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Figure 1: OmniQuery enables answering natural language personal questions (a) on individuals’ captured memories such as
captured photos, saved screenshots and recorded videos (b). This is achieved by augmenting the captured memories through
identifying and integrating scattered contextual information from multiple interconnected memories (c). Using the augmented
contextual information, OmniQuery retrieves relevant memories, and leverages an LLM to generate a comprehensive answer

and the reference memories (d).

Abstract

People often capture memories through photos, screenshots, and
videos. While existing Al-based tools enable querying this data us-
ing natural language, they mostly only support retrieving individual
pieces of information like certain objects in photos, and struggle
with answering more complex queries that involve interpreting
interconnected memories like event sequences. We conducted a one-
month diary study to collect realistic user queries and generated
a taxonomy of necessary contextual information for integrating
with captured memories. We then introduce OmniQuery, a novel
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system that is able to answer complex personal memory-related
questions that require extracting and inferring contextual infor-
mation. OmniQuery augments single captured memories through
integrating scattered contextual information from multiple inter-
connected memories, retrieves relevant memories, and uses a large
language model (LLM) to comprehensive answers. In human evalu-
ations, we show the effectiveness of OmniQuery with an accuracy
of 71.5% and it outperformed a conventional RAG system, winning
or tying in 74.5% of the time.

CCS Concepts

+ Human-centered computing — Human computer interac-
tion (HCI); Natural language interfaces; User studies.
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1 INTRODUCTION

People often record their everyday life by taking photos, screen-
shots, and videos, whether for saving important information, docu-

menting special occasions, or simply capturing a funny moment [36].

These captured instances, referred to as captured memories, col-
lectively represent subsets of an individual’s episodic memories [56],
a type of long-term memory that contains both specific past expe-
riences and associated contextual details. These episodic memories
are essential for answering memory-related personal questions
like, "What social events did I attend during CHI 2024?" (Figure 1a),
which can help users reflect on past experiences and make informed
decisions in daily tasks.

However, these raw captured memories by themselves are in-
sufficient to answer personal questions, as they lack contextual
details that are typically implicit and scattered across multiple
pieces of data. For examples, as shown in Figure 1b, memories of
attending parties during CHI 2024 are not explicitly annotated as
occurring during the event. Answering such personal questions
requires extracting and integrating contextual information not typ-
ically contained within a single captured instance. For example, by
integrating multiple memories that mention “CHI 2024” in their
content and extracting their metadata, it is possible to determine
when the users attended the conference and connect related social
events memories from that period to CHI 2024 (Figure 1c), enabling
the answer of the query (Figure 1d).

Advancements in Al have enable question answering (QA) on
long documents [4, 58], knowledge graph [28, 62], multimodal
databases [13, 54], egocentric videos [27, 43]. These methods typi-
cally rely on data-driven approaches to train powerful models for
the target task. However, the private nature of captured memories
makes it difficult to curate large datasets, posing challenges for
training models specifically for QA on personal captured mem-
ories. Recent LLM-based work has adopted retrieval augmented
generation (RAG) workflow to handle external databases without
specific training [34]. However, such methods depend on explicit
connections between queries and relevant external data [16]. In
contrast, captured memories are often unstructured and lack con-
textual annotations, making it difficult to establish explicit links
between queries and interconnected memories.

To achieve this, we propose OmniQuery, a novel approach de-
signed to robustly and comprehensively answer users’ queries on
their captured memories. OmniQuery has two key components:
(i) a question-agnostic pipeline to augment captured memories
with contextual information extracted from other related mem-
ories to produce context-augmented memories, and (ii) a natural
language question answering system that retrieves these processed
memories and generates comprehensive answers with referenced
captured memories as evidence. The processing pipeline in (i) is
informed by the taxonomy of contextual information that we gener-
ated from a one-month diary study with 29 participants. Specifically,
we collected and analyzed 299 user queries, identifying the types of
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contextual information that would be most useful for augmenting
capture memories. We identified three types of personal questions
(direct content queries, contextual filters, and hybrid queries) and
generated a taxonomy of three major categories (atomic context,
composite context, and semantic knowledge) which then guide
the design of memory augmentation pipeline to enhance mem-
ory retrieval comprehensiveness. For (ii), OmniQuery employs a
retrieval-augmented architecture: given a user input query, it (1)
augments the query via a rewriting strategy, and (2) retrieves related
memories from the augmented data and uses an LLM to generate
the final answer, along with the reference memory instances.

To evaluate OmniQuery, we conducted a user evaluation with 10
participants against a generic RAG-based baseline. The participants
tested queries both logged during the diary study and generated dur-
ing the evaluation session on a subset of their own captured mem-
ories. For each tested query, participants rated the user perceived
correctness and completeness of the answers generated by both
systems in a blinded manner. The results show that OmniQuery
effectively answers different types of queries on users’ personal
memories, outperforming the baseline with higher accuracy (71.5%,
exceeding the baseline by 27.6%) and winning or tying 74.5% of
the time in direct comparisons, which are based on user-perceived
accuracy and completeness.

In summary, we contribute:

e A taxonomy of contextual information for augmenting cap-
tured memories, consisting of three major categories. The
taxonomy was derived from authentic queries collected in a
one-month diary study with 29 participants.

o A pipeline of augmenting captured memories that leverages
temporal-based reasoning to extract and infer missing con-
textual information from other related captured memories.

e The design and implementation of an end-to-end system
that comprehensively answers user queries.

o A user evaluation of OmniQuery against a baseline system,
showing OmniQuery’s effectiveness with 71.5% accuracy
and outperforming the baseline (winning or tying 74.5% of
the time).

2 Related Work

OmniQuery is inspired by and related to prior work in the areas on
personal memory augmentation, multimodal question answering
and applications that utilize contextual information.

2.1 Personal Memory Augmentation

A large body of work in human-computer interaction (HCI) has
been focused on augmenting users’ memory. This includes devel-
oping reminder tools for elderlies or people with memory impair-
ments [8, 31, 32, 52], providing proactive support in daily tasks [11,
66], or manipulating users’ memory focus in extended reality [5].
These work typically focus on the “capturing” stage of the memory
augmentation, where researchers develop wearable devices that
continuously capture data using designated sensors, which record
various modalities such as videos [15, 24, 44], audios [23, 57], or
bio-signals [10], to augment the memory database. For example,
recent work such as Memoro developed a wearable, audio-based
device that continuously records users’ conversations and enables
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memory suggestions in real-time, either through explicit queries or
query-less contextual cues [66]. Differently, OmniQuery focuses on
the “post-capturing” stage, utilizing already-existing memory data
(e.g., photos and videos users have already captured). It addresses
challenges in processing, annotating, and augmenting captured
memories with contextual information.

