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Abstract

Lifelog Question-Answering (QA) has become an important applica-
tion of lifelogging, answering questions posed over personal lifelog
data to help lifeloggers gain insight into their lives, from lifestyle
analytics to past-event reflection and behavioural patterns. Building
on our previous work on lifelog retrieval, we present MemoriEase
4.0, our system for the Lifelog Search Challenge 2026 (LSC’26),
which targets the QA task using reasoning large language mod-
els (LLMs). The system adopts a Retrieval-Augmented Generation
(RAG) approach to answer questions. For complex questions that
require aggregating information, such as counting or comparison
across time, reasoning LLMs analyse the retrieved evidence step by
step before producing an answer. At the live competition, Memo-
riEase 4.0 finished third overall among fifteen teams and recorded
the strongest ad-hoc retrieval performance. Our analysis further
identifies answer latency and aggregation accuracy as the princi-
pal challenges that remain for competitive lifelog QA. Beyond the
challenge, the system aims to evolve into a complete assistant for
everyday lifelog utilisation.
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1 Introduction

Lifelogging is the passive collection and storing of lifelog data.
Lifelog data includes Point-of-View (PoV) images, health metrics,
location, et cetera [6]. The people who collect the data are called
lifeloggers. Wearable cameras are used to capture PoV images to
store what lifeloggers see. Smartwatches can be used to collect
health metrics and location data. Phones and computers can be
used to collect emails, e-commerce shopping, and internet activ-
ities. From all the data sources combined, the lifelog data reflect
the lives of lifeloggers. Many applications utilise the lifelog data
to create value, from health monitoring to activity recommenda-
tion, and especially retrieval [3, 4, 10]. Lifelog data can be used to
monitor daily activities of patients, from eating and drinking water
to exercising and provide comprehensive details to doctors about
patients’ conditions. In addition, based on recorded past activities,
recommender systems can suggest exercise activities like walking
or jogging to avoid sitting too long. Some smartwatches already
utilise users’ health metrics to plan a personalised training pro-
gram, like running with a specific pace and duration, to optimise
for health improvement. These applications show a big potential of
lifelog data in various domains, but lifelog retrieval is still one of
the most potential to use lifelog in real life.

Lifelog retrieval is one of the most popular tasks in lifelogging,
and has significant potential to improve our memory through digital
storage [19]. In general, this task aims to find relevant lifelog data
from a query. For example, with the query “Find images of my last
trip to Vietnam, when I was on the beach””, the retrieval system
tries to find all relevant PoV images with the beach scene and
ensures that the location is in Vietnam. This task helps lifeloggers
to remember their experience, find lost items by tracing back the
lifelog, or serve as evidence of doing something at a time. Thanks to
its huge potential, there are several challenges for lifelog retrieval,
like NTCIR Lifelog [32], ImageCLEFlifelog [15], and Lifelog Search
Challenge (LSC) [7, 8], the longest-running interactive benchmark
for lifelog retrieval.

The Lifelog Search Challenge (LSC) has become a primary bench-
mark for evaluating interactive retrieval systems. This challenge
provides a large-scale lifelog dataset and participating systems to
find the answer as fast as possible to gain a high score. Within
this challenge, researchers focus on three main sub-tasks: Known-
Item Search (KIS), which targets a specific, unique moment; Ad-hoc
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Search (AD), which aims to retrieve various relevant results for
a broader query; and Question-Answering (QA), which requires
generating precise textual answers from the data. For KIS and QA
sub-task, participants are given 300 seconds to find the answer to
the query/question. For AD sub-task, participants need to find as
many as relevant images in the time frame of 180 seconds. For the
KIS sub-task, there are 6 hints in total and released every 30 seconds,
while the other two sub-tasks have only 1 completed query. The
scoring function of LSC considers both the time to correct submis-
sions and the number of wrong submissions to create a truthful
evaluation.

One of the main challenges of lifelog retrieval is the large-scale,
multimodal, and highly personal nature of lifelog data. A typical
lifelog dataset may contain hundreds of thousands of images along
with heterogeneous metadata such as time, location, and semantic
concepts, making efficient and accurate retrieval difficult. Moreover,
queries are often expressed in natural language, containing implicit
temporal, spatial, and semantic constraints, which require the sys-
tem to understand both visual content and contextual information.
The LSC’26 dataset [21] contains approximately 18 months of rich
multimodal lifelog data, including wearable camera images, biomet-
rics, activities, and locations, consistent with the dataset used in
LSC’25. More information about the dataset will be provided later.

