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ABSTRACT
Developing interactive lifelog retrieval systems is a growing re-
search area. There are many international competitions for lifelog
retrieval that encourage researchers to build effective systems that
can address the multimodal retrieval challenge of lifelogs. The
Lifelog Search Challenge (LSC) was first organised in 2018 and is
currently the only interactive benchmarking evaluation for lifelog
retrieval systems. Participating systems should have an accurate
search engine and a user-friendly interface that can help users
to retrieve relevant content. In this paper, we upgrade our previ-
ous Myscéal, which was the top performing system in LSC’20 and
LSC’21, and present E-Myscéal for LSC’22, which includes a com-
pletely different search engine. Instead of using visual concepts for
retrieval such as Myscéal, the new E-Myscéal employs an embed-
ding technique that facilitates novice users who are not familiar
with the concepts. Our experiments show that the new search en-
gine can find relevant images in the first place in the ranked list,
four a quarter of the LSC’21 queries (26%) by using just the first hint
from the textual information need. Regarding the user interface, we
still keep the simple non-faceted design as in the previous version
but improve the event view browsing in order to better support
novice users.

CCS CONCEPTS
• Information systems → Information retrieval; • Human-
centered computing → Human computer interaction (HCI);
User interface design.
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1 INTRODUCTION
Lifelogs are a form of personal data archive that captures a rich
digital trace of the daily activities of an individual [13]. A lifelog
dataset can contain many types of data from various sources, such
as PoV visual images, semantic locations, or biometric signals [1,
8, 32]. Passively captured lifelog archives grow large very fast and
require effective organisation and retrieval tools to be useful for
the individual. Consequently, due to the ready availability of lifelog
data sources, the research community has noticed and taken on
the challenge. Many international workshops and activities have
been organised and a first generation of lifelog dataset is released
to facilitate comparative evaluation [10–12, 22]. Among them, the
Lifelog Search Challenge (LSC) [12] was the pioneer in creating an
interactive benchmark evaluation to assess the performance of the
participating systems in real time. Participating systems compete
in solving tasks where each of the tasks requires finding a lifelog
image within the dataset that is relevant to a given textual query.
This query is gradually revealed with additional information every
30 seconds. After 5 iterations, participants will have a final 150
seconds to find the answer, meaning that they will have to find the
correct images in 300 seconds in total. This revealing mechanism
simulates human recall of an event from the past, where memory
becomes clearer as it is considered in more detail. After successfully
solving the task, the system will be awarded a score which is based
on the time it took to find the relevant item, if found at all. Therefore,
a lifelog retrieval system attending LSC should have an accurate
and fast search engine to be able to find the correct answer in a
short amount of time.

Myscéal was the LSC winning system in the two recent LSC’20
and LSC’21 [35, 36]. Although Myscéal was one of the teams that
solved the most queries, the main factor that helped Myscéal ob-
tain the highest score compared to other systems was the prompt
retrieval time. Fast retrieval was facilitated by the concept-based
search engine and the straightforward user interface. Due to the
pandemic, both LSC’20 and LSC’21 only facilitated expert users,
so there was no opportunity to hold a novice session where each
system will be used by a novice user who is not familiar with the
system. In anticipation of an in-person event in 2022, the new ver-
sion of Myscéal developed for LSC’22 is called E-Myscéal which
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Figure 1: The E-Myscéal system pipeline keeps the general design from previous versions with adjustments. The components
highlighted in blue are modified and improved. The embeddings (in green) are newly added, giving the new system its name.

introduces a new internal search engine and an easy-to-use user
interface, which is better suited to novice users.

2 RELATEDWORK
Because of the large size of lifelog datasets, it is important to have a
retrieval system that can produce a ranked list rather than a conven-
tional database set-based mechanism [13]. One of the pioneering
systems that adopted this idea was LeMore [5], an interactive lifelog
retrieval system from 2015. The pipeline of this system was to anno-
tate each lifelog image with the textual information that is extracted
from each image. This semantic detail can be the objects appearing
in the image, the location indicating where the image was taken,
or the activity context. In doing this, the visual images were con-
verted into a textual modality, where they could be compared with
a textual query to generate a ranked list. This effective method has
been applied to winning systems of the LSC challenge since the
inception of the event [6, 29, 35, 36].