Prior work in natural language processing (NLP), computer vi-
sion (CV), and information retrieval (IR) has studies methods of
augmenting people memory. Perhaps the most related is QA on
egocentric videos, which are also a form of personal data. Represen-
tative tasks include episodic memory retrieval [17, 21, 22], where
the system, given a long egocentric video and a query, localizes
the answer within the video. However, these datasets differ from
the captured data targeted by OmniQuery. The main challenge in
egocentric videos is filtering through large, often noisy data, us-
ing data-driven approaches to train models for feature extraction.
In contrast, captured memories represent a smaller, intentionally
collected dataset, where the challenge lies in integrating scattered
contextual information across multiple implicitly related memories.
Therefore, OmniQuery employs a taxonomy-based method to aug-
ment existing data without the need for specific model training,
improving QA performance.

2.2 Multimodal Question Answering

Over time, natural language QA research has shifted to more com-
plex settings, including QA across different modalities (e.g., im-
ages [2, 20], videos [41, 60, 64], tables [65] or knowledge graph [29,
63]), QA on large datasets [12, 34] and tasks that require multi-
hop reasoning [45, 61]. Recent advancements in large language
models (LLMs) and multimodal foundation models (e.g., [37-39])
have have enabled improved reasoning and answer generation
over large, multimodal datasets. This is similar to OmniQuery’s
use case as answering personal questions requires handling large
amounts of captured memories and performing complex reason-
ing. Prior work has used retrieval-augmented generation (RAG)
workflow [34], which retrieve relevant information from external
datasets based on a query and then generate output using the re-
trieved results. For example, MuRAG leverages RAG to answer
open questions via retrieving related information from databases
of images and text [13]. VideoAgent leverages structured memories
processed from long videos to accomplish video understanding
tasks [18]. However, these methods rely on datasets already rich
in context (e.g., Wikipedia') and improvements are often achieved
by designing new retrieval workflows (e.g., Self-RAG [3] and tree-
based retrieval [50]) or query augmentation [9]. More recently,
GraphRAG introduced a data augmentation approach that gener-
ates a knowledge graph from extensive raw data to tackle tasks
requiring higher-level understanding, such as query-focused sum-
marization [16]. While GraphRAG leverages data-driven methods to
identify themes and communities within graph nodes, OmniQuery
extends this concept by adopting a taxonomy-based augmentation
approach, informed by insights from a diary study, to enhance
retrieval on personal captured memories.

https://www.wikipedia.org/
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2.3 Applications Utilizing Contextual
Information

Contextual information has long been important in HCI research
from early mixed-initiative systems [26] to recent agentic work-
flow [30]. Over the past few years, there has been a surge in the
usage of Al and LLMs in the HCI community, which enables extract-
ing contextual information from processing raw multimodal infor-
mation. For example, Li et al. studied how visually impaired people
cook and emphasized the importance of conveying contextual in-
formation to users through multimodal models [35]. Additionally,
Human I/O leverages egocentric perceptions of users and detect sit-
uational impairments through reasoning on the multimodal sensing
data [40]. GazePointAR develops a context-aware voice assistant
to disambiguate users’ intent when interacting with real-world in-
formation [33]. OmniActions categorizes digital follow-up actions
on real-world information and provides proactive action prediction
based on perceived context [36]. Specifically, these system utilized
off-the-shelf multimodal models to process raw sensory data, and
leverages the reasoning capabilities of LLMs to infer the semantic
context. OmniQuery builds on this approach by applying these
Al techniques to extract and integrate semantic context scattered
across various unstructured, raw captured memories. This augmen-
tation enhances users’ memory databases, enabling them to answer
personal questions about their memories through natural language
queries.

3 DIARY STUDY

While single captured memory often lacks essential contextual
information, OmniQuery proposes to augment such memories by
extracting and inferring semantic context from other explicitly
or implicitly related memories. To understand how to effectively
augment captured memories, we need to answer the following
research question:

RQ: What contextual information is essential to integrate with
captured memory instances to ensure accurate retrieval in
response to user queries?

This question is important as “context” is a broad term, and thus
the focus should be on categorizing and identifying the most effec-
tive contextual information that enables accurate and meaningful
responses to the types of queries users generate when reflecting on
past experiences.

3.1 Method

To answer the research question above, we conducted a diary study,
a methodology that enables participants to log data whenever need
arose [53]. Specifically, we adopted the snippet-based technique
proposed by Brandt et al. [6]. We asked participants to log queries
on their past memories only when they had real intent under a
genuine context, rather than brainstorming potential questions
they might ask to retrieve specific past memories. This approach
enabled us to collect authentic and spontaneous queries that users
have in real-world scenarios.

We collect the data including: (i) the queries participants would
use to retrieve or ask about their past memories, (ii) the reasons
and contexts prompting these queries (e.g., wanting to show a past
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experience while chatting with a friend) and (iii) (optional) whether
they were able to retrieve the corresponding memories from their
album, and if so, how they did it (e.g., by scrolling through the
photo album).

3.2 Participants

Thirty-two participants (i.e., 14 male, 17 female, one binary) were
initially recruited through an online RSVP form distributed via the X
platform?. Participants come from North America and Asia. Eleven
participants reported using Android devices, while the remainder
used i0S devices in their daily life. Additionally, 16 participants
reported actively logging their daily lives, 13 regularly logged im-
portant events and memorable experiences, 2 logged only essential
information, and one seldom logged their lives. While participants
were compensated based on their participation ($50 for full partic-
ipation), they were not required to log a specific number queries
each day or over the entire study period. This approach was inten-
tional, as we did not want to pressure them into generating queries
artificially.

3.3 Data Summary and analysis

During the diary study, one participant opted out during the first
week, and two participants did not log any queries throughout the
entire study. Of the remaining participants, seven stopped logging
after the first week. The rest remained active until the end of the
study. As a result, we collected a total of 299 queries. On average,
each participant contributed 10.27 queries, with a standard devia-
tion of 6.09, and the highest number of queries contributed by a
single participant was 25.