Due to these challenges, lifelog retrieval systems increasingly
adopt embedding-based approaches using vision-language mod-
els to map both queries and images into a shared representation
space, enabling more effective semantic matching. In our previ-
ous work, MemoriEase [24, 25, 27], we proposed a conversational
lifelog retrieval system that integrates semantic embedding-based
retrieval with a Retrieval-Augmented Generation (RAG) framework
[12] to support both search and question-answering tasks. The
system leverages vision-language models such as CLIP [18] and
BLIP2 [13] for effective text-to-image semantic embedding-based
retrieval. Additionally, MemoriEase 3.0 [24] incorporates a con-
versational user interface that allows users to interact naturally
with their lifelog data. To address complex queries, particularly in
the QA task, we introduced a retriever—reranker—reader pipeline,
where relevant lifelog moments are first retrieved, then reranked
using a cross-encoder model, and finally passed to a large language
model to generate answers. This approach demonstrated a top-3
performance at LSC’25 [8], showing the effectiveness of combining
multimodal retrieval with LLM-based reasoning for lifelog under-
standing.

In this year’s challenge, we present MemoriEase 4.0, an enhanced
version of our system with a particular focus on improving perfor-
mance for retrieval with new embedding models and handling ag-
gregation questions in the QA sub-task. We introduce SigLIP2 [28]
into our embedding-based retrieval to enhance the retrieval perfor-
mance. We also extend our previous RAG pipeline by incorporating
reasoning-capable LLMs to better handle complex queries that re-
quire counting, comparison, and multi-event reasoning across time.
Despite these enhancements, we retain the core strengths of our
system, including the conversational search paradigm and main
user interface interaction, allowing users to interact naturally with
their lifelog while benefiting from more advanced reasoning and
retrieval capabilities under the hood.
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2 Related Works

LSC has attracted numerous participants from all over the world in
previous challenges. In this section, we review notable participating
systems from the last challenge to illustrate work on interactive
lifelog retrieval.

Embedding-based retrieval remains a dominant paradigm among
LSC’25 participants. lifeXplore 2025 [17] investigates whether search
over text descriptions generated by ChatGPT and BLIP2 outper-
forms direct embedding-based retrieval using OpenCLIP, conclud-
ing that embeddings consistently yield superior results, with an
OpenCLIP ViT-H-14 model trained on the laion2b dataset achieving
the best performance, especially when queries are refined by remov-
ing unusable information and applying temporal filters. SnapSeek
3.0 [9] extends the embedding-based approach with enhanced scene
understanding, incorporating scene graph generation, object re-
lationships, spatial context, and Activities of Daily Living (ADL)
annotations, while also introducing an interactive feedback mecha-
nism and flexible temporal reasoning framework to support more
complex and context-aware queries.

Several systems take a structured or knowledge-driven approach
to retrieval. LifeGraph 5 [20] presents the fifth iteration of a multi-
modal knowledge graph for lifelog retrieval, introducing a novel
SPARQL-powered user interface built on the MediaGraph store
(MeGraS). By elevating multimedia documents to first-class cit-
izens within the knowledge graph, the system enables complex
queries with similarity-based search and near-duplicate detection
using native SPARQL syntax. MEMORIA [5], which achieved the
best overall score at LSC’25, takes a comprehensive annotation
pipeline approach, processing images through an ensemble of mod-
els including PaddleOCR, YOLOv11, BLIP2, ClipCap, and Places365
to produce rich OCR, object, captioning, and scene annotations
stored in PostgreSQL, augmented with an automatic query parser
leveraging NLP and LLM techniques.

Temporal and sequential reasoning is another key theme at
LSC’25. T-EAGLE [14] focuses on capturing temporal narratives
by combining sequence captioning with text matching, enabling
the system to reason across ordered sequences of lifelog moments
rather than treating each image independently. MyEachtraX [22]
is a mobile-first QA-oriented system that centres the question-
answering process around early, high-quality event retrieval using
semantic and time-weighted fusion, prioritising temporal context
for accurate query resolution. LifeSearch [16] proposes a multi-
modal approach that integrates heterogeneous lifelog modalities to
support expressive search across the dataset.

