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Abstract

There is a growing need to retrieve specific events or information
from personal lifelog data, but this is particularly challenging due
to the massive scale and the passive nature of data capture by lifel-
ogging devices. Current systems typically rely on image similarity
for single, isolated images, which struggle to capture the user intent
expressed in natural language and the semantic links between the
images and activities occurring over time. To address this issue, we
propose a novel lifelog retrieval framework that explicitly combines
both visual and temporal similarity in a multi-stage process, shift-
ing the focus from single images to coherent sequences of actions.
Our approach uses image embeddings to initialize a set of candi-
date images. Importantly, the system then re-evaluates the query
similarity based on action descriptions which contain temporal
information across image sequences. Action captioning, integrated
into the indexing process, captures richer temporal and seman-
tic context, allowing the system to distinguish between visually
similar but semantically distinct events. Additionally, the system
incorporates an evidence-based question answering mechanism, in
which the narratives of the retrieved sequences provide contextual
grounding for the answering model. The paper proposes a hybrid
retrieval framework that combines image similarity for candidate
initialization and visual-textual similarity for event retrieval. The
integration of action descriptions enables language-based tempo-
ral representation of events. These are extracted offline through
semantic content analysis and serve as the basis for building an
evidence-based Question Answering module using these narratives
as context. This approach helps bridge the gap between user intent
and the multimodal, temporally structured nature of lifelog data.

CCS Concepts

« Information systems — Users and interactive retrieval.

“Corresponding author

This work is licensed under a Creative Commons Attribution 4.0 International License.
LSC °25, Chicago, IL, USA

© 2025 Copyright held by the owner/author(s).

ACM ISBN 979-8-4007-1857-1/25/06

https://doi.org/10.1145/3729459.3748691

Dublin, Ireland
allie.tran@dcu.ie

tmtriet@hcmus.edu.vn

Graham Healy
School of Computing
Dublin City University
Dublin, Ireland
graham healy@dcu.ie

Keywords

lifelog, interactive retrieval systems, semantic embedding

ACM Reference Format:

Thang-Long Nguyen-Ho, Allie Tran, Minh-Triet Tran, Cathal Gurrin, and Gra-
ham Healy. 2025. T-EAGLE: Capturing Temporal Narratives via Sequence
Captioning and Text Matching. In Proceedings of the 8th Annual ACM Work-
shop on the Lifelog Search Challenge (LSC °25), June 30-Fuly 03, 2025, Chicago,
IL, USA. ACM, New York, NY, USA, 5 pages. https://doi.org/10.1145/3729459.
3748691

1 Introduction

Lifelogging devices have the potential to generate massive personal
archives, capturing our daily experiences in incredible detail. How-
ever, figuring out the best way to structure this data for efficient
storage and retrieval is still a challenge. Even with recent advances
in multimedia analysis and interactive embeddings (discussed in
Section 2), a significant challenge remains: understanding the intent
of the users, often subtly expressed in natural language. Specifically,
bridging the gap between the raw visual content and the meaning-
ful actions or events it represents is a core issue. Users frequently
search for memories linked to specific activities unfolding over
time, rather than merely seeking visually similar snapshots. This
necessitates a search system sensitive to both visual and temporal
understanding.

Our previous method (EAGLE [12]) mainly focused on retrieving
the most relevant ‘shots’ (single images) based on visual similar-
ity. To address this limitation, we group the results by part of the
day (morning, afternoon, evening) and by locations. While this im-
proved the interaction, it still relied on the user’s own knowledge to
find relevant results faster. To address this limitation more system-
atically, in this work, we propose a system that explicitly combines
visual and textual similarity in a multi-stage retrieval process. We
shift the focus from retrieving single images to identifying coherent
action segments, or ‘events’, represented by groups of temporally
consecutive images and the generated textual descriptions for them.
This allows for richer temporal context to be captured; for example,
while multiple images may depict the same airport scene, analyzing
a sequence and accompanying description can help distinguish
between ‘arriving at the airport’ and ‘leaving the airport’.
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Our system aims to bridge the gap between user intent and
lifelog content by using a combination of image and text similarity.
The system first interprets the user’s intent through natural lan-
guage input, then retrieves relevant candidates through a two-stage
process designed to identify specific events:

Stage 1: Candidate Retrieval: The system uses image simi-
larity via image embeddings along with metadata filters to
efficiently identify a set of candidate images that are visually
relevant to the query. This is the initial search step to locate
images that are likely to contain results.