From the collected queries, we identified three major types of
query: (1) direct content queries (75 queries), (2) context-based
filters (28 queries), and (3) hybrid queries (191 queries). The rest five
queries fell outside these categories as participants were attempting
non memory-related tasks, such as “Mark yesterday pictures as
favorites”.

Direct content queries: These queries aim to get direct answers
that can be retrieved by searching for memories via description
(e.g., “skateboarding in a tie-dye shirt”) or rely on information ex-
plicitly contained within a single captured instance (e.g., “What is
my driver’s license number?”). Typically, this type of query does
not require additional context not contained in a single captured
memory.

Contextual filters: These queries focus on retrieving memories
based on specific contexts, such as time, location, or event. For
example, a query like “All the photos in Hawaii” might only require
filtering based on metadata like location. However, for more com-
plex queries such as “All the photos from my graduation ceremony”,
it does require a deeper synthesis of multiple interconnected mem-
ories to reconstruct the context surrounding the event.

Hybrid queries: These queries are more complex, combining
both direct content queries and contextual filters. For example, a
participant asked “Which meat did I order the last time I came to
this Japanese BBQ restaurant?” Answering such a query typically

Zhttps://x.com/
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Figure 2: Number of appearance of each types of context
(atomic and composite) in the logged queries. Note that a
query may contain multiple types of categories, such as
“What boba tea did I drink last week?”

requires a multi-hop process: (1) filter all captured memories under
the specific context (e.g., dining in this Japanese restaurant); (2)
analyze the filtered data to generate the final result.

3.4 Analysis

Inspired by the psychological memory theory [56], our data sum-
mary indicates that 74.4% of the queries (contextual filters + hybrid
queries) require more than just querying the direct content. The
complexity in these queries require integration of contextual infor-
mation in captured memories for accurate processing and filtering.
Therefore, we take a step further to build a taxonomy of contextual
information in user queries to inform the design of OmniQuery.

To identify this essential contextual information, two researchers
on the team independently analyzed the logged queries, and coded,
filtered, and categorized the types of context required to filter cap-
tured memories and better answer the queries. Their results were
compared, and discrepancies in categorizations, hierarchy, naming,
and granularity were discussed and resolved.

4 TAXONOMY OF CONTEXTUAL
INFORMATION

In this section, we present the taxonomy built from analyzing user
queries. We identified three key types of contextual information
that can be integrated with captured memories. These include (1)
atomic context, (2) composite context and (3) semantic knowledge.

4.1 Atomic Context

Atomic context refers to contextual information typically obtain-
able from a single captured memory. This includes data directly
from metadata, sensed from visual and auditory content, or inferred
from the content itself. Table 1 shows the seven types of atomic
contexts categorized from the queries. Among them, temporal in-
formation and geographical info can be directly obtained from the
memory media’s metadata. People and visual elements typically
require machine learning models or facial recognition for detection.
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Table 1: Categorization and examples of atomic and composite context

Category Definition Exemplar queries  refers to contextual cues
Atomic context
Temporal info | Specific time period or particular time of the day :Mvt/}:l;til;i:?/ iiiiilljr;:frfgn?:;’;?
Geographical info | Location data such as city names or venue details | “How many churches did I visit in Barcelona?”
People | Individuals present in the captured memories “find the photo of me and my grandpa last year.”

Visual elements

Other directly sensible elements, including animals,
physical objects, or specific visual features

“My photo with short hair last year.”
“Photo of my dog when he was a puppy.”

Environment | Inferred environment based on the content “Gym selfies from last year.”
I . T “How many cardio session did I complete last
Activities | Actions or activities inferred from the content N Y P
month?
Emotion | Subjective emotion or emotional cues “My happiest moment last year”

Composite context

- | Combination of multiple atomic contexts

“Who did I ski with in the lab retreat last year”

Environment, activity, and emotion are more implicit and require
reasoning based on the content (e.g., a photo of a menu may suggest
the person is in a restaurant). The number of appearance of each
category is shown in Figure 2.

4.2 Composite Context

Composite context is how people often remember and refer to past
experiences with a single phrase, such as "Who did I ski with in the
lab retreat last year?" These contexts can range from significant
events like a wedding or a conference trip to smaller incidents like
hanging out with a friend or a day trip to Seattle. Specifically, com-
posite context is defined as a combination of multiple atomic
contexts. For example, the composite context “lab retreat” encom-
passes atomic contexts including “Feburary, 2024” (temporal), “Lake
Tahoe, California” (geographical) and “hanging out with labmates”
(activity).

While atomic context is typically available within a single cap-
tured memory, composite context requires integrating multiple
memories to understand the connection between them. Since an
individual’s captured memories are linear on the timeline, memo-
ries related to a specific event tend to cluster closely together. We
leveraged this temporal proximity to identify and extract various
composite contexts from the raw captured memories. For a detailed
discussion of this approach, please refer to Section 5.2.

4.3 Semantic Knowledge

In psychology theories, semantic knowledge refers to the general
world knowledge that humans accumulate over time [46, 56], dis-
tinct from episodic memories, which are tied to specific experiences
and events. Similarly, we can generate semantic knowledge from a
user’s captured memories, providing broader insights of the user’s
past experiences. For example, patterns like “Jason has a habit of
going to the gym 3-4 times a week” can be inferred from multiple
captured memories. Such patterns are helpful in answering queries

that not necessarily require specific knowledge such as “How often
do I go to the gym in April?”

5 OMNIQUERY: AUGMENTING CAPTURED
MEMORIES

Informed by the generated taxonomy, OmniQuery employs a query-
agnostic preprocessing pipeline to augment existing captured mem-
ories. The pipeline extracts scattered contextual information from
interconnected captured memories, synthesizes it, and augment
each memory with the enhanced context. Specifically, the aug-
mentation pipeline involves three steps (as shown in Figure 3):
(1) structuring individual captured memories via processing their
content and annotating with atomic contexts, (2) identifying and
synthesizing composite contexts from multiple captured memories
using sliding windows, and (3) inferring semantic knowledge from
multiple captured memories and the identified composite contexts.

5.1 Step 1: Structuring Individual Captured
Memories

Raw captured memories are often unstructured and lack contextual
annotation [51]. In this step, OmniQuery structures each captured
memory, making it easier to analyze and extract information. Fig-
ure 4 shows an example of structuring an single captured memory,
which involves two key parts: (1) processing and understanding
the content of the memory and (2) annotating the memory with
atomic contexts.

