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Abstract

Retrieving personal moments from lifelong multimodal data re-
mains challenging, especially when queries require temporal rea-
soning and multi-step contextual understanding. Existing lifelog
search systems largely rely on static embedding-based retrieval,
which fails to capture the narrative structure of daily activities. We
propose ChronoSeek, a temporal-first agentic retrieval system
that organizes lifelog data as an Event Knowledge Graph and uses
a time-bound Agentic Orchestrator with a human-in-the-loop fall-
back. ChronoSeek constructs fine-grained events with Qwen2.5-VL,
links them through temporal, spatial, and semantic edges in Neo4j,
and performs hybrid retrieval over both the EKG and Milvus. With
ground-truth activity labels, event-aware filtering provides an ora-
cle upper bound of MRR = 1.00 across 19 temporal queries, while
static SigLIP/CLIP baselines yield near-zero MRR. With Qwen2.5-
VL zero-shot predictions and a cleaned activity taxonomy, MRR
reaches 0.607—a 10.8x improvement over CLIP. Scalability tests on
118K images and 33,471 events show sub-6 ms Neo4j query latency,
and ChronoSeek achieved a perfect score on LSC’26 Task 3 (Ques-
tion Answering), which strongly emphasizes temporal reasoning.
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1 Introduction

Lifelogging, the practice of continuously capturing one’s daily life
through wearable cameras and sensors, has generated vast multi-
modal archives, posing a unique retrieval challenge. The Lifelog
Search Challenge (LSC) [10] has driven significant progress in in-
teractive lifelog retrieval systems over the past eight years. How-
ever, recent top-performing systems still exhibit fundamental weak-
nesses when handling temporally grounded queries that require
understanding of sequences of actions, durations, and event context.
Static embedding-based search, despite using powerful models such
as CLIP [7] and SigLIP, often fails to distinguish between visually
similar but contextually distinct moments (for example, ‘cooking’
vs. ‘cleaning the kitchen’) and entirely misses temporal narratives
(‘find the moment I left the restaurant after dinner’).

Analysis of LSC’25 systems [3] reveals that while they have in-
tegrated large language and vision-language models (LLMs/VLMs)
for query enrichment and re-ranking, their core retrieval remains
a flat, frame-level similarity search. T-EAGLE [6] introduced tem-
poral story generation but still relied on post-hoc text matching
rather than structured event modeling. LifeGraph 5 proposed a mul-
timodal knowledge graph [9], yet suffered from prohibitive query
latency, rendering it ineffective during live competition. Thus, there
exists a critical gap between the semantic richness required for com-
plex temporal queries and the scalability/robustness demanded by
real-time interactive search.

We present ChronoSeek, a temporal-first agentic retrieval sys-
tem that re-conceptualizes lifelog data as an Event Knowledge Graph
(EKG). Instead of indexing individual images, ChronoSeek detects
and links discrete events—each annotated with activity type, time
interval, location, and participating objects—using a state-of-the-art
VLM (Qwen2.5-VL). At search time, an Agentic Orchestrator decom-
poses a natural language query into sub-tasks, dispatches parallel
retrievals over both the EKG (for temporal/spatial constraints) and
a vector database (for visual similarity), and merges results via a
cross-modal re-ranker. Crucially, the agent operates under a strict
time budget; if confidence is low or time expires, a Fast-Path mech-
anism delivers the filtered candidate set to the user, reducing the
risk of timeouts during live competition.

Our primary contributions are:

o A temporal-first architecture that builds an Event Knowl-
edge Graph to represent lifelog data as structured events
rather than isolated images, enabling efficient temporal rea-
soning.

¢ Anovel time-bound Agentic RAG pipeline with Chain-of-
Thought query decomposition, hybrid dual-channel retrieval
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(graph + vector), and a fast fallback strategy for real-time
interactive search.

e A comprehensive ablation study on a 5-day, 7,063-image
development set, showing that event-aware retrieval pro-
vides an oracle upper bound of MRR = 1.00 on temporal
queries with ground-truth labels, while static baselines yield
near-zero MRR. With Qwen2.5-VL zero-shot predictions and
a compact label taxonomy, the MRR reaches 0.607 — a 10.8x
improvement over CLIP. We further validate the pipeline on
a 3-month subset (118K images, 33 queries), where Event-
Aware retrieval with ground-truth labels provides an upper
bound of MRR = 1.00, and benchmark the EKG on 33,471
events with sub-6 ms query latency.