The other systems at LSC’25 explore novel interaction paradigms.
LUMINA-1 [11] introduces a virtual reality workspace for lifelog ex-
ploration, supporting gaze interaction, hand gesture detection, and
speech-to-text input to enable a fully immersive and locomotion-
free retrieval experience, with strong results on atomic QA subtasks.
VitaChronicle 2.0 [31] focuses on user experience design with a
dual-mode interface catering separately to novice and expert users,
applying established UX/UI principles to lower the barrier to entry
for interactive lifelog retrieval. U-Cker [29] is a prototype system
exploring foundational interactive retrieval capabilities within the
LSC framework. Across all participating systems, a clear trend
emerges: the combination of powerful visual-language embeddings,
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Figure 1: Overall architecture of MemoriEase 4.0

rich multimodal annotations, and LLM-assisted reasoning is becom-
ing the standard architecture for high-performing lifelog retrieval
systems, which motivates the improvements we introduce in Mem-
oriEase 4.0.

3 MemoriEase 4.0

In this section, we present the MemoriEase 4.0 interactive lifelog
retrieval system. As stated in section 2, we will only present new
enhancements and developments of MemoriEase in this fourth
version. All other parts remain the same, with details that can be
found in the MemoriEase 3.0 paper [24]. Figure 1 illustrates the high-
level architecture of the system. Overall, images are grouped into
events based on temporal and spatial metadata, and keyframes for
each event are embedded into embedding vectors by SigLIP2. The
metadata and event descriptions, generated by a captioning model,
are processed into tabular data and indexed into Elasticsearch along
with the embeddings. More details about the data processing and
indexing stage can be found in section 3.1. The retrieval mechanism,
with different types of search like conversational search and visual
similarity search, uses queries from users to encode to SigLIP2
embeddings before searching on Elasticsearch. The returned results
are processed and displayed to users in the interface. Information
about the retrieval and interface is provided in section 3.2 and 3.4.
The new enhancements in QA for addressing aggregation questions
are presented in section 3.3.

3.1 Data Processing and Indexing

The LSC’26 dataset contains approximately 18 months of contin-
uous lifelog data, consistent with the LSC’25 dataset, including
wearable camera images, biometrics, activities, and location data.

3.1.1  Description Generation. For each event, we generate a short
description using a Vision Language Model. We choose Qwen3-
VL 4B Instruct [2] to generate the description, thanks to its SOTA
performance in text-image understanding tasks. The description is
used for the QA section, which will be discussed later. The images
representative of each event are embedded into a vector embedding
of 1152 dimensions.
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3.1.2  Metadata Extraction. For each image, we extract and process
a comprehensive set of metadata fields to serve as filters during
retrieval. Specifically, we extract temporal metadata including local
time, hour of day, day of the week, weekend flag, and time period
(morning, afternoon, evening, night), as well as spatial metadata
including city and semantic location name. The semantic location
name is from [23]. Biometric signals and activity labels available in
the dataset are also indexed as additional metadata fields to support
queries involving health or activity context. We also implement
an automatic filter extraction from the query, which will automati-
cally extract filters such as hour, day, time period, location, etc. It
is a new improvement compared to our last rule-based filter ex-
traction module. Finally, all metadata fields, image embeddings,
and textual descriptions are indexed into an Elasticsearch vector
database, where metadata fields serve as pre-filters applied before
embedding-based similarity computation to narrow the candidate
pool and improve both retrieval speed and accuracy. The embedding
is stored as a dense vector with cosine similarity as the pre-defined
similarity score. The indexed data is ready for retrieval, which is
presented in the following section.

3.2 Retrieval

MemoriEase 4.0 supports two retrieval modes: text-to-image re-
trieval and image-to-image retrieval. These modes can be combined
to support the diverse query types encountered in the KIS, AD,
and QA sub-tasks. There is not much news in this retrieval section
compared to last year’s system.