There have been many lifelog retrieval systems that participated
in the LSC competition with a variety of search methods. The
most common approach is to compare the keywords in the queries
with the annotated concepts of lifelog images to find the answer.
Although many teams utilised this idea [4, 15, 25, 34, 36], each im-
plements their own unique features. Lifeseeker [25] indexed the
annotated information of the images with Elasticsearch [9] that
supports text retrieval using a conventional TF-IDF [30] retrieval
approach. Despite using the same database, Myscéal [36] applied a
unique aTF-IDF scoring function in addition to the conventional
one. Similarly to TF-IDF, the aTF-IDF function used in Myscéal was
based on the frequency of the semantic annotated concepts in the
database. However, this function also took into consideration the
area of concepts, which were objects appearing in the images. Both
Myscéal and LifeConcept [4] were integrated with a concept rec-
ommendation technique to address the gap between textual queries
and visual annotated concepts. Because the lifelog dataset contains
a large number of blurry images due to the physical activities of
the lifelogger, vitrivr [15] employed a stabilising model. Meanwhile,
vitrivr-VR [34] shared the same engine as vitrivr, but was developed
for a virtual environment, which was an approach of the winning
system in the first LSC challenge [6]. Another VR-based system,

called VIRMA [7], created a hierarchy structure of visual concepts
that supports users to explore the lifelog data rather than retrieval.
Some systems applied the graph structure to lifelog dataset [24, 27].
Lifegraph [28] used the knowledge graph to enhance the anno-
tated information. XQC[18] was one of the first lifelog retrieval
systems designed to be used on a mobile device. The system relies
on the user’s relevance feedback through a number of iterations
to gradually find the result, with the addition of a faceted filtering
mechanism. This was also the approach of Exquisitor [16] in LSC’21.
Due to an increase in the performance of embedding models in the
image retrieval field [19, 23, 26], many lifelog retrieval systems are
now applying this approach [2, 3, 20, 37]. Memento [2] and Vox-
ento [3] were two of the teams that achieved high performance in
LSC’21. Both systems used the same search engine which was built
based on the CLIP model [26] from OpenAI. However, the latter
system supports voice control, helping searchers interact with the
system by using voice commands. SOMHunter+ [20] initially used
W2VV++ model [19] to find the images that match the query, then
revised the results based on the relevant feedback from the users.

In this paper, we propose to change the concept-based search
engine in Myscéal [35, 36] to the embedding-based approach and
present E-Myscéal (E for Embedding). This modification is expected
to facilitate novice users who do not have knowledge of the an-
notated concepts. We conducted an experiment to evaluate the
effectiveness of the new search algorithm. In addition, a new inter-
face is also proposed. Some confusing areas in the previous design
have been removed to make E-Myscéal cleaner with fewer com-
ponents to show to users. Therefore, our main contributions are
threefold. First, we replace the search engine of Myscéal with a
new embedding-based approach to introduce the entire E-Myscéal
which is completely different from its original version. Second, we
evaluate the performance of the new search algorithm with the
experiment using the LSC’21 queries. Finally, we update the user
interface with fewer components but additional guidelines to help
users operate E-Myscéalwith ease.

3 THE LSC’22 DATA
Unlike LSC’21, LSC’22 will use a new lifelog dataset [14]. It is still
a personal dataset gathered by the same lifelogger as in previous



years. However, the multimodal dataset used in this year will be 18
months in length compared to 4 months as in LSC’20 and LSC’21.
This results in more than 725K images in the archive. The bigger
dataset requires retrieval systems to have a more powerful search
engine to ensure a competitive search time. All sensitive infor-
mation and faces in all images are anonymised to ensure privacy
requirements. Each image is provided along with other lifelog in-
formation such as biometrics, sleeping state, date, and GPS signals
indicating where and when the image was taken. In addition, some
visual concepts and captions that describe the context of images
are provided by Microsoft Computer Vision API1. Because OCR
(information on text visible in an image) played a critical role in
LSC’21, the dataset in LSC’22 comes with the extracted OCR details
from Google Cloud Vision API2.