2 Related Work

Lifelog search systems have evolved from concept detectors and key-
word matching to sophisticated multimodal retrieval. Top-performing
systems at LSC’25, such as MEMORIA [1], SnapSeek [4], and Vi-
taChronicle [15], combined CLIP/BLIP2 embeddings with LLM/VLM-
based re-ranking and metadata filtering. However, their core re-
trieval remained fundamentally non-temporal, treating images as
independent samples and struggling with queries that require un-
derstanding of action sequences and event context. T-EAGLE [6]
introduced temporal story generation but relied on post-hoc text
matching rather than structured event modeling. LifeGraph [8, 9]
explored multimodal knowledge graphs for lifelog but suffered
from slow graph traversal and limited label coverage, making it
ineffective for real-time competition.

To address the temporal gap, ChronoSeek adopts a VLM-driven
event knowledge graph, a concept inspired by recent advances in
vision-language models such as Qwen2.5-VL [16], CLIP [7], and
SigLIP [18], as well as by agentic RAG frameworks such as Re-
Act [17] and LangGraph. Temporal activity recognition in ego-
centric video has also progressed rapidly with models such as
Tarsier [13] and CASCADE [14], and benchmarks like Ego4D [2].
ChronoSeek synthesizes these advances into a unified architecture
that exploits structured event graphs for fast temporal retrieval,
coupled with an agentic orchestrator and a human-in-the-loop
fallback, distinguishing it from prior work.

3 System Architecture

ChronoSeek is designed around the principle of temporal-first re-
trieval, where the primary index is not a flat collection of images
but a structured Event Knowledge Graph (EKG) that explicitly
encodes what happened, when, where, and in which sequence. The
system comprises two main phases: (i) an offline indexing pipeline
that processes raw lifelog data into the EKG and a vector store,
and (ii) an online retrieval pipeline driven by a time-bound Agentic
Orchestrator with a human-in-the-loop fallback. Figure 1 provides
a high-level overview.

3.1 Offline Indexing Pipeline

The offline phase transforms egocentric images and sensor meta-
data into two complementary query-ready structures: the Event
Knowledge Graph and the Vector Database.
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3.1.1 Event Segmentation. Raw lifelog data is a continuous se-
quence of images captured at approximately one frame per second.
We partition this stream into discrete events: temporally contigu-
ous segments corresponding to a single human activity such as
“eating”, “driving”, or “using a computer”.

Event boundaries are detected in two stages. A lightweight CLIP-
based change detector first proposes cuts when consecutive-frame
cosine distance exceeds 7 = 0.3; Qwen2.5-VL-7B then refines each
candidate segment using K = 5 sampled keyframes and outputs an
activity label from a 32-class taxonomy, refined start/end times, and
a concise caption. Events typically span 30 seconds to 10 minutes,
with a median duration of approximately 3 minutes.

3.1.2  Event Knowledge Graph Construction. The detected events
are stored in a Neo4j graph database [5]. Each event is represented
as a node in the graph. Each node stores a unique identifier, UTC
start/end times, the predicted activity label, averaged GPS coordi-
nates, a free-text caption, and a list of image filenames it contains.

Edges are created to capture three types of relationships: Tem-
poral edges (NEXT) connect consecutive events in chronological
order; Spatial edges (SAME_PLACE) connect events that occurred
at the same location (within 50 metres); and Semantic edges
(SIMILAR_ACTIVITY) connect events with the same activity label,
enabling aggregation queries. This schema allows the system to
answer complex queries directly via Cypher, such as “find all events
of type ‘eating’ that happened after 6 PM on weekends”.