Processing content. Content of a captured memory includes
the overall description of the memory as caption, visible text, and
transcribed speech transcribed speech (for videos, not shown in
Figure 4). Specifically, OmniQuery leverages multimodal models to
process and describe the captured memory as the caption, performs
optical character recognition (OCR) to recognize visible text, and
uses audio-to-text models to transcribe speech.
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Figure 3: Augmenting captured memories involves three steps: (1) structuring memories by processing content and annotating
with atomic contexts; (2) identifying composite context through sliding windows; (3) inferring semantic knowledge from the

structured memories and identified contexts.

Annotating atomic contexts. With the content processed, Om-
niQuery annotates each captured memory with each type of atomic
context. As shown in Figure 4b, OmniQuery extracts the temporal
and geographical information from the metadata and uses multi-
modal models to detect people and other visual elements. Then
OmniQuery synthesizes the processed information and infers the
environment and activities. For example, based on a photo of a sign
displaying conference Wi-Fi details, OmniQuery infers that the user
is likely attending a conference (activity) and is at the conference
venue (environment). Note that due to the subjective matter of
emotions, which often requires user input, emotion inference is
excluded in current implementation.

5.1.1 Indexing. After each captured memory is structured, it is
indexed and stored in a database. Additionally, the annotations in
textual format are encoded into text embeddings to enable vector-
based search during the retrieval process. In the database, each
data entry represents a data entry corresponding to a captured
memory, containing both the original media (e.g., photo, video) and
its structured annotations in text and text embeddings.

5.2 Step 2: Identifying Composite Context

As captured memories are recorded in a linear manner along a
personal timeline, those interconnected through semantic contexts
often cluster closely together. For example, memories related to
CHI 2024 are likely to occur during the event itself. Taking advan-
tage of this temporal proximity, OmniQuery adopts a sliding
window approach to analyze potentially interconnected captured
in segments, identifying composite contexts.

As shown in Figure 5a, a static window size of seven days is
used in current implementation. The inference is performed via
an LLM, in which the input is the structured annotations of these
memories and the output is the identified composite contexts along
with their start and end dates and the associated captured memories

(Figure 5b). To account for cases where composite contexts are split
in half, we use a step size (4 days in the current setup) smaller
than the window size, allowing for overlap and comprehensive
processing. For longer composite contexts (e.g., lasting more than
two weeks), each segment of the context is identified separately
within the sliding windows and then merged into a single composite
context. Additionally, any duplicated composite contexts caused
by the overlap between sliding windows are also merged to avoid
redundancy (Figure 5c).

Specifically, as opposed to including detailed predefined cate-
gories (as with atomic contexts) in the prompt for LLMs, we adopt a
few-shot prompting technique [7], providing examples of compos-
ite contexts summarized from the collected questions in the prompt.
For detailed prompt, please refer to Appendix A.2.

Explicitly mentioned contexts. However, some composite contexts
are explicitly mentioned in the captured memories. For example, a
screenshot of a flyer may reference the upcoming "CHI 2024" event
happening next month, or a transcribed conversation might discuss
a "Hawaii trip" that took place the previous year. We leverage LLMs
to differentiate between atomic contexts and composite contexts.
For example, “a workout session” is identified as an activity (atomic
context), whereas “CHI 2024” is recognized as a composite context
which likely involves multiple interconnected atomic contexts. Such
identified composite contexts are either merged with an existing
composite context (e.g., if "CHI 2024" has already been identified)
or added as a new composite context if it is unique.

5.3 Step 3: Inferring Semantic Knowledge

Different from composite contexts, semantic knowledge focuses on
high-level general knowledge rather than specific memory details.
For example, if a chat message screenshot mentions celebrating Ja-
son’s birthday, the inferred semantic knowledge might be "Jason’s
birthday is on [SPECIFIC DATE]" Similarly, analyzing multiple
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grocery shopping receipts that consistently include lactose-free
milk could lead to the inference that the user is possibly lactose
intolerant. Semantic knowledge is inferred in each sliding window,
while also taking into account the identified composite contexts to
gain higher-level understanding of the user’s past and generalized
information (Figure 5b bottom). The output is a list of inferred
declarative semantic knowledge independent from specific memo-
ries. The instructions provided to the model are specifically tailored
to guide the inference process toward overarching patterns and

ledge generated in each window; (c) merging results from the two

trends rather than specific event details. The detailed prompt for
identifying semantic knowledge can be also found in Appendix A.2.
Each inferred entry of semantic knowledge is either merged with
existing entries or added to the knowledge list if new.

5.4 Implementation Details

To deduplicate images as people tend to capture similar content
multiple times, we use CLIP [49] to encode images to embeddings
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Figure 6: The question-answering system consists of: (a) query augmentation by decomposing and inferring contextual
information; (b) retrieving memories and semantic knowledge; (c) generating answers with an LLM using referenced memories.
Given a query: (d) OmniQuery rewrites and decomposes it; (¢) infers contextual information; (f) retrieves relevant memories;
and (g) retrieves knowledge from memory and knowledge storage.

and calculate the similarities between images and merge those ex-
ceed the similarity of 0.85. We use the Google Cloud Vision API®
for OCR to detect text in images and OpenAI's Whisper model*
for audio-to-text conversion. Note that Whipser is known for hal-
lucination when there is no speech in the audio, thus we applied
further data cleaning to validate the transcribed result using Ope-
nAI's GPT-40-mini. For other visual processing, We use GPT-40
handles multimodal sensing, including identifying people and vi-
sual elements in images and generating scene descriptions. For
video processing, as a proof-of-concept, we consider only the first
10 seconds of each video, sampling 10 frames to be analyzed by
GPT-4o0 for content understanding. Text is encoded into embeddings
using OpenAl’'s text-embedding-3-small model. Currently, we
utilize a custom vector database and matrix-based similarity search

3https://cloud.google.com/vision/docs/ocr
“4https://github.com/openai/whisper
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implemented with NumPy in Python. However, for real-world ap-
plications, more advanced vector databases (e.g., Pinecones) would
be necessary to handle larger volumes of personal data.