4 OVERVIEW OF THE MYSCÉAL SYSTEM
In this section, we will briefly describe Myscéal in previous years.
The pipeline of Myscéal has remained mostly unchanged since the
first version, illustrated in Figure 1.

Data processing components provide each image with its asso-
ciated visual descriptors and non-visual metadata, namely, GPS
coordinates, semantic location names, time, and date. In addition,
similar images are also computed at this stage using a combination
of VGG16 [33] and SIFT [21] features. After that, all images are
indexed in ElasticSearch, an open-source full-text search library, to
enable high-speed search operations.

As Myscéal’s original search approach was concept-based, the
visual concepts obtained from the query often do not match with
the indexed "keyword" concepts from object detectors. To overcome
this, Myscéal employs a query expansion mechanism to modify
each visual concept into a set of available keywords. This can be
seen in the Query Parsing in Figure 1.

User interactions with the system are performed on a user in-
terface as seen in Figure 2. In principle, Myscéal aims to support
a novice user by minimising interaction steps. This motivates the
decision to use a full-text search instead of relying on a faceted filter
panel. The necessary information, both non-visual metadata and
visual descriptors, can be directly parsed from the textual query by
a customised query interpreter. Furthermore, Myscéal also supports
searching for multiple queries based on their temporal relationships,
which is a distinguishing characteristic of lifelogs. This is shown by
the design of three separate query boxes (before, during, and after)
at the top of the interface, and furthermore reinforced by showing
the search results in triplets, putting the images in their temporal
context.

Occasionally, location information cannot be well represented
in text. Some examples could be "I was walking near the coast" or
"I am running in a park near my house". If such instances occur,
the user can locate the target location and perform filtering using
the map panel on the top right. Moreover, the saved section allows
the user to put aside images that they are not yet certain for later
consideration.

1https://azure.microsoft.com/en-us/services/cognitive-services/computer-vision/
2https://cloud.google.com/vision

Figure 2: Myscéal user interface [35]

5 E-MYSCÉAL
5.1 Data processing
With the release of a new lifelog dataset for this year’s challenge,
some raw data need processing was performed to maintain some
crucial search operations. In particular, the dataset lacks some rich
semantic location annotations. This is essential, as in the past years,
most queries contain location information, some of which are not
available solely from the address provided by a geocoding reverse
lookup. To handle this, we run a location clustering process inspired
by Kikhia et al.[17]. The common approach to discovering location
data patterns is to use density-based clustering algorithms [31],
considering GPS coordinates and accompanying timestamps as in-
put. From the resulting clusters, we can identify possibly important
locations. Moreover, instead of using simple circles around the clus-
ter center as we did last year, we construct a convex hull over each
cluster to give an estimated boundary of the place. The name of
the cluster is derived from the most common semantic name of its
data points. From the boundaries, we can fill in missing or noisy
semantic names for the rest of the dataset.

Figure 3: Examples of location clusters.

Furthermore, following Alam et al.[2], we remove unhelpful
images from the dataset to reduce the size of the dataset and improve
the performance of our event segmentation process. Unhelpful
images are blurry, obstructed (by the lifelogger’s arms, hands, or
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other objects), or dark images. By extracting SIFT features from
all images, those without detectable SIFT features are considered
unhelpful, as shown in Figure 4. As a reminder, Myscéal segments
lifelog data into scenes as lifelog units, based on the combination of
VGG16 and SIFT features. An example of images that are grouped
into a scene can be seen in the right pane of the pop-up in Figure 5. In
the presence of unhelpful images, a scene can be overly segmented,
defeating the initial purpose of segmentation.

5.2 Embedding-based search approach
Our own experience with the system in previous challenges leads
us to believe that the concept-based search, where we associate
each image with tags for the detected objects (including their areas
calculated as their total of pixels in the images), while sufficient
on many occasions, fails to connect the semantic meaning of the
query to images.

Due to the robustness of state-of-the-art embedding models,
we decide to change our search approach from concept-based to
embedding-based, utilising CLIP models from OpenAI [26]. CLIP
models, which are joint models of vision and natural language, learn
to perform a wide range of tasks and allow zero-shot transfer to
many existing datasets. This model proved to be directly applicable
to lifelog data as used in some participant systems in LSC’21, namely,
Memento [2] and Voxento [3]. However, zero-shot CLIP fails to
generalise to truly out-of-distribution data [26]. For this reason, we
continue to use OCR results from Google Vision API in the same
manner as in the old version.