3.1.3 Vector Database Population. While the EKG handles tem-
poral and structural constraints, fine-grained visual appearance is
captured by a vector index. Each image in the collection is encoded
with SigLIP-base, producing a visual embedding. The embeddings
are stored in Milvus [12], a high-performance vector database,
together with their associated metadata (image path, timestamp,
geographic coordinates).

We use SigLIP as the main visual encoder for consistency with the
hybrid pipeline, although our ablation study shows that static visual
retrieval alone remains weak (Section 5.1). The Milvus collection
is configured with an IVF_PQ index for accelerated approximate
nearest neighbor search. The vector database supports both pure
similarity search and scalar filtering (by date, hour, or location)
via Milvus’ standard predicate expressions, which are used by the
hybrid retriever described below.

3.2 Online Retrieval Pipeline

When a user submits a natural language query, ChronoSeek has a
strict 4-5 minute limit to return ranked images or a text answer.
Its online pipeline is organized around a time-bound Agentic
Orchestrator.

3.2.1 Query Understanding and Decomposition. The orchestrator
is implemented as a LangGraph agent whose reasoning core is the
same Qwen2.5-VL model used for indexing. Upon receiving a query
Q, the agent first classifies it into one of three types: Ad-hoc (broad
thematic search), KIS (known-item search with a specific target
image), or QA (factual question requiring a textual answer). This
classification determines the subsequent strategy.

For complex queries with temporal constraints or multiple ac-
tions, the agent uses Chain-of-Thought prompting to decompose
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Figure 1: High-level architecture of ChronoSeek. Offline indexing (left) builds the Event Knowledge Graph and the Vector
Database. Online retrieval (right) uses an Agentic Orchestrator to perform temporal-aware search with a Fast-Path fallback.

Q into ordered sub-queries specifying modality, intent text, and
optional filters. For example, a morning jogging count query is
decomposed into event filtering, counting, and answer generation.

3.2.2  Dual-Channel Hybrid Retrieval. Once the plan is established,
the orchestrator dispatches the sub-queries in parallel to two spe-
cialized retrievers:

Temporal Retriever (Event Graph). For sub-queries marked as
temporal, the orchestrator translates the intent into a Cypher query
against the Neo4j graph. The query filters events by activity,
start_time, end_time, and optionally location. For sequence-based
requests (for example, “before”, “after”, “during”), the NEXT edges
are traversed to find neighboring events. The retriever returns a set
of event IDs together with their corresponding image IDs. Because
the graph is event-level rather than frame-level, Cypher execution
remains efficient even on large subsets.

Semantic Retriever (Vector Database). For sub-queries marked
semantic, the orchestrator constructs an embedding of the intent
text using the same SigLIP encoder. It then issues an ANN search
against Milvus, optionally applying a scalar filter for the relevant
time window and location. This ensures that the semantic search is
guided by the temporal context extracted by the CoT decomposition,
avoiding the blind global search that plagues static baselines.

3.2.3 Cross-modal Fusion and Re-ranking. The two retrieval chan-
nels return partially overlapping sets of candidate images. A cross-
modal fusion step first deduplicates the union and groups images
by their parent event. For each image, we compute a weighted
score:

1

Sfinal = @ - Stemporal + (1 - a) * Ssemantics

where Stemporal is 1 if the image belongs to an event that matches
the temporal query, and 0 otherwise; Ssemantic is the cosine simi-
larity between the query embedding and the image embedding,
normalized to [0, 1]. The parameter « is set to 0.7 to prioritize event
membership over visual similarity, as our ablation study showed
that temporal structure is the stronger signal.

Optionally, the top N = 50 candidates can be passed through a
lightweight cross-encoder over query—event-caption pairs to im-
prove precision for ambiguous queries.

3.2.4  Agentic Critic and Fast-Path Mechanism. A critical require-
ment for the LSC is guaranteed real-time response. To prevent the
orchestrator from exceeding the time limit (typically 4 minutes per
query), we introduce an Agentic Critic with a hard Fast-Path
fallback (see Figure 2).

The pipeline is allocated a time budget Tiay (default 240 seconds).
After each major step (decomposition, retrieval, fusion), a dedicated
critic module evaluates two conditions:

o Confidence: the average Sgnal of the top-5 candidates must
exceed a threshold 6.qnr = 0.6.

e Time spent: the elapsed wall-clock time T¢japseq must be less
than 0.7 X Thay (approximately 170 seconds).