3.2.1 Text-to-Image Retrieval. Text-to-image retrieval is the pri-
mary retrieval mode, used for both the KIS and AD tasks. Given a
natural language query, the system first applies a query parser to
extract structured filters and a filter-free semantic query. The filter-
free query is then encoded into an embedding vector using SigLIP2
[28]. The query embedding is compared against pre-indexed image
embeddings in the Elasticsearch database using cosine similarity,
and a ranked list of results is returned to the user along with the
corresponding metadata.
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Figure 2: Conversational search interface

3.2.2  Image-to-Image Retrieval. Image-to-image retrieval supports as context to the reader LLM, which generates a free-text answer
the AD task through a relevance feedback mechanism. After an grounded in the retrieved lifelog evidence. We also integrate flight
initial text-to-image search, users can select one or more relevant data from [1] for the QA.

images from the result list and add them to a pool. The pooled Simple factual questions can be answered by the LLMs directly
images are encoded into SigLIP2 embeddings, which are then av- from the retrieved event descriptions. However, aggregation ques-
eraged and combined with the original query embedding using a tions that require counting distinct events, comparing quantities
weighted sum to balance the semantic intent of the original query across time intervals, or reasoning over sequences of activities pose
with the visual characteristics of the selected images. This enhanced a greater challenge, as they require the model to perform structured
embedding is used to retrieve a new ranked list of visually and se- logical inference rather than simple extraction. To handle such
mantically similar images from the database. queries, MemoriEase 4.0 incorporates reasoning-capable LLMs for

a dedicated aggregation reasoning pathway. When the system clas-
sifies a question as an aggregation query, it retrieves a broader set of

33 QA candidate events and their structured metadata from Elasticsearch.
The Question-Answering (QA) sub-task requires the system to Rather than passing unstructured text directly to the reader, the
generate precise textual answers from lifelog data in response system constructs a structured prompt that presents the relevant
to natural language questions. Questions in the QA sub-task can event records as a tabular or list-based context. The reasoning LLM
range from simple factual lookups (e.g., “What did I eat for lunch then performs step-by-step analysis over this structured context,
on Monday?”) to complex aggregation queries (e.g., “How many decomposing the question into intermediate reasoning steps before
times did I visit a gym last month?”) that require counting, com- producing the final answer. This chain-of-thought approach [30]
parison, or multi-event reasoning across time. Building on the re- significantly improves accuracy on aggregation tasks by reducing
triever-reranker-reader pipeline introduced in MemoriEase 3.0 hallucination and ensuring that numerical or comparative answers
[24] and the RAG pipeline from [26], we retain the same architec- are logically derived from the evidence.

tural backbone but replace the general-purpose reader LLM with
a reasoning LLM. The core pipeline operates as follows. Given a
natural language question, the system first retrieves the top-k most

relevant events from Elasticsearch using the SigLIP2 query em- 3.4 User Interface

bedding combined with metadata pre-filters. The retrieved events, The MemoriEase 4.0 interface is redesigned with a focus on accessi-
represented by their textual descriptions generated by Qwen3-VL bility and ease of use for new users while retaining the full feature
4B Instruct [2], are then reranked using a cross-encoder model to set required for competitive retrieval.

ensure the most contextually relevant events are prioritised. Finally, The conversational search page, shown in Figure 2, follows a
the top reranked events and their associated metadata are passed split-panel layout divided into a left conversational panel and a
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right result gallery. This layout allows users to simultaneously is-
sue queries and inspect retrieved results without switching views,
which is critical under the time constraints of the LSC competi-
tion. The left panel presents a chat-style interface built on a deep
purple background. Users interact with the system through a nat-
ural language input field at the bottom, labelled “Whatever you
want...”, with an amber send button. The conversation history is
displayed as a sequence of message bubbles: system messages ap-
pear in soft lavender bubbles, while user messages are rendered in
amber bubbles, creating a clear visual distinction between the user
and the assistant. The right panel displays the retrieval results as
a responsive five-column image grid. Each result card shows the
retrieved PoV image alongside a timestamp and, where available,
a semantic location label extracted from the metadata. Interactive
action controls are overlaid on each card, including a bookmark
button to save results, a folder button to group cards, a selection
checkmark to submit the image, and a magnifying glass to view
the image at a larger size. Results can be sorted either by semantic
relevance score or by temporal order using the toggle controls at
the top of the panel. A task-switching navigation bar at the top
right allows users to switch between the Home, KIS, AD, and QA
sub-tasks without leaving the current search context.