Stage 2: Event Retrieval as Document Retrieval: The system
then treats the textual descriptions (narratives) of action
sequences (events) as documents. It then performs document
retrieval by measuring the textual similarity between the
user query and these narratives to retrieve the most relevant
action sequences. These ‘documents’ contain both narrative
and timing information for each event.

For answer-type questions, our method can provide Evidence-
Based Answers: At this point, the narratives of the retrieved action
sequences act as contextual evidence, which a Large Language
Model uses to determine the final answer.

In conclusion, this work presents a framework that explicitly
integrates image similarity for candidate identification and text
similarity for retrieving specific actions or events. A key contri-
bution of this approach is treating temporal action as documents,
which allows more contextual information to be compressesed into
each image representation. To facilitate the temporal representa-
tion, our system incorporates action description directly into the
indexing process. Finally, the effectiveness of this methodology
is demonstrated through an evidence-based question-answering
mechanism, which uses these textual descriptions as contextual
grounding for a large language model to perform reasoning and
answer user queries.

2 Related Work

Research in the area of lifelog search often focuses on locating
specific moments or recalling information within personal data
archives. Benchmarking activities such as the Lifelog Search Chal-
lenge (LSC) [4-7] serve as an annual evaluation platform for state-
of-the-art interactive lifelog retrieval techniques. This section re-
views the main approaches used in modern lifelog search systems
and how they have been improved over time to enhance the search
process.

Many of the systems at LSC’24 have leveraged the capabilities of
Vision Language Models (VLMs) such as CLIP [14] and BLIP [11] to
generate rich semantic representations for both images and text. By
embedding these two modalities into a shared latent space, systems
such as LifeInsight 2.0 [19] (which combines CLIP and BLIP2) and
LifeGraph 4 [15](which integrates VLMs into the knowledge graph)
can perform semantic similarity-based search, going beyond the
limits of simple metadata or keyword matching. LifeSeeker 6.0 [9]
enriches their data using VLMs to automatically generate metadata
captions (CapMeta) to increase the level of content understanding.

However, some argue that understanding individual moments
is not enough; lifelogs are inherently a continuous flow of activi-
ties and events. This perspective was first introduced at the LSC
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workshops by MyEachtra [16], which proposed treating ‘events’
as the atomic units of retrieval. In this approach, event features
were constructed by aggregating the visual embeddings of the
images that belong to the same event. Building on the content
understanding foundation provided by VLMs, another key devel-
opment at LSC’24 was the segmentation of lifelog data into more
structured and meaningful units. Instead of looking at each image
in isolation, systems like Memento 4.0 [1] apply hierarchical event
segmentation to group related moments together, enabling retrieval
based on events rather than single images. MyEachtraX [17], a later
version of MyEachtra, further reinforces the value of retrieving
related event segments to answer complex multi-step questions.
MEMORIA [3] also aims to suggest and manage important events.
Structuring lifelog data into events not only makes management
and retrieval more efficient, but also aligns more closely with the
way humans organize and recall their memories, enabling more
complex forms of interaction. To enable users to interact intuitively
and effectively with both structured lifelog data (into events) or
semantically rich raw data, Large Language Models (LLMs) have
emerged as a key technology. LLMs enable systems to deeply under-
stand complex queries in natural language, engage in conversations,
and even reason to answer questions based on lifelog content. Mem-
oriEase 2.0 [18] and Memento 4.0 [1] are prominent examples of
conversational systems that use LLMs to interpret user intent and
orchestrate the search or question answering process based on seg-
mented events. MyEachtraX [17] adopts an advanced RAG [10]
architecture, where LLM plays a central role in combining informa-
tion from retrieved events to generate answers.