If either condition is violated, the orchestrator immediately en-
ters the Fast-Path mode. In this mode, it aborts any pending
reasoning steps, retrieves the current best-K candidate images (up
to 50) directly from the underlying indexes, and displays them to
the user on a scrollable grid. The user can then quickly select the
correct image(s) using a human-in-the-loop interaction. This fall-
back is designed to reduce timeout risk, a common pitfall for fully
autonomous systems in previous LSC competitions.
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For QA queries, if the confidence is high and time remains,
the top-k event captions and images are passed to the Qwen2.5-
VL model in a Retrieval-Augmented Generation (RAG) fashion to
produce a natural language answer with cited evidence. Otherwise,
the system visually presents the relevant events and lets the user
formulate the answer themselves.

4 Experimental Setup
4.1 Development Dataset

We conduct preliminary experiments on a curated subset of the
official LSC dataset (18 months, 725,949 images originally) [11]. We
select 5 days across different seasons and activity patterns, yielding
7,063 images with complete location, timestamp, day-of-week,
and 32-class activity metadata, which we use as ground truth for
controlled event-level experiments.

4.2 Evaluation Queries & Metrics

We design two categories of queries to stress-test the system. Tem-
poral queries (19 total) specify a natural language description, a
target date, and a time-of-day window (e.g., “eating dinner at a
restaurant, Dec 20, 2019, 18-22h”). For each, the ground truth is
the set of up to 5 images that belong to the exact activity and time
window. Semantic queries (2 total) have no temporal constraint
(e.g., “a person holding a phone”), evaluating pure visual search.
All ground-truth sets are verified to avoid data leakage.

We adopt standard retrieval metrics: Recall@K (fraction of
ground-truth images retrieved among the top-K) and Mean Recip-
rocal Rank (MRR) (average reciprocal rank of the first correctly
retrieved image). For aggregation, we report the average MRR.

4.3 Activity Label Mapping

The original metadata contains 32 fine-grained activity labels, whereas
Qwen2.5-VL occasionally outputs synonymous or overly specific
labels (for example, “having a drink” vs. “drinking”). To bridge
this gap, we define a deterministic mapping that merges semanti-
cally similar labels into a compact taxonomy (for example, merging
“having a drink” into “drinking”, “writing” and “making financial
transactions” into “doing office work”, and grouping rare labels
into “inactive”). This mapping is applied to both ground-truth and
predicted labels before evaluation. We emphasize that this is not a
post hoc optimization for the competition, but rather a deliberate
design choice to create a compact, reliable event taxonomy for the
Event Knowledge Graph.

We additionally validate the EKG on a larger 3-month subset
(January-March 2019, 118K images, 33,471 events) using ground-
truth activity labels. Across 33 temporal queries generated by the
same semi-automatic procedure, the Event-Aware pipeline achieves
an MRR of 1.00 in this controlled setting, suggesting that the re-
trieval strategy scales effectively to larger collections.

4.4 Implementation Details for Experiments

All experiments are conducted on a single server equipped with an
NVIDIA A100 GPU (40 GB VRAM), 64 GB RAM, and an Intel Xeon
CPU. The SigLIP model used is google/siglip-base-patch16-224
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and CLIP is clip-ViT-B-32 from the Sentence-Transformers li-
brary. Images are resized to the input resolution required by each
model and encoded with a batch size of 8 to fit in GPU memory.
Vector search is performed via brute-force cosine similarity on the
full development set (7,063 embeddings) to eliminate variability
from approximate nearest-neighbor algorithms. All code is writ-
ten in Python 3.11 and uses PyTorch 2.1, Transformers 4.36, and
Sentence-Transformers 2.3.

5 Evaluation and Discussion

We conduct a series of controlled ablation experiments to quantify
the contribution of each component in ChronoSeek and to justify
our design choices. All results are summarised in Table 1.

Table 1: Summary of retrieval performance across different
configurations.