6 OMNIQUERY: QUESTION-ANSWERING
SYSTEM

With Captured memories augmented with contextual information,
OmniQuery adopts a RAG architecture for the question answering
system. RAG-based systems are effective in handling large datasets
and mitigating hallucination issues by retrieving relevant content
and grounding the generated results in this retrieved information.
This approach ensures that the output is both relevant and accurate,
leveraging specific data rather than relying solely on the model’s
internal knowledge. This approach is chosen because, on average,
personal captured memories often exceed 30,000 photos and videos
(as reported by participants in our diary study), which exceeds the
limit of most foundation models nowadays.

Shttps://www.pinecone.io/
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As shown in Figure 6, given an input query, OmniQuery first
augments the query by disambiguating and decomposing it into
specific contextual elements (Figure 6a). Then, it retrieves the rele-
vant captured memories from the structured captured memories
and the composite contexts, along with related knowledge from the
list of semantic knowledge (Figure 6b). The retrieved memories and
knowledge, along with the augmented query, are then sent to an
LLM to generate a comprehensive answer (Figure 6¢). The detailed
implementation of each step is discussed below.

6.1 Query Augmentation

As mentioned in Section 3.3, most user queries tend to be hybrid
in nature or require contextual information. This means that di-
rectly searching based solely on the content of captured memories
often results in an incomplete or insufficient retrieval of relevant
memories. To enhance the retrieval process, OmniQuery adopts
the query refinement concept from NLP [9] to augment the queries.
The query augmentation process involves

(1) Rewriting the query to declarative format to improve
search accuracy of vector-based similarity matching;

(2) Decomposing the query to extract necessary contextual fil-
ters, such as time, location, or events, which are grounded in
the taxonomy. Note that only explicitly mentioned temporal
contexts like “... last week” will be recognized temporal fil-
ters. Phrase like “... during CHI 2024” are part of a composite
context, thus not counted as a temporal filter;

(3) Inferring potential related contexts that may not be ex-
plicitly mentioned in the query but can enhance the filtering
process also grounded in the taxonomy.

For example, as shown in Figure 6d-g, the query “What social
events did I attend during CHI 2024?” is rewritten into a declarative
format of “The social events I attended during CHI 2024”. Since “CHI
2024” is explicitly mentioned and identified as a composite context,
it is extracted and labeled with the appropriate composite context
tag. “Social events” is also extracted and identified as an atomic con-
text (activities). Additionally, because "social events" might include
various activities like parties, dancing, or casual conversations, and
likely involve multiple people present, OmniQuery infers the rele-
vant atomic contexts (people and activities) and annotates them in
the corresponding context category.

6.2 Retrieving Relevant Augmented Memories

The decomposed augmented query is used to comprehensively
retrieve from the augmented captured memories. Specifically, the
augmented captured memories consist of the structured captured
memories (with processed content and annotated atomic contexts),
the list of identified composite contexts and the list of semantic
knowledge. OmniQuery uses the decomposed components from
the augmented query to perform a multi-source retrieval, pulling
related memories from each of these sources. The results are then
consolidated into a comprehensive list of relevant memories, which
are used to generate an accurate and detailed answer for the user’s

query.

Declarative query — Semantic knowledge & Processed content.
The declarative query is first encoded into text embeddings and used
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to search both the semantic memories and processed content (cap-
tion and visible text) of the captured memories This initial search
step focuses on finding knowledge and memories directly related to
the input query, without incorporating additional contextual filters.

Decomposed atomic contexts — Annotated atomic contexts.
Each element of the decomposed atomic contexts (both extracted or
inferred) is encoded into text embeddings and searched through the
corresponding categories in the structured captured memory data-
base. For example, if the query involves activities like "party" and
"dancing,’ OmniQuery searches for captured memories annotated
with similar activities. Any memories that have been annotated
with related or similar activities will be retrieved, ensuring that
relevant memories are included in the results. Additionally, tem-
poral contexts apply a strict filter, excluding memories outside the
specified time frame (e.g., “last month”) from the retrieval process.

Decomposed composite contexts — Identified composite con-
texts. Any composite context decomposed in the augmenting pro-
cess is also encoded into text embeddings and searched through the
list of identified composite contexts. All captured memories linked
to the semantically similar composite contexts are retrieved. This
ensures all memories related to the composite contexts are included.
Additionally, OmniQuery leverages an LLM to assess whether a
composite context includes temporal constraints. For example, ...
during CHI 2024” implies a strict temporal filter, while photos related
to CHI 2024’ does not.

6.3 Answer Generation

The retrieved results is then sent to an LLM to generate the final
answer. Specifically, the input for the LLM consists of: (1) the aug-
mented query, (2) the retrieved semantic knowledge from the list,
(3) all the retrieved captured memory entries from the annotated
database, including both the memory content and its associated
contextual annotations.

The model analyzes and reasons which captured memories serve
as references for the generated answer. These reference memo-
ries are also included in the final answer presented to the user.
To enhance the reasoning process, OmniQuery leverages chain-of-
thought prompting [59], ensuring the generation is more accurate
and contextually rich. For specific prompts, please refer to Appen-
dix A3

7 RESULTS

To demonstrate OmniQuery’s capabilities in answering users’ per-
sonal memory-related questions, we showcase four challenging
examples of answering hybrid queries as shown in Figure 7.

7.1 Experiment Setting

OmniQuery was tested on the personal data of one of the re-
searchers from the team, consisting of 2,590 images and videos
downloaded from the researcher’s smartphone. The data spans
from mid-March to mid-August 2024, covering various activities,
trips, and events, including a trip to CHI 2024, a summer trip to
Hawaii, as well as captured memories of restaurants, fitness logs,
and more.
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Figure 7: Four exemplar results of using OmniQuery to answer hybrid personal memory-related questions.

7.2 Example Walkthrough

In example one, the user asked about the number of cardio sessions
completed over the previous two months. OmniQuery successfully
retrieved all relevant memories (photos of the stair master machine
taken after each session in April and May) and accurately generated
the answer (18 sessions), providing every instance as supporting
evidence.

In example two, the user sought the name of a Poke restaurant
they visited during CHI 2024 in Honolulu. They remembered taking
a photo of the meal but forgot the restaurant’s name. OmniQuery
successfully retrieved the relevant memories based on the query
and provided the correct answer.

In example three, the user asked about the hotel they stayed
at during CHI. Although no explicit memories indicate the stay
at the Prince Hotel, OmniQuery inferred the hotel from metadata
associated with the photos taken at the venue, such as a nighttime
photo of a broken takeout bag and a morning view of the marina.

