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Abstract

We present the third version of the MemoriEase lifelog retrieval
system. This system is a conversational lifelog retrieval system built
on an embedding-based retrieval method. For LSC’25, we enhance
our system with a RAG approach to the question-answering task.
In addition, we also incorporate two embedding models, CLIP and
BLIP2, for the embedding-based retrieval. We improve our rele-
vance feedback for visual similarity search by adjusting the query
embedding. We describe the results of our system at the LSC’25
challenge, where it achieved third place overall and second place
in the QA task. The enhancements in this version of the system
improve our performance in the LSC’25 challenge.
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1 Introduction

Lifelogging is the process of passively collecting daily life data
through wearable devices [9]. The devices include wearable cam-
eras, smartwatches, etc. Lifelog data is used in many applications,
ranging from health monitoring [5] and lifestyle analysis [15] to
memory enhancement [7]. With the aging population, the applica-
tion of memory enhancement is becoming increasingly important.
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It can potentially provide help to elderly people or Alzheimer’s
patients enabling them to reminisce about memories of past events.
This application area has several downstream tasks for lifelog data,
but the most actively investigated is lifelog retrieval. The Lifelog
search challenge (LSC) [8, 10, 11] is one of the longest-running
benchmarks for the evaluation of interactive lifelog retrieval sys-
tems. This year marks the eighth iteration of the challenge, and
this is also the third time our system, MemoriEase [30-33], has par-
ticipated in this challenge. We bring several enhancements to our
system for LSC’25 [11], mainly focusing on the question-answering
(QA) task, since it remains significantly challenging for participants.

The dataset for LSC’25 remains unchanged since the previous
challenge [10]. This dataset contains 18 months of lifelog data with
725K lifelog images and associated metadata, along with visual
concepts. There are three tasks in the challenge, including known-
item search (KIS), ad-hoc search (AD), and question-answering
(QA). The KIS task involves querying a specific moment in lifelog
data, where the system is considered correct if it retrieves at least
one accurate lifelog image from that moment. In contrast, the AD
task focuses on retrieving as many relevant results as possible for
a broader, more general life moment, such as “finding times when I
read a menu in a café”. Lastly, the QA task requires generating a
textual answer to a question based on the lifelog data. For example,
“How many times did I have a picnic by the sea?” is a challenging
question. This requires the retrieval system to find all the moments
of a picnic by the sea and an aggregation module to count the
number of times. Our MemoriEase system focuses on this type of
task for LSC’25 by incorporating a RAG approach with a retriever-
reranked-reader pipeline to solve the QA task.

This is the third time we have participated in this challenge,
so we already have a base retrieval system built on the Elastic-
search ! database and BLIP2 embedding model [18]. However, to
improve our system further, especially for the QA task, we have
incorporated several enhancements. Firstly, we employ the CLIP
embedding model [23], along with the BLIP2 model, to process
the image and query to improve the search accuracy. Secondly, we
improve our relevance feedback algorithm to incorporate original
query embedding at the stage of recalculating embedding after

!https://www.elastic.co/
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feedback to retain important information from the query. Finally,
we incorporate a new RAG approach [17] with a state-of-the-art
GPT-o1 2 and a high-performance reranking model to improve the
accuracy of the system for the QA task. These enhancements are
expected to improve our performance in the LSC’25 challenge.

2 Related Work

In this section, we provide details of research in the domain of
lifelog retrieval, especially in recent interactive lifelog retrieval
systems at the LSC in previous years [8, 10, 28]. The technique
of lifelog retrieval has developed significantly, especially from the
introduction of CLIP models [23], which bridge the gap between
images and texts in zero-shot retrieval. After that, most of the
systems now use the embedding-based retrieval approach, which
involves using vision-language models such as CLIP [23], BLIP2
[18], OpenCLIP [4], etc, to encode lifelog images and textual queries
into a shared-embedding space and calculating the similarity score.
However, each team in the LSC’24 [10] had unique features such as
data processing, user interface, and retrieval techniques. In total, 21
teams participated in LSC’24, and summary details of their systems
are as follows.