3 System

To address the challenges of lifelog retrieval based on user intent
and event context, we propose a system that integrates multimodal
processing and event-based inference. The system operates through
two main phases: an offline Indexing Phase, which prepares and
represents the data, and an online Retrieval Phase, which processes
user queries through a two-step procedure that combines visual
and textual information.

3.1 Data Representation and Indexing

This phase focuses on converting raw lifelog data into a structured,
semantically rich format suitable for efficient retrieval. Figure 1
describes the data preparation process.

indexing Phase

Extract Visual Embeddings

wtoogtneges | Tongorat sy | nctons caporio

Figure 1: Overview of the process flow before indexing data
into the database. Lifelog images are split into days, which
are then further divided into smaller segments. For each
segment, a narrative of actions is generated. Finally, both the
visual embedding and the action narrative embedding are
stored in the database.
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3.1.1  Visual Feature Extraction: All images in the lifelog dataset are
transformed into a visual embedding vector using a pretrained CLIP
model, which captures rich semantic content. To ensure consistency
in metrics at query time, we normalize features to remove the
influence of magnitude when calculating similarity.

3.1.2 Temporal Grouping and Event Segmentation: Recognizing
that events are temporally continuous and occur during the day, we
group temporally adjacent images into potential segments within a
day. Each group consists of 96! consecutive keyframes with high
information density [8], which has been shown to be effective in
capturing action sequences and identifying potential event bound-
aries. Each of these groups represents a basic ‘action sequence’.
For each action sequence, multiple action descriptions are gener-
ated. For each chunk, we use Tariser [20] model that is capable of
describing each action segment based on the visual content. These
natural language captions aim to represent both temporal infor-
mation and semantic context of the image sequence. At the same
time, we also compute and store a text embedding vector for each
caption using Stella Embedding [21] because of its balance between
model size and performance.

3.1.3  Indexing Storage: The visual embeddings extracted from each
image and the text embeddings corresponding to each generated
action sequence are stored in the Milvus vector database, which is
optimized for high-performance similarity search. At the same time,
relevant metadata such as timestamps and location information
are indexed and stored in Elasticsearch to support filtering and
composing general-purpose queries based on these attributes. Using
two databases enables efficient monitoring and scoring.

3.2 Retrieval Process

When a user issues a query Q in natural language, the system
performs the following multi-stage retrieval process, illustrated in
Figure 2.

3.2.1 Query Processing: The natural language query Q is processed
to generate an embedding vector using the image-text model, which
will be used for Candidate Selection Stage 3.2.2, and an embedding
vector using the action embedding model, which will be used for
Retrieval Stage 3.2.3. To understand the user intent and specific
entities, we use an Name Entity Recognition in English [13] to
extract specific entities such as locations, actions, and times of day
to be used as constraints and to score the returned results.

3.2.2 Stage 1: Visual Candidate Retrieval: The first stage focuses on
finding visually relevant images. The system performs a similarity
search in the image embedding space. Specifically, it retrieves the
top K images whose visual embeddings are closest to the query
embedding in the latent space of the model such as CLIP. This initial
candidate set is further filtered based on the metadata constraints
inferred from the query. The result of this stage is a set of potential
candidate images.

3.2.3 Stage 2: Text-based Event Retrieval: The candidate images
from the previous stage are mapped to the corresponding action
sequences to which they belong. The core of the method lies in this

'We use 96 consecutive keyframes, consistent with our video captioning model’s train-
ing [20], a length shown to effectively capture action sequences and event boundaries.
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stage, where we perform text-based retrieval, which is a form of doc-
ument retrieval. System then uses relevance scoring algorithms [2]
to retrieve k corresponding action sequences that are likely to
contain the answer. This process treats each action sequence as
a ‘document’ and retrieves the ‘documents’ whose descriptions
best match the user query, thereby integrating the temporal and
contextual contexts described in the narrative.

3.3 Evidence-Based Question Answering

In the final phase of the system, we focus on Question and Answer
(QA) generation. This phase operates on a Retrieval-Augmented
Generation architecture. The top-k action sequence narratives from
3.2 are considered most relevant to the user’s query as the context
for answer generation.