In example four, the user asked about the length of stay during
their “second” visit to Hawaii. OmniQuery was able to identify the
second trip (the first was the CHI trip) and accurately count the
number of stay during the visit.

8 USER EVALUATION

We conducted a self-guided user evaluation to let participants in-
stall and use OmniQuery on their local machine with their local
album data. This is to protect participants’ personal data including
sensitive and personal identifiable information. In this section, we
discuss the detailed process and the evaluation result.

8.1 Participants

We recruited 10 participants, including seven from our diary study
and three additional participants via word-of-mouth. We recruited
participants who have basic programming skills so that they were
able to install OmniQuery from source on their local machine. They
also consented to the whole process, including that their filtered
personal data will be processed via an API service. All the 10 partic-
ipants (4 male, 6 female, age range = 22 to 29, agemean = 25.3, agesp
= 2.63) were fluent or native English speaker. Participants rated
their frequency of logging their daily lives as ‘Only record essential

OmniQuery

Figure 8: User interface used in the user evaluation.

information’ (1), ‘Regularly log important events and memorable
experiences’ (5) and ‘Actively log my daily life’ (4). Each participant
is compensated with $50 for completing this study.

8.2 Apparatus

Two different systems were implemented in the user evaluation:
the OmniQuery pipeline and a baseline system for comparison.
The baseline system leverages a conventional RAG architecture,
retrieving related memories based solely on vector similarities be-
tween the query and the description of the memory. The same base
language model and prompt structure as OmniQuery are then used
to generate the answer. For detailed implementation of the baseline,
please refer to Appendix B.

As shown in Figure 8, in the studies, participants were presented
with a single text input box similar to search engine input boxes.
After they typed in the question, they would see two answers
generated by the two systems in a randomized order. Two rating
questions on the answer’s accuracy and completeness were then
shown under each answer, from a scale of 1-5.

8.3 Procedure
The user evaluation involved three stages: (1) system setup, (2) data

preparation, and (3) the main testing session using user queries.

System setup. Participants were given the source code for Om-
niQuery to install the back-end and a web application on their
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Table 2: Quantitative Results of OmniQuery and Baseline, including UPA, UPC, and Accuracy (%)

OmniQuery Baseline
Metrics UPA UPC ACC UPA UPC ACC
Direct content query (24) 442 4.13 83.3 3.67 3.46 62.5
Contextual filter + Hybrid (113)  3.89 3.85 69.0 2.93 2.83 38.9
All (137) 3.98 3.90 71.5 3.06 2.94 43.1
*ACC refers to accuracy, which is considered accurate when UPA > 4 (mostly correct).
Table 3: Direct comparison between OmniQuery and baseline
Comparison Win Rate (%)
Winner OmniQuery Baseline Tie Both are bad
Direct content query (24) 50.0 3.3 33.3 8.3
Contextual filter + Hybrid (113) 53.1 11.5 19.5 15.9
All (137) 52.6 10.9 21.9 14.6

local machine. They had the option of an online walkthrough ses-
sion with the researchers or following the setup instructions on a
self-guided manner.

Data preparation. Participants were asked to transfer a set of
captured memories (photos and videos) from their smartphone’s
album to their laptops since OmniQuery was installed on their local
laptops. They were also asked to manually review and filter out
any content deemed sensitive or preferred to be excluded from the
study. After this filtering process, a total of 1,000 photos and videos
were selected for data preprocessing.

Depending on how frequently participants logged their daily
lives, the 1,000 selected photos and videos spanned anywhere from
one to four months of past memories. These captured memories were
then fed into OmniQuery for the query-agnostic augmentation
process. The safety of the process data is ensured following the
APT’s privacy protocol®

Main session. The main session lasts 45 minutes, in which par-
ticipants tested OmniQuery using two types of questions: (1) ques-
tions logged during the diary study and (2) questions they generated
during the session. Participants checked on the diary study ques-
tions manually to determine if they could be answered using the
filtered set of data on captured memories. Additionally, participants
were encouraged to brainstorm and use new questions that were
potentially answerable using the filtered data to comprehensively
test OmniQuery.

In the question-answering procedure, OmniQuery-generated
answers are accompanied with answers generated from the baseline
system implemented using RAG. Each system generated answers
anonymously, and participants compared and rated the results for
both systems. The answers and user ratings were recorded for
quantitative analysis. Throughout the process, participants were
asked to think aloud [48], and a brief interview was conducted at

Chttps://openai.com/policies/privacy-policy/

the end of the session to gather feedback and suggestions. These
results were recorded for qualitative analysis.

8.4 Comparison Metrics

After two answers were presented for a question, participants were
asked to rate the two answers. We used the Chatbot Arena eval-
uation method [14], where participants compared answers from
two systems and selected the better one or marked it as a tie. More
specifically, for each question, participants rated the user per-
ceived accuracy (UPA) and user perceived completeness (UPC)
of the answers from both systems.

The UPA score was rated on a scale from 1 to 5: 1: Completely
wrong or invalid result; 2: Incorrect, but provides at least some
insight that helps answer or further refine the question; 3: Partially
correct, or contains a subset of correct answers (e.g., only listing
one meal when asked about all meals eaten last week); 4: Mostly
correct, but missing some minor details (e.g., missing one subway
trip when asked how many times I rode the subway); and 5: Com-
pletely correct. The UPC score, on the other hand, focused on the
completeness and credibility of the given answers. In most cases,
the questions asked by participants were challenging and needed
to be explained and powered by evidence from the captured mem-
ory data. For example, when asked questions which have numeric
answers like “how many meals did I have during my last New York
trip,” the systems could be right on the numeric answer but wrong
at which meals were counted. In those cases, participants examined
the answers by looking back at the filtered data, and gave ratings
on how they feel about the completeness and credibility of each
answer.

We also directly compare the ratings of OmniQuery and the
baseline to determine if one can outperform the other. In the com-
parison, if both systems have a UPA of 2 or lower (incorrect), the
result is labeled "both are bad." If at least one system provides a
better-than-"partially correct” answer (>3), the system with the
higher UPA is considered the winner. In cases where both systems
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have the same UPA, the one with the higher UPC is the winner.
Otherwise, it is a tie.