LifeInsight 2.0 [36] employed an ensemble approach of CLIP
and BLIP2 models. In addition, they incorporated a temporal query
mechanism and an automatic query parser. Vitrivr-VR system [26]
utilized virtual reality to construct a new search interface with
easier and more flexible temporal and spatial query formulation.
The EAGLE system [20] enhanced novice users’ retrieval perfor-
mance by incorporating implicit interactions in eye movements
and automatic search flow. This is one of the first systems to try
to utilize gaze detection in the retrieval process. Snapseek [13]
focused on fast and accurate data retrieval by using the Milvus®
database for indexing and 4 vision-language embedding models
for embedding. This system had an innovative UI for lifelog explo-
ration. VitaChronicle [21] applied UX/UI principles and guidelines
to enhance the lifelog retrieval system. This constructed a novel
user interface based on an analysis of the current lifelog retrieval
systems. T@Retrospect [27] also prioritized UX and UI to address
the needs of novice users. The LifeLens [34] 2.0 system improved
its user interface to be more appealing and intuitive. The Vitrivr
system [25] addressed the challenges of semi-structured and hetero-
geneous metadata by proposing a general-purpose, content-based
multimedia retrieval in combination with a traditional Boolean
retrieval system. CollaXRSearch [19] was a collaborative virtual re-
ality system designed to facilitate coordination between teammates
in terms of inputting and exploration operations in lifelog search.

Lifeseeker 6.0 [16] team has participated for the longest number
of consecutive years. In the 6th version, their enhancements include
improvements to the user interface and the backend reconstruction
by combining the E-LifeSeeker structure with contrastive learning
between texts. VISIONE [3] is a strong team in the VBS challenge
[35]. They adapted the video to a lifelog retrieval system by en-
hancing result visualization. LifeExplore [22] employed a free-text
search with FAISS and CLIP with other modalities like semantic
concepts, contained objects, recognized text, and metadata. It also

Zhttps://openai.com/o1/
3https://milvus.io/
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improved the GUI by integrating a query-building component with
temporal search and new query filters and sub-filters. Libro [12]
proposed a lifelog search browser that applies video search tech-
nologies to lifelog search. They treated lifelog data as continuous
video clips and adopted text-to-image and image-to-image search.
LifeGraph 4 [24] used multimodal knowledge graphs and vision-
language models for lifelog retrieval. Memento 4.0 [1] proposed a
similar approach to us by introducing a prototype conversational
search system. They leveraged GPT3.5 Turbo and Mistral 7B to
enable free-form natural language interaction. MyEachtraX [29]
proposed a mobile-based interface for lifelog question answering.
This used LLM and Multimodal LLM to enhance query-parsing,
post-processing, and question-answering processes in lifelog re-
trieval. Vovento-Pro [2] employed an advanced voice interaction
for lifelog retrieval. It used Whisper technology to capture queries
from voice to support quick search. Exquisitor [14] blended conver-
sational search with relevance feedback to address the challenges
in descriptive lifelog retrieval.

We observe a trend of using LLM to enhance retrieval and QA
performance from all the previous LSC systems. In addition, the
embedding-based retrieval technique remains the best approach.
From our previous work and related research, we aim to improve
our system by incorporating RAG to improve the performance in
QA tasks.

3 MemoriEase 3.0 System

This section presents the MemoryEase 3.0 system, from data pro-
cessing and indexing to retrieval for KIS, relevance feedback for
AD, and RAG for QA. Figure 1 illustrates the system’s overall archi-
tecture. There are two phases in how the lifelog images and data
are indexed offline and retrieved online. In the offline stage, images
are encoded into embeddings by two embedding models, and along
with metadata and descriptions of images, they are indexed into
an Elasticsearch database. In the online stage, users interact with
the conversational user interface to pose a query. The query is en-
coded into embeddings and compared to image embeddings in the
database before returning the results to users. More details about
each stage are provided in the following subsections.

3.1 Data Processing and Indexing

The images in lifelog dataset for LSC’25 are captured at a resolution
of 1024x768 pixels using a Narrative Clip device. Additionally, the
dataset includes metadata such as time, location, and biometrics. A
visual concept dataset derived from the core image dataset provides
scene information for each image. To further enrich the dataset, we
incorporate descriptions of lifelog images from the BLIP2 model
[18]. These descriptions provide narratives about the content of
images. Learning from the experience of previous LSCs, we do not
group images into events because the retrieval system may find
incorrect images if two semantically different images are grouped.

