiating” ambiguous terms.

For incompleteness refinement, the predominant “thresholding + temporal navigation”
strategy demonstrates how users iteratively build understanding through incremental
exploration, which aligns with our proposed mechanism (Section 3.4.2). The persistence of
temporal navigation as an initial entry point for the search while being later supplemented
by score and semantic representations suggests participants appreciate the enhancement
of familiar interactions by multimodal interactions when dealing with vague scenarios.
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These patterns indicate that effective vagueness resolution benefits from multimodal input
flexibility and hybrid navigation approaches, confirming the need for frameworks that
support incremental query enhancement rather than expecting precise initial formulations.
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Figure 8. Participants’ strategies for answering experimental video navigation scenarios reconstructed
from logs and in-session expert notes. Each colored path represents the sequential interaction
workflow for each participant (P1-P8) through macro operations, including (but not limited to) the
features of our proposed video navigation framework (e.g., text query, timeline navigation, semantic
plot selection, etc.). Start and end points of each participant’s interaction are marked with ‘S” and
‘E’, respectively. The diagram reveals diverse usage patterns across scenarios, including repeated
module visits, reliance on specific query modalities, and variations in navigation behavior. This
representation was constructed through an analysis of logged tool interaction events during task
performance, piloted by in-session expert notes and user feedback.

6. Discussion

In this work, we defined vagueness in queries based on the nature of the queries them-
selves as well as the resulting moments. Also, we limited the factors that induce vagueness
in queries to either incompleteness or ambiguity. This definition helped us consider a
sub-problem of the general concept of vagueness. However, by treating results as a dis-
crete set of moments, our current framing simplifies the temporal nature of video content,
which is inherently continuous. While this simplification enabled practical reasoning and
implementation, future work could refine the definition to better capture the continuity of
moments, as well as consider erroneous queries and other types of vague queries (such as
abstract or complex queries) in the design of the egocentric video navigation frameworks.
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6.1. Framework Design

Our approach leverages the power of zero-shot content retrieval, using an off-the-shelf
vision-language model in an interactive video navigation framework to enable egocentric
video navigation based on vague semantic queries. This method proved effective, as evi-
denced by the performance of our framework. Future works can delve into improving the
way the similarity scores are obtained in several ways.

* Engineering prompts to improve the accuracy of queries, especially image-based
queries. Multi-sentence textual queries can be divided into several smaller queries and
an aggregated score can be computed ([43]). Image queries can benefit from upscaling
or transformation into text with generative Al to ensure same modality encoding.

e Testing other vision-language models such as Yolo-world [94] or EgoCLIP [18] (which
was pre-trained on egocentric videos) to determine if they improve similarity scores.

*  Sound modality: Most videos are audio-visual and a great deal of information is found
within the audio modality. The framework would benefit from encoding sound and
including it when querying videos.

*  Refining score computing using, for instance, image segmentation techniques like
SAM [95] to identify and encode individual objects within video frames separately
and then computing an aggregated score measure.

e Improving interaction design such as image search or thresholding to function as
intended or removing limits on timeline navigation to have a hybrid framework,
as mentioned by participants.

Privacy and Security Concerns

While our framework treats the VLM (CLIP) as a frozen, unmodified black box
and does not engage with model training or fine-tuning, it is important to acknowledge
potential security risks. Vision-language models have been shown to be vulnerable to
adversarial prompts and clean-label backdoor attacks in other domains [96], although such
threats are not directly addressed in our work. Given that our framework places moment
selection in the user’s control via interactive refinement, we expect some robustness to
these attack vectors in practice, but this remains untested.

More critically, our framework deals with egocentric and potentially personal or sensi-
tive video data, which raises serious concerns regarding data security, consent, and storage.
Our current implementation was designed to locally process videos when extracting em-
bedding vectors, but we did not test its scalability for very large videos (4 h+). Also, our
current implementation does not address encrypted storage and strong access controls
to protect user privacy. Future deployments of such systems must consider secure and
scalable solutions for data storage and processing.

6.2. Experimental Validation

Eight participants navigated videos using the proposed incremental querying video
navigation framework and the standard video navigation framework. Quantitative results
show that the incremental querying framework performs comparably to the standard
framework in terms of time and precision. Participants prefer the incremental query-
ing framework, highlighting its usability and effectiveness. The textual search, score
thresholding, and semantic plot interactions of the proposed framework are highly valued.
Participants’ preference for semantic plot interactions indicates effective use of the frame-
work without over-reliance on temporal navigation. Qualitative results and log analysis
reveal that participants favor traditional navigation methods (sequential navigation, tex-
tual search) for initiating their search. They also tend to take coarse retrieved moments
and eliminate outliers over time, benefiting from the expression power of semantic video
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representations for this process of moment refinement. Overall, the results provide insights
into user approaches to video navigation based on vague information.