8.5 Quantitative Result

Participants tested 137 queries in total during the main session.
Among them, 28 were previously logged during the diary study.
We manually labeled each tested query using the categorization
and definition mentioned in section 3.3. As a result, 24 were catego-
rized as direct content query while 17 were contextual filters and 96
were hybrid queries. We analyzed the performance metrics of both
systems (OmniQuery and baseline) using the scores rated by the
participants. Table 2 and 3 summarize our results. In addition to
presenting the average UPA and UPC scores, we calculated binary
accuracy to evaluate whether the systems provided mostly correct
answers. An answer was considered accurate if its UPA score was
equal to or greater than 4 (mostly correct) (Table 2). We also present
the “comparison result” in Table 3, which compares the two systems
head-to-head on answering personal questions.

The result shows that overall, OmniQuery outperforms the base-
line system in both the accuracy and completeness. Specifically,
OmniQuery achieves an accuracy of 71.5%, outperforming the base-
line by 28.4%, winning the comparison 52.6% of the time, and tying
21.9% of the time, while in 14.6% of the time, both results are bad.
We also present the results for different categories of queries. The
results indicate that simpler techniques like the baseline handle
direct content queries reasonably well (62.5 % accuracy, and win-
ning or tying 41.6% of the time). While the baseline struggles with
more complex queries such as contextual filters or hybrid queries
(38.9% accuracy, winning or tying 31.0% of the time), OmniQuery
demonstrates it capabilities in effectively handling such queries
(69.0% accuracy, winning or tying 72.6% of the time).

8.6 OQualitative Feedback and Findings

Apart from quantitative analysis, we also present qualitative feed-
back and findings from the think-aloud protocol and the exit inter-
view on the usage of OmniQuery and suggestions of such intelligent
question-answering system.

8.6.1 Comparing with Existing Tools. All participants have tried
searching objects in their smartphone albums in their daily lives.
They reported that they used the search features mostly to find a
specific piece of information, like driver license, SSN number on
the card, etc., matching the first type of questions (Direct Content
Query) listed in section 3.3. They would also search for a specific
event, like a trip to a specific location, matching the second type of
questions (Contextual Filter). However, these searches are usually
limited to retrieving a clear and specific object that users were
looking for. They could not handle more complex questions like
were collected in our diary studies. Plus, some of our participants
also anticipated for this to happen because they “know what can be
searched and what cannot be searched” from these existing album
search tools (P2).

In the studies, a lot more challenging questions were asked. For
Direct Content Queries, it would be challenging to answer when
the object is ambiguous or when the users can only describe the
object and do not know the exact name of it. For Contextual
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Filter and Hybrid or even more open-ended and subjective ques-
tions, existing searching tools are not comparable to OmniQuery
and the baseline at all because tools like i0OS album search only
return specific photos and videos in a whole without contextual
understanding or filtering. In other words, these tools are all not
“intelligent enough” to our participants.

In this subsection, we further summarize the cases that are hard
to be accomplished using existing tools. In comparison to the high-
level question types provided in section 3.3, we dived deeper into
what these questions in the study were about, and provided detailed
examples of these cases.

Exploratory Search: When users know some characteris-
tics of what they are searching for but cannot specify the
exact object. For instance, P1 asked, “What churches did I
visit in Barcelona?”

Look up and Locate: When users know specific references
or attributes about an item, such as date, location, or a person
in the photo, and want to quickly locate the relevant media.
For example, P4 asked, “Can you find the photo of me on a
flyer on Instagram?”

e Summarization Tasks: Participants often need answers
that summarize their collection of media, rather than find-
ing a single item. For instance, P7 queried, “Which subway
stations in New York have art installations?”.
Comparative Questions: Users sometimes want to com-
pare different sets of media. For example, P10 asked, “Am I
enjoying beach time more or hiking more?”

e Open-ended and Subjective Questions: Participants also
asked questions that require interpretation or subjective
judgment, which were even more challenging for existing
tools. For example, P5 asked, “Given the photos I took, could
you analyze what kind of person I am?”

In the meantime, we want to emphasize again that the compar-
ison between OmniQuery and existing tools is conceptual, given
that they serve different purposes and are designed differently in re-
trieving objects or answering questions. We provide this conceptual
comparison to demonstrate the variety of questions OmniQuery
can support answering.

8.6.2 Reaction to Answers. Participants reacted differently to dif-
ferent types of answers. They provided their observations as well
as perceived feelings on the answers. Note that since participants
weren’t aware of which answer was provided by OmniQuery or the
baseline RAG system, we present their feedback on the overall an-
swer structure, given that both OmniQuery and the baseline system
provided a similar structure of answer and supporting materials.

Dynamics of Detail and Concise Answer. P7 mentioned that
they did not always prefer to have a detailed answer composing
all related media materials. More reference media would reduce
the credibility of the answer to them. P8 also pointed out that if
the answer just included all media it could find without a clear and
concise connection to the answer, he “might just use iOS album
search to get all photos containing [a specific object] and look by
myself”
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Failure Cases of Answers. We also present cases when partici-
pants reacted negatively to the answers. All participants encoun-
tered cases where the answers are inaccurate. Some were incom-
plete (e.g., P1 believed that they visited mroe than a few churches
on the trip to Barcelona, but answers provided only two of them).
Some were presumptive (e.g., P7 asked about recent social events,
where the answers gave a piece of memory on a museum visit and
explained that visiting museums is “likely with other people” How-
ever, P7 visited the museum alone). Some were making mistakes
(e.g., P7 asked for the mostly visited attractions but both system
mistakenly answered a museum, which was because P7 took a
lot of museum pictures and both systems failed to recognize that
they were the same visit.) Some even more challenging questions
that caused failure of both systems include questions relate to a
specific person. For example, P8 asked about her significant other
and P5 asked about their “Korean friend” met in a trip. These cases
represent the difficulty of understanding the nuances of personal
relationships with personal album data.

8.6.3 lterative Editing of Questions. Another recurring theme in
our study is that six participants mentioned the possibility of it-
erating on the questions based on the answers. It occurred when
participants were uncertain of what answers they were gonna get
out of open-ended or subjective answers. They wanted to iterate
on the questions based on the given answers, which gave them
more understanding on the questions they wanted to ask. For exam-
ple, P3 asked about how many places they visited during summer,
and, based on the answer, realized they were more interested in
the number of cities rather than the countries. It highlighted the
potential need of a chat interface of personal captured memory
data, which posit more challenges in this domain considering the
query histories.