From the lifelog images, we extract image embeddings using the
BLIP2 and CLIP models. The embedding size for BLIP2 is 256, while
CLIP produces a larger embedding size of 1024. We also extract
metadata details, including city, semantic name, local time, hour,
day of the week, weekend, and time period (morning, afternoon, etc)
to serve as filters. Along with BLIP2-generated image descriptions,
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Figure 1: MemoriEase overall architecture for retrieving lifelog data.

all this information is indexed into an index in the Elasticsearch
vector database.

3.2 Text to Lifelog Images Retrieval

For the KIS task, we propose a text-to-image retrieval pipeline.
Firstly, the query is processed to extract the filters and the filter-
free query. The filters include several pre-extracted metadata from
the previous subsections and are used in filtering before the simi-
larity calculation, while the processed query is encoded into two
embeddings by two models (CLIP and BLIP2). The embeddings are
used to calculate the cosine similarity with the image embeddings.
We use a weighted average approach to combine the cosine sim-
ilarity from two embeddings. The weight is chosen by retrieving
several queries and tuning the best weight. A ranked list of images
is returned to users along with corresponding metadata to display
in the user interface.

3.3 User Interface

We have retained the conversational user interface, which is nearly
unchanged from the previous version. Figure 2 illustrates an ex-
ample of retrieving images for an Ad-hoc query. The LLM model
generates a response to the user’s query and displays the images
and metadata on the right side. Users can sort the image by se-
mantic name or by time. Users can immediately submit the result
or save it using the button on the image. We also divide the user
interface by tasks. In the Ad-hoc task, users can choose an image
to place in a pool and search for similar images. In the KIS task,
users have more filters and temporal search boxes to put in. These
interfaces were introduced in the previous version of this system.

3.4 RAG for QA task

To address the challenge of the QA task, especially in the diverse
and lifetime-spanning nature of lifelog data, we propose a RAG
approach. This RAG approach first retrieves events related to the
question and then passes the retrieved data to an LLM to generate
the answer. Depending on the type of question, which can be a
visual-related question such as “What is the colour of my carpet?” or
a metadata-related question such as “How many times did I picnic
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by the sea?”, we have different strategies in retrieval and prompts
for LLM to address them. We use a heuristic-based approach to
classify two types of question based on the question words. For
visual-related questions, we only retrieve the top 10 images with no
descriptions or reranking applied and provide them to LLM, along
with the question. We retrieve more images (30 to 50), descriptions,
and metadata and apply reranking descriptions for metadata-related
questions. Figure 3 illustrates the pipeline of our RAG approach.
The question is processed in the same way as the query to extract
filters, encode embeddings, and search in an Elasticsearch index.
Retrieved results include images, metadata of the images and the
textual descriptions of the images.

In the reranking stage, we use a cross-encoder model to rerank
the list of descriptions to the question. We fine-tune a BERT [6]
model on a set of questions and ground-truth descriptions to create a
reranking model. This is a binary classification model that classifies
whether the description is relevant to the question or not. The
relevance score is the probability that the description is relevant to
the question. We use the reranking model to compute the relevance
score of descriptions of retrieved results. This relevance score is
used to rerank the ranked list of retrieval results.

The reranked descriptions, along with images and metadata,
are formulated into a context in the following format: “<image>
<description> on <metadata_time>" <metadata_location> ... <ques-
tion>. For visual-related questions, the prompt is simple as fol-
lows: “<image> <image> ... <image>. <question>". We then feed the
prompt to the state-of-the-art reasoning GPT-o1 model to generate
the answer. Aggregation questions can be solved correctly if the
input descriptions are correct. The answer is then passed to the
user interface for display.

3.5 Enhanced Relevance Feedback

In the previous version of MemoriEase, relevance feedback [37]
was used for the ad-hoc task in searching images using images.
Users first input a query and retrieve a list of images. Then, they
choose the images to put in a pool and click search again to search
for similar images of pooled images. We encode the pooled images
into embeddings, get their average, and retrieve new images in
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Elasticsearch for cosine similarity between embeddings. However,

the original query and related filters are not considered in the
image-to-image retrieval. To address this problem, we extract the
filters from the original query and apply them to later retrieval. In
addition, for the pooled image embedding encoding, we average
the query embedding with the pooled image embeddings with an
appropriate weight to balance the original information and the
user’s choice information. These enhancements are expected to
improve the performance of MemoriEase in the ad-hoc task.
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4 Performance at LSC’25