Figure 4: Examples of unhelpful images.

Facilitating CLIP models renders the use of object detectors
in previous versions of Myscéal obsolete. Therefore, the aTFIDF
properties are not computed except for the OCR letters (as explained
in the preceding paragraph). Additionally, as we could not deny
the usefulness of the visual concepts provided with the dataset, we
continue to use them as filters to reduce the computational space.

5.3 User Interface
The user interaction of the system has been revised, refined, and
improved to better support novice users, as summarised now.

The triplet display layout in previous versions showed the re-
trieval results in scenes with their temporal context, taking into
account the special characteristics of the lifelog data the system
presents, i.e., the chronology of lifelog photos in terms of how the
user could formulate the query and how the retrieval mechanism
exploits it. However, when the query does not pertain to the tempo-
ral aspects, the triplet layout is not meaningful and only reduces the
screen estate where more matched scenes could be accommodated.
The refined retrieval result display flexibly changes the layout de-
pending on the query: It was decided that the benefit of seeing
more match result scenes without the “before-now-after” type of

query outweighs the drawback of potential confusion in seeing
two different layouts in the retrieval result display, especially in
the time-constrained search context in LSC. Furthermore, as the
two different retrieval result layouts are a direct consequence of
either entering the query text in one or more query text boxes,
a few times of querying is expected to naturally inform the user
where the difference comes from.

When the user clicks on one of the retrieved scenes in either
layout, a pop-up window appears (see Figure 5) that helps the user
take further steps to either:

• browse temporally-nearby scenes in the selected day, with
the selected scene highlighted in red: Being able to navigate
through scenes around the scene selected in the retrieval
result is a useful feature in the lifelog retrieval context, as
more similar scenes might appear around the scene. The
nearby scenes are vertically organised in groups and labelled
as the result of the embedding-based modelling described
in the previous section, shown in Figure 5 in a blue textual
guideline on the vertical timeline.

• browse other visually-similar scenes to the selected scene, ex-
tracted from the whole archive: this feature is a secondary
retrieval mechanism as the user browses through the chrono-
logically arranged scenes above, increasing the chance of
the user identifying the relevant scenes while browsing the
within-day scenes.

On the right side of the pop-up window (the left of the geo-
graphical map) is a vertical panel with enlarged photos belonging
to the selected scene, to support fast browsing within a scene that
contains multiple images in it. Moving a mouse cursor over the
small icon at the bottom right corner of each photo will magnify
the size of the photo further to help with a more detailed inspec-
tion, consistent with the behaviour of the photos in all other panels
(within-day scene list panel, “similar scenes” panel, and the initial
search result screen). The user can close the pop-up window to
return to the initial search result screen by pressing the ESC key
on the keyboard.

Limiting the stages of search interaction to the retrieval result
display and the pop-up window, along with the added labels and
short instructions for each panel, is expected to help novice users.
Balancing this with supporting efficient locating of potentially rel-
evant images through within-day navigation along with similar
scenes and enlarged within-scene images was the key consideration
in this round of revision of the interface.

6 EVALUATION USING LSC’21 QUERIES
Despite our efforts to automatically parse the queries to reduce the
discrepancy between an expert user and novice users, our system
still requires human interpretation to split the information into
"before", "main", and "after" queries. In this section, we will analyse
the performance of E-Myscéal on the queries used in LSC’21. From
this, we measure the Recall at 𝐾 (𝑅@𝐾 ) from the results, ignoring
further actions such as map filtering, temporal browsing, or visual
similarity search. 𝑅@𝐾 indicates whether one of the answer images
appears in the first 𝐾 images returned by E-Myscéal.

It has been mentioned that each query in LSC will be gradually
revealed to the participants every 30 seconds. These additional hints



Figure 5: Event view window.

Table 1: Mean 𝑅@𝐾 for LSC’21 queries.