4 Results and Analysis

We report the official performance of MemoriEase 4.0 at the LSC’26
competition and analyse the system behaviour using the submission
logs exported from the evaluation server. The competition with 15
teams comprised 21 official tasks split across the three sub-tasks:
6 KIS, 6 AD, and 9 QA tasks. To obtain a single overall ranking,
each team’s average score within a sub-task is normalised against
the best-performing team in that sub-task, which is scaled to 1000
points; the three normalised sub-task scores are then summed to
give a final score out of a maximum of 3000. Where a team operated
with more than one expert (31 experts in total), only the best-
performing run is retained for that team.

4.1 Overall Performance

Table 1 presents the final standings of all 15 teams. MemoriEase
4.0 finished in third place with a normalised total of 2545.8 out of
3000, behind MyEachtra (2714.4) and VISIONE (2706.7). The margin
separating the top three teams is only 168.6 points (5.6% of the max-
imum). This result matches the top-3 finish of MemoriEase 3.0 at
LSC’25, demonstrating that the system continues to be competitive
at interactive lifelog retrieval.

4.2 Performance by Sub-Task

While the overall standing is strong, the per-sub-task breakdown
in Figure 3 reveals uneven performance. MemoriEase 4.0 was the
best system in the field at Ad-hoc Search, ranked third at KIS, but
fell to eleventh at the QA sub-task. However, this is the sub-task
targeted by this year’s enhancements.

4.2.1  Ad-hoc Search (1st of 15). MemoriEase 4.0 obtained the high-
est Ad-hoc Search score in the competition. The system returned a
correct relevant item for all 6 of 6 AD tasks, and did so at a median
time-to-first-correct of only 23 seconds, roughly twice as fast as
the overall median of 46 seconds (Figure 4). Because AD rewards
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Table 1: Official LSC’26 final standings. MemoriEase 4.0 is
highlighted.

# Team KIS AD QA Total
1 MyEachtra 951.7  831.8  930.9 27144
2 VISIONE 10000  880.7 8260  2706.7
3 MemoriEase  922.0 1000.0 623.8 2545.8
4 ExploringLife  689.6 9219 9019 25134
5 SnapSeek 813.8 8389 7246 23773
6 FOCAL 7122 8499 6619 22240
7 LifeGraph 903.9  549.1  763.9 2216.9
8 lifeXplore 501.4  603.0 7847 1889.1
9 EyeSpy 7244 5302 609.6  1864.2
10  FirstGen 765.9 6952  400.8 1861.8
11 Lumina-HT 6042 3388 7715 17145
12 MEMORIA 7427 3877 4919 16223
13 ChronoSeek 553.6 545 1000.0  1608.1
14  U-Cker 7224 3195 5502 15921
15 Vita Chronicle 6740  236.2 6337 1543.8

MemoriEase 4.0 performance by task type

1000

Normalised score

KIS Ad-hoc QA

Figure 3: MemoriEase 4.0 normalised score and rank.

as many as correct submissions, this result demonstrates that the
SigLIP2-based embedding retrieval introduced in MemoriEase 4.0
produces a dense, high-recall ranking of visually and semantically
relevant moments: the system repeatedly surfaced many correct
items per task thanks to visual similarity search within the short 180-
second window. Embedding-based visual retrieval is the strongest
component of the system.

4.2.2  Known-Item Search (3rd of 15). Performance on Known-Item
Search was also strong, with the system solving 5 of 6 tasks and
ranking third behind VISIONE and MyEachtra. The median time-
to-first-correct of 114 seconds was marginally faster than the field
median of 122 seconds. The single unsolved KIS task (LSC2622)
received three incorrect submissions, suggesting a retrieval miss
rather than a submission-strategy error. Overall, the KIS results
reinforce the conclusion from AD that the upgraded embedding
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retrieval and metadata pre-filtering pipeline is highly effective for
visually grounded search.