Configuration Avg. MRR
Embedding models (Sec. 5.1)

Static SigLIP 0.00

Static CLIP 0.06
Retrieval strategies (Sec. 5.2)

Temporal Only 0.17

Hybrid (Reranked) 0.47

Event-Aware (Qwen2.5-VL Zero-shot) 0.607

Event-Aware w/ Ground-Truth (Sec. 5.3)

Tight (1h) / Standard (2h) / Noisy 20% 1.000
Loose (4h) 0.467
Noisy 50% act. 0.842

5.1 Embedding Model Comparison (Static
Retrieval)

We first compare the two candidate visual encoders, SigLIP and
CLIP, in a purely static retrieval setting (global similarity search
without any temporal filtering). As shown in Table 1, both models
perform extremely poorly, confirming that blind visual similarity is
insufficient for temporal lifelog queries. CLIP obtains a marginally
higher MRR due to a few lucky matches on very distinctive objects
(“reading documents”), but on the majority of queries, both are com-
pletely unable to locate the desired moment. This result motivates
our departure from the flat embedding-based architecture.

5.2 Retrieval Strategy Analysis

Next, we evaluate retrieval performance as we progressively inject
temporal and event information. The results are striking. Simply
narrowing the search to the relevant time window (Temporal Only)
improves MRR from 0.06 to 0.17, but the performance is still far
from usable.

In contrast, Event-Aware retrieval achieves MRR = 1.00 in
the ground-truth-label setting, which should be interpreted as an
oracle upper bound: once the correct event is identified, the target
images are located among a small candidate set (typically less than
50). The Hybrid approach, which applies a reranker on top of the



ChronoSeek: Temporal-First Agentic RAG with Event Knowledge Graph for Lifelog Retrieval

CHRONO:

Submit Mode DRES Base URL

Itis 30th June 2020. What was the name of the last car salesperson that | spoke t0? | think that it was a salesperso

LSC ’26, June 16-19, 2026, Amsterdam, Netherlands

05:00 »  Export

1D

Local v || hitps:/ivbs.videobrowsing org Seek Login Refresh Evaluations 1d509322-47db-4ea2-bi%b-5a8e7dd4bdd3 v  1d509322-47db-4ea2-bfdb-  DRES session loaded - 14509322-47db-4ea2-bi9b-SabeTddabad3

Search History
s 30th June 2020, What .
tis 0062020 car slespers...
Itis 0062020, What was the...
My cottage has & pins colou...
HEEE
On 27 March 2020, our unive...
On 27 March 2020, our univer...
How many times did  pass ...

Wow.. over €125 euro discou...

20 items found

Evidence Selected Images
190 ’ clected

Previous Event

CONTEXT FRAMES

Figure 2: The Fast-Path fallback interface. A scrollable thumbnail grid is complemented by a color-coded timeline and a
countdown timer. The user can select candidate images with a single click.

event-aware filter, suffers a drop in MRR (0.47). The drop in MRR for
the Hybrid strategy is caused by the SigLIP reranker occasionally
disturbing the ideal chronological order when the event filter is
already perfect. For queries with imperfect activity labels, however,
the reranker adds discriminative power. We therefore activate it
selectively, only when event-level confidence is moderate.

This demonstrates that the core challenge in lifelog retrieval is
event identification, not inter-image ranking; a robust Event Knowl-
edge Graph renders fine-grained visual reranking less critical.

5.3 Impact of Event Filtering Precision

We then investigate how the quality of the event boundary and the
accuracy of the activity label affect retrieval performance, as these
two factors directly depend on the VLM used for offline indexing.
To simulate the effect of varying degrees of temporal specificity in
a user’s query, we vary the size of the time window constraint
(for example, searching within a tight 1-hour window vs. a loose
4-hour window).

Because our detected events have a median duration of approx-
imately 3 minutes, a 1-hour query window already provides sub-
stantial tolerance for VLM boundary errors while still effectively
isolating the correct event. With a tight 1-hour window, the ground-
truth events remain fully covered, so MRR stays at 1.00. Widening
the window to 4 hours dilutes the candidate set with many irrele-
vant "false-positive" events, causing a sharp drop to 0.467.