Hint R@1 R@3 R@5 R@10 R@20 R@50 R@100
1 0.26 0.35 0.39 0.52 0.52 0.52 0.57
2 0.30 0.35 0.43 0.48 0.57 0.57 0.57
3 0.35 0.43 0.52 0.57 0.57 0.57 0.57
4 0.26 0.43 0.52 0.57 0.57 0.57 0.57
5 0.35 0.48 0.52 0.61 0.61 0.65 0.65
6 0.48 0.52 0.61 0.61 0.61 0.61 0.61

are expected to make the query easier by offering more information
about the content of the correct images. This results in a query
consisting of 6 hints in total. Therefore, we evaluate E-Myscéal
with the number of hints that are used to solve a query. Table 1
shows the average 𝑅@𝐾 of E-Myscéal. We can see that our new
system can find the answer of a quarter of LSC’21 queries (26%) in
the first image in the returned ranked list by using only the first
hint. Because the result panel in our user interface can show more
than 10 retrieved images on a page, users can actually find the
answer image in top-1 and top-10 at the same time. This means that
E-Myscéal actually helps users solve up to 52% of LSC’21 queries
using only one hint, without scrolling through the result panel.

There is a trend that 𝑅@𝐾 increases as more hints are revealed.
However, this is not always the case. For example, R@1 using 4
hints is lower than that using 3 hints with 0.26 and 0.35, respec-
tively. For some queries, the abundance of descriptive details has a
negative impact on the performance of the system. This is mainly
due to the attempt of the query creator to simulate false memories.
For instance, a query from last year’s challenge contains the time
information of "15thMay 2015", which was supposed to be "15th
March 2015". Since there are no data on 15 May 2015, the system

does not return any images, making 𝑅@𝐾 = 0. Another explana-
tion could be that the embedding model is not suitable for such
descriptions.

To emulate the real challenge, when it is unnecessary to perform
more searches once the correct image has been submitted, we mod-
ified Table 1 to show a more realistic performance of E-Myscéal in
Table 2. In this table, 𝑅@𝐾 for hint 𝑖 , denoted as 𝑅@𝐾 (𝑖), is calcu-
lated as 𝑅@𝐾 (𝑖) =𝑚𝑎𝑥 (𝑅@𝐾 (𝑖), 𝑅@𝐾 (𝑖 − 1)). This means that if
the correct image is not in the top-K results in the current hint, we
use the 𝑅@𝐾 of the previous hint. The modified table indicates that
users can successfully find the answer of 61% of the LSC’21 queries
after all hints are shown without needing to scroll the result panel
in our interface many times.

Furthermore, Table 2 shows that there is almost no difference in
𝑅@1 and 𝑅@100 when the number of hints used to solve a query
increases. Specifically, the difference between these recall figures is
19% if the first hint is used, but it is only 3% when using all 6 hints.
This is because by using more hints, the queries become easier to
solve and hence the correct images tend to appear first in the result
returned by the system.

Table 2: Modified Mean 𝑅@𝐾 for LSC’21 queries.

Hint R@1 R@3 R@5 R@10 R@20 R@50 R@100
1 0.26 0.30 0.33 0.38 0.41 0.43 0.45
2 0.43 0.43 0.44 0.45 0.46 0.47 0.49
3 0.49 0.49 0.49 0.50 0.51 0.52 0.52
4 0.52 0.53 0.53 0.54 0.55 0.55 0.56
5 0.56 0.56 0.56 0.57 0.57 0.58 0.58
6 0.58 0.59 0.59 0.60 0.60 0.61 0.61



7 CONCLUSION
In this paper, we describe a new version ofMyscéal called E-Myscéal.
The new system integrates a new search engine. The embedding
technique employed in E-Myscéal is expected to facilitate the re-
trieval experience of novice users. Compared to Myscéal, the new
search mechanism in E-Myscéal does not require users to modify
the query many times before entering it into the search bar. Our
experiment shows the effectiveness of the new embedding-based
search engine in E-Myscéal, which can highly rank the correct
answers. Our non-faceted user interface is also updated to remove
components that can be confusing to novice users. E-Myscéal, with
the simple interface and the new search engine, is expected to help
novice users perform well in the LSC’22 challenge.
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