4.2.3 QA (11th of 15). In contrast to the visual-retrieval sub-tasks,
QA was the weakest aspect of MemoriEase 4.0, despite being the
headline focus of this version. The system solved only 6 of 9 QA
tasks and was the slowest where it did succeed, with a median
time-to-first-correct of 165 seconds against a field median of 137
seconds (Figure 4). The resulting normalised QA score of 623.8
placed the system eleventh of fifteen, well behind the category
leader ChronoSeek and the overall winner MyEachtra (930.9). This
is the clearest limitation in our results and merits a candid analysis,
which we provide below.

4.3 Discussion: Strengths and Limitations

Taken together, the results tell a coherent story. The strengths of
MemoriEase 4.0 lie in embedding-based visual retrieval. The mi-
gration to SigLIP2 embeddings, combined with automatic filter
extraction and metadata pre-filtering, yields a retrieval stage that is
both fast and precise: the system was the quickest in the field on Ad-
hoc Search, near the front on Known-Item Search, and consistently
maintained a low wrong-submission rate on both. For the search
sub-tasks that have historically defined the LSC, MemoriFase 4.0
is a top-tier system, and its third-place overall finish is driven al-
most entirely by this retrieval quality, with the Ad-hoc Search win
contributing a full 1000 points to the total. However, for QA task
where the metadata is limited, MemoriEase failed to find the correct
answer for questions.

The principal limitation is that the QA enhancements that mo-
tivated this version did not translate into competitive QA perfor-
mance. Inspecting the submission logs against the task ground truth
reveals three recurring failure modes. The most damaging is in-
complete recall on aggregation questions. On task LSC2603 (“How
many intercontinental flights did I take in 2019?”, ground truth
12), the system probed answers of 5, 6, 8, and 10 as it accumulated
evidence but never reached the full count, because the reasoning
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model can only count the events that retrieval surfaces; counting
accuracy is therefore bounded by retrieval completeness rather
than by the reasoning step itself. A second failure mode is tempo-
ral disambiguation due to lack of metadata in the QA task. In the
unsolved KIS task LSC2622 (“I stopped at the petrol station in the
evening”), the system retrieved visually correct petrol-station-at-
evening images but submitted instances from 2020 rather than the
target date in January 2019. Third, highly specific compound queries
caused retrieval misses, as on LSC2605, where a single wrong-event
answer was submitted nine months away from the target date. Com-
pounding these accuracy issues, the LSC QA sub-task is scored on
time-to-first-correct in the same manner as Known-Item Search,
so the latency of the retriever-reranker-reader pipeline and the
chain-of-thought aggregation pathway directly depresses the score
even when the final answer is eventually correct; our 165-second
median QA response time, slower than the field median, reflects
this overhead.

These findings directly shape our future work. The retrieval core
is already best-in-class and need not be the priority; instead, the
QA pipeline should be re-engineered for latency, for example by
caching event descriptions, pruning the reranking stage for simple
factual questions, and reserving the reasoning pathway only for
genuine aggregation queries. Improving the grounding of the reader
model to reduce unfaithful answers, and decoupling aggregation
accuracy from perfect retrieval recall, are the two most promising
directions for closing the QA gap while preserving the strong re-
trieval performance that already places MemoriEase among the
leading lifelog retrieval systems.

5 Conclusion

In this paper, we presented MemoriEase 4.0, an enhanced conver-
sational lifelog retrieval system designed to address the scale and
complexity of the LSC’26 dataset. Building on the strong foundation
of MemoriEase 3.0, our system introduces several key improve-
ments. We integrate SigLIP2 into our embedding-based retrieval
pipeline to improve semantic matching accuracy. We extend the
RAG-based QA pipeline with reasoning-capable LLMs to better
handle aggregation queries requiring counting, comparison, and
multi-event reasoning across time. Despite the significant dataset,
MemoriEase 4.0 retains the conversational search paradigm that
allows users to interact naturally with their lifelog data, keeping
the system accessible while delivering more advanced retrieval and
reasoning capabilities under the hood. We achieved the third place
in the live competition at LSC’26 with good experience in Ad-hoc
search but also revealed the drawbacks of QA modules. We aim to
further exploring the potential of combining multimodal retrieval
with LLM-based reasoning for lifelog understanding.
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