These results are preliminary as testing was performed on only eight participants who
were all French and consisted mainly of young (18-34 years old) students. This low number
was chosen for the sake of facilitating behavior and strategy analysis over comparing
methods. Future research should conduct extensive validation with a larger, more diverse
participant group in order to apply robust statistical tests (ANOVA [97]) to validate this
proposed incremental querying video navigation framework.

Also, our controlled setup had participants navigate egocentric videos that were not
their own with simulated knowledge of said videos through contextual and visual ques.
Future testing could explore semi-controlled setups where participants film their own
first-person videos while performing predefined controlled tasks and are asked to navigate
these videos.

Finally, we chose a standard video player as a baseline for evaluating the usability of
our solution. Future tests can compare our interactive video content retrieval framework to
end-to-end zero-shot video content retrieval frameworks in terms of efficiency in handling
vague semantic queries in video content retrieval tasks.

7. Conclusions

This paper investigated user strategies in navigating egocentric videos based on vague
semantic queries. First, we limited vagueness to incompleteness and ambiguity. Then, we
designed several VLM powered video interactions integrated in a user-centered video con-
tent retrieval framework that supports incrementally refining such vague queries. Next, we
extracted user strategies for video navigation and evaluated the usability of this framework
with standard video navigation frameworks in an experimental video navigation setup.
We found that users employ diverse strategies to answer each scenario of video navigation.
Overall, they favor usual navigation methods such as sequential navigation and textual
search to obtain initial results, favor precision over recall and adopt an elimination process
strategy for refining their query’s resulting moments, and highly value interactions based
on the semantic proximity of frames for both content exploration and result refining. This
user strategy analysis highlights the need and the added value of flexible video interactions
for incremental query enhancement. We hope this encourages future works to conceive
interactive and incremental query-refining video navigation systems, especially works that
deal with egocentric video footage obtained from the processing of wearable devices (i.e.,
cameras, smart glasses, etc.).

Future research could also explore enhancing the framework by incorporating the
audio modality, among others, refining the interaction design to further improve usability,
expanding the framework to handle a broader range of vague queries and conducting
extensive validation with a larger, more diverse participant pool.
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Appendix A. Experimental Setup

Table A1 shows the association between the experimental study scenarios (explicated
in Table 1) and the Ego4d dataset videos. All videos were used as is, aside from the video
of Scenario 6, which was truncated to its first 37 min.

Table A1. Scenarios used in the experimental setup alongside the Ego4D dataset identifier of their
associated video.

n° Title Ego4D Video ID

0 Camping b8b4fc74-e036-4731-ae03-4bfab7fd47b9
1 Fire alarm triggers 1bec800a-c3cf-431f-bf0a-7632ad53bcb7
2 Water the plants 24a27d£2-892b-4630-909a-6e1b1d3cf043
3 Where are my papers?  1bec800a-c3cf-431f-bf0a-7632ad53bcb7
4 Who won? 915a7fd2-7446-4884-b777-35e6b329{063
5 Diet e837708{-8276-4d2b-88b3-319cddabbf74
6 Warmups 6395f964-0122-4f16-b036-337c28488504

Appendix B. Textual Query Combination Logic

Textual-query-based search is a common interaction in information retrieval systems.
To ensure users do not over-rely on this interaction in the proposed video content retrieval
framework (Figures 1 and 2) and to promote the usage of incremental query building, we
limit the input to one sentence with the format subject + verb + object with the possibility
to add qualifiers to each sentence component. If users want to express more complex
concepts, they can add sentences and combine them pair-wise with ensemble operators
AND, OR, and DIFFERENCE. When computing the query scores, each sentence is processed
individually. When visualizing a score curve, the values reflect the scores of the focused
sentence alone. The operators are applied on the frames selected for each score curve.
Let there be two sentences E! = “potted plants” and E? = “bedroom”. Let the scores for
each sentence be S! and S?, respectively. If the operator to combine both sentences is
AND, the resulting selected frames F are the intersection of the selected frames from E!
using a first threshold #' and the selected frames from E? using a second threshold #?,
F = select(S', t!) N select(S?, t?). The combination logic is explained in Figure Al.


https://github.com/l-ablaoui/IQVN/releases/tag/v0.0.1
http://www.flaticon.com
http://www.pixabay.com
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Potted plant >
Similarity
AND score
process
Bedroom >

— ' z

Potted plant
> AND >
bedroom

Video timeline with selected frames (scores > threshold)

Figure Al. Combination logic for textual queries. Each entered sentence is processed alone and
produces its own score curve. A threshold is applied on each score curve and an ensemble operator is
applied on the selected frames sets.
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