The LSC’25 challenge attracted 12 systems and 21 participants (a
system can be used by multiple users). The MemoriEase system par-
ticipated remotely with only 1 participant. Remarkably, we achieved
the third position in the leaderboard, following the MEMORIA and
Snapseek teams. We also achieved the second-highest position in
the QA sub-task with a score of 96 thanks to the RAG component.
The score of KIS queries also increased by 10 points, but the per-
formance on Adhoc sub-task remained the same compared to last
year’s competition. Figure 4 illustrates the leaderboard of LSC’25.

Specifically, we resolved 4 out of 6 QA queries, which is equal to
top teams like MEMORIA, SnapSeek, and VitaChronicle, but thanks
to the quick time of finding the answer, we ranked second place in
the QA task, following the VitaChronicle team. There was a query
that no other team found the correct answer except our system. This
is “What is the name of the salesperson who sells me a Japanese car
before June 2020?”. We found the event of visiting a car showroom
in May 2020, and submitted the name of the showroom called “Joe
Duffy”. However, the answer was wrong, and the feedback was
the name of the salesperson instead of the name of the showroom.
We used the browsing by time feature in our system to scroll to
the image of talking to a salesperson and found his name tag in
the table. We submitted the result at the last second and achieved
the highest score for that query. This is an interesting insight that
to find the correct answer, one needs an excellent combination of
the good use of system functions and logical, reasoning thinking
on the way to find the answer. Some answers for queries are not
explicitly found on the first time of search but through refinement,
the answer can be found.
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On the KIS task, we also found 4 out of 6 correct answers, but
it is far below the 6 out of 6 correct answers from top teams like
SnapSeek or lifeXplore. We found out that if we can not find the
correct answers in the first 3 hints, it is difficult to find the correct
answers even when the time and location of queries are revealed
in the last hint. The two wrong queries are “I was in the kitchen of
a restaurant” and “I was shopping for a rat trap with my brother”.
The system failed to find the answer because it only found a place
like a kitchen, but in a shop with a lot of products, the correct
answer is nearly an empty kitchen with a lot of pipes. The temporal
information did not help to find the answer. In the second query,
the system found the mousetrap with the label “Mouse trap” instead
of the rat trap. The correct answer showed the small rat trap, which
may lead to the embedding model failing to encode it.

The Adhoc task in LSC’25 this year is challenging with 6 queries,
but 5 of them have fewer than 10 correct images. Only the query
“Drinking beer other than Guinness with other people” has more
than 10 correct images. Due to this scenario, the relevance feedback
for visual similarity search in our system did not work well to find
as many visually similar images. We relied mostly on text-to-image
search to find the answers and failed to find the answer for the
query “Menu in a picture frame in a restaurant”. The object of the
menu in a picture frame is unique and strange to the embedding
model, so it only found the image of a normal menu or a big menu
hanging on the wall. If we could find one single correct image of
the picture frame menu, we could find more similar images, but it
failed in the first steps, so we cannot submit any correct images for
this query. We achieved an average score of 55 in this task due to
the slow submission time and wrong submissions.

Overall, we performed quite well in the LSC’25 with the third
position. Thanks to the RAG for QA, we can find the answer quickly,
and a little luck in the car salesperson’s name helps us to achieve the
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second position in the QA task. Queries in LSC are becoming more
and more difficult, which require not only good systems but also
quick action and logical thinking. Some components in our system
can be improved to deal with the weakness during competition and
will be introduced in later versions.

5 Conclusions

This paper introduced the third version of the MemoriEase lifelog
retrieval system for the LSC’25 challenge. We propose several en-
hancements in integrating CLIP and BLIP2 embedding models,
improving the relevance feedback mechanism, and introducing
a RAG approach for the QA task. Our system achieved 7 correct
results out of 10 KIS topics and 6 correct answers from 9 QA ques-
tions, showing a clear improvement over previous versions. Despite
these advancements, there are still several challenges in the LSC
tasks. Difficult QA cases involving complex temporal or metadata
reasoning still pose limitations for the current system. We will im-
prove our RAG approach for future work by incorporating a better
retrieval mechanism for complex queries and LLM reasoning for
aggregation questions.
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