These narratives typically contain a sentence describing the
event segment and related structured metadata (JSON format) ex-
tracted and indexed from the dataset (Listing 1). Each action se-
quence is separated and typically accompanied by metadata.

This phase focuses on interaction with a Large Language Model
(LLM), which we use here as GPT-4. The input to the LLM is care-
fully constructed from the original user question, along with narra-
tive representations of the top-k retrieved action sequences.

;| Evidence fragment 1

s| Evidence fragment k (Timestamp:

User query: [User query]

(Timestamp: [timestamp]):
[Text of action sequence 1]
[json containing metadata of action sequence 1]

Evidence fragment 2 (Timestamp:
[Text of action sequence 2]
[json containing metadata of action sequence 2]

[timestamp]):

[timestamp]):
[Text of action sequence k]
[json containing metadata of action sequence k]

Instruction Prompt: Only based on the evidence fragments
provided above, answer the user's question. Think
carefully before giving the answers. If the answer cannot
be determined from the evidence, state so.

Listing 1: Structured Evidence Input Format

The number of pieces of evidence (K) represents a trade-off:
higher ’k’ values provide more potential evidence but also increase
the risk of introducing irrelevant information and may exceed the
answering model’s contextual processing or attentional capacity.
Conversely, lower 'k’ provides more attention but may miss the
necessary context. The LLM is asked to generate an answer based
solely on the provided context, ensuring that the answer is grounded
in the retrieved lifelog segments.

3.4 User interface

Inspired by the concept Natural Language Interface that our team
proposed previously [12], we continue to apply this philosophy
to the current interface to improve the user experience. The core
philosophy is to minimize active interactions and instead prioritize
passive feedback from users. The system interface is improved by
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User Query

Figure 2: System retrieval pipeline. After extracting entities using the parser, the system identifies potential candidates that may
contain the answer. Next, it maps these candidates to action sequences that include them and retrieves the complete segment.
Subsequently, it uses action narratives embeddings to rerank the candidates and select the top ones for answer composition.

Relrieval Phase

Candidate Images }—bl Map Images to Sequences }—\ / Display results
Text Similarity Search }—PI Ranked Action Sequences
Evidence-Based QA LLM '—'
—

ﬁ| Similarity Search I—>

Query and filters

Index Store:

Answer

Dataset QO Lsc Strategy QO Linear search User information

Press =3 to start

Group by week Group by day Group by event Group by scene

Figure 3: Our system interface displayed eight moments on the screen at once. Users can group these moments in various ways,
including by week, day, event segment, or location. Searching begins with a search bar where users can input queries in natural
language, which are then converted into system language to retrieve the results.

eliminating functions that require complex direct input, aiming for optimization proves to be robust, works well with a wide range of
users to mainly control the system through simple text interactions. queries, and is suitable for different user preferences.

Unlike traditional interfaces that often contain many input fields
(e.g. searching by metadata, entering multiple fields to determine
time) that require users to analyze and become familiar with how 4 Conclusion
the system operates. Our new user interface focuses only on viewing
and grouping images. To minimize interactions, the user interface
only provides a single text input field. After the user enters a query,
the system automatically executes the algorithm to find the results,
thereby completely eliminating the need for the user to have any
background knowledge about the system. Figure 3 illustrates the
main interface of our system.

This concept provides a higher level of satisfaction than tradi-
tional natural language interfaces. The increased focus on algorithm

We proposed a temporal query-focused version of EAGLE, intended
to improve understanding of user intent expressed in natural lan-
guage, and to capture temporal links between images by shifting the
focus from single images to coherent action sequences, combining
visual and temporal similarity in a multi-stage process.

The system utilizes image similarity for initial candidates. Then
refines the results using textual similarity based on action narratives
for image sequences. The system considers these sequences as
’documents’ for retrieval. Integrating action captioning into the
indexing process captures richer temporal and semantic context,
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distinguishing between visually similar but contextually different
events.

Furthermore, the system incorporates an evidence-based question-
answering mechanism where the narratives of retrieved sequences
provide context for a Large Language Model to generate answers
grounded in the lifelog data. This approach effectively bridges the
gap between user intent and the complex, multimodal, temporal
nature of lifelog archives.
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