We also introduce synthetic noise into the activity labels (20%
and 50% random replacement) to simulate an imperfect VLM. A
20% noise level barely affects performance, but at 50% noise the
MRR drops to 0.842—still dramatically better than any static embed-
ding method. These findings highlight two design imperatives for
ChronoSeek: (i) the VLM must accurately segment events with fine

temporal boundaries, and (ii) the activity label assignment must be
highly reliable.

5.4 Ground-truth vs. Qwen2.5-VL Predicted
Activity

We replaced the ground-truth activity labels with predictions from
our Qwen2.5-VL pipeline on a processed 1-week subset (4,615 avail-
able images, June 15-21, 2019). After applying the label mapping
described in Section 4.3, the Event-Aware retrieval using Qwen2.5-
VL predictions achieved an MRR of 0.607, compared to 0.056 for
CLIP zero-shot and 1.00 for ground-truth labels.

This result represents a 10.8X improvement over the CLIP
baseline and demonstrates that a zero-shot VLM can already provide
sufficient event-level signal to make interactive lifelog retrieval
practical when combined with a compact activity taxonomy. Further
improvements may be obtained by fine-tuning Qwen2.5-VL on LSC
metadata; we leave this as future work.

6 LSC’26 Competition Performance

We participated in the 9th Annual Lifelog Search Challenge (LSC’26),
co-located with ACM ICMR 2026. According to the official chal-
lenge definition, the competition consisted of three tasks: Ad-hoc
Retrieval (Task 1), Known-Item Search (Task 2), and Question An-
swering (Task 3) [10].

ChronoSeek achieved an overall score of 1608.1, ranking 13th
among 15 participating systems in the official evaluation [10]. Most
notably, ChronoSeek obtained a perfect score of 1000.0 on Task 3
(Question Answering), achieving the highest score among all
participating systems for this task. Table 2 summarizes the top-
ranked systems together with ChronoSeek.

The competition results provide an independent validation of
our temporal-first design. In particular, Task 3 evaluates complex
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Table 2: LSC’26 leaderboard (top-5 and our system). Scores
for Task 1, Task 2, and Task 3 are normalized to a maximum
of 1000 each.

Rank System Task1 Task2 Task3 Total
1 MyEachtra 951.7 831.8 930.9 27144
2 VISIONE 1000.0  880.7 826.0  2706.7
3 MemoriEase 922.0 1000.0  623.8  2545.8
4 ExploringLife  689.6 921.9 901.9 25134
5 SnapSeek 813.8 838.9 724.6 23773

13 ChronoSeek  553.6 54.5 1000.0 1608.1

question-answering scenarios that require temporal reasoning over
sequences of events and contextual evidence, precisely the problem
addressed by our Event Knowledge Graph and Agentic Orchestrator.
The perfect Task 3 score demonstrates that structured event-centric
retrieval is highly effective for temporally grounded lifelog search.

In contrast, ChronoSeek achieved more modest performance
on Ad-hoc Retrieval (Task 1) and Known-Item Search (Task 2),
consistent with our ablation finding that temporal reasoning ben-
efits more from structured events than purely appearance-based
retrieval.

We note that the reported score of 54.5 on Task 2 (Known-Item
Search) was affected by an operational submission-interface issue
during the live competition. Although the retrieval backend contin-
ued to generate plausible candidate images, very few submissions
were recorded for evaluation, leading to an artificially low Task 2
score.

7 Conclusion

We presented ChronoSeek, a temporal-first retrieval system that re-
conceptualizes lifelog search as structured event reasoning. Using
Qwen2.5-VL for event segmentation and an Agentic Orchestrator
with a Fast-Path fallback, ChronoSeek achieves an MRR of 0.607
with zero-shot VLM predictions, a 10.8X improvement over CLIP,
while maintaining sub-6 ms query latency on 33,471 events. The
LSC’26 competition results further validate this design: ChronoSeek
achieved a perfect score of 1000.0 on Task 3, demonstrating the ef-
fectiveness of event-centric retrieval for temporally complex lifelog
queries.
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