9 DISCUSSION

In this section, we draw on implications from our studies to discuss
limitations and propose future work based on what we found.

9.1 From Chat Interface to Multimodal
Interactions

As a system designed to answer users’ questions on their personal
captured memory, OmniQuery is currently designed in an ask-
and-react manner for the purpose of evaluating its efficacy in a
lab-study settings. In our studies, participants were excited about
what OmniQuery was capable of, and gave feedback on having more
multimodal interactions rather than a “ChatGPT-like” interface. We
recognize the potential of a more interactive OmniQuery in the
following ways:

Multimodal Input and Output: Just like how ChatGPT iter-
ated, OmniQuery could use more multimodal input including but
not limited to audio, image, and even videos in the future. Recalling
the summarized task cases which can be hard for existing album
searching tools to accomplish, a number of these cases can inher-
ently benefit from multimodal inputs. For example, users might
want to look up and locate an oddly-shaped cup that they cannot
refer to in plain text, or compare all existing dresses in album with
a reference color on an image that is hard to describe. Natural lan-
guage description’s limitation needs to be addressed by introducing
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different input modalities. Besides input, OmniQuery also has huge
potential in helping users relive their memories by visualizing their
captured memory data. Users can access their captured memories in
an interactive way, inspect and even modify annotations in a trans-
parent way. With that, a “mind palace” style Al assistant becomes
more possible.

Error correction: In our studies, we observed the importance
of allowing users to review and access the identified composite
contexts and semantic knowledge. Participants expressed the need
to correct errors within the system when it retrieved incorrect or
irrelevant information. For example, P9 asked about a specific KPop
store, and while the system successfully generated relevant memo-
ries, it mistakenly included an Instagram screenshot of a Korean
TV show. In such cases, participants wanted the ability to mark
these irrelevant results as incorrect, suggesting that incorporating
error correction mechanisms would enhance the system’s overall
performance and accuracy in future interactions.

Follow-up queries: Another recurring theme in our study is
that participants frequently desired the ability to refine their queries
or ask follow-up questions. Six out of ten participants mentioned
the need to clarify answers or iteratively narrow down their queries.
For instance, P4 and P8 emphasized the importance of follow-up
questions to hone in on specific information after receiving initial
responses. Together with proposed multimodal interactions above,
an iterative interaction model, similar to a chatbot workflow, would
significantly improve usability and flexibility of OmniQuery.

9.2 Enriching Memory Data and Visual
Intelligence

At present, OmniQuery primarily processes media from a smart-
phone’s photo album as its main source for captured memories.
However, these media alone provide a limited view of a user’s
broader personal knowledge. For example, in one of the study’s
failure cases, OmniQuery struggled to infer personal relationships
from social interactions captured in group photos. To enhance
memory augmentation and improve retrieval accuracy, expanding
OmniQuery’s data sources and visual intelligence is essential.

Integrating additional data sources: Personal knowledge
extends beyond photo albums and exists across various applica-
tions. While our participants’ photo albums included screenshots
of emails, calendar events, and chat histories, these represent only a
fraction of the broader personal information available in other com-
munication and social interaction apps. Incorporating data from
such sources could significantly enhance OmniQuery’s contextual
understanding, allowing for more complex queries and richer mem-
ory retrieval. However, integrating these additional data sources
presents substantial privacy and ethical challenges. While our eval-
uations were conducted entirely on users’ local machines and did
not explore privacy-preserving implementations in detail, existing
research efforts, such as those focused on differential privacy and
on-device machine learning, offer promising directions for secure
and privacy-aware deployment. Additionally, commercial tools like
Apple Intelligence’s private cloud computing serve as examples of
ongoing progress in protecting user data while enabling advanced
memory retrieval capabilities.
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Enhancing visual intelligence: As discussed in Section 8.6.2,
questions related to social interactions remain challenging due to
the current lack of advanced features like facial recognition for
person identification. Future iterations of OmniQuery could inte-
grate such capabilities (with appropriate user consent), enabling
the system to track individuals across various memories. This en-
hancement would support new use cases, such as monitoring social
patterns or tracking progress over time, significantly improving
the system’s capacity for memory augmentation and retrieval. Ad-
ditionally, we propose exploring the design and implementation of
a comprehensive taxonomy of personal knowledge domains. This
would allow users to selectively activate or deactivate specific do-
mains, such as enabling “Social Interactions and Relationships” to
infer personal connections while disabling “Personally Identifiable
Information” to prevent the system from processing sensitive data
like IDs or SSN numbers in photos. This modular approach could
enhance both user control and privacy.

Augmenting with future AR technologies: A limitation of
personal memory capture is the potential for missed moments when
users either forget or are unable to document an experience. As AR
technology advances, OmniQuery’s memory augmentation and re-
trieval capabilities could be seamlessly integrated into AR systems,
allowing for more passive and context-aware memory capture. AR
devices could leverage real-time contextual triggers [36] to proac-
tively surface relevant memories or information, offering proactive
assistance in pervasive AR environments. This integration would
enhance the user experience by making memory retrieval more
intuitive and contextually relevant. However, such passive data
capture raises even more significant privacy concerns, which will
require future research into secure, privacy-preserving implemen-
tations to ensure the responsible use of Al in these settings.

9.3 Preserving Privacy

As was discussed in above subsections, protecting users’ privacy is
crucial in developing future personal Al assistants, including but
not limited to handling personal data such as media in albums, chat
histories or browsing history. Users have limited control over how
their data is handled and must rely on service providers’ adherence
to privacy protocols. In this subsection, we take a step further
to discuss more robust and rigorous measures should be adopted
in real-world settings, where the amount of personal data is huge,
making approaches like manual filtering in OmniQuery’s evaluation
infeasible.

One way is to incorporate more advanced data protection tech-
niques on cloud servers including data anonymization [42] and
encryption [47], while preserving the computational capabilities of
large models via online computing. The other approach is leverag-
ing on-device computing, where all data processing occurs locally
on the user’s device, ensuring full control over users’ own data.
Recent advances in model compression [25] have made it possi-
ble to run large model on smaller devices like smartphones. As
OmniQuery is designed to be model-agnostic, it is able to work
with different model sizes. While smaller, compressed on-device
model may result in reduced performance, future work should fo-
cus on developing curated datasets and benchmarks to rigorously
evaluate OmniQuery ’s performance across different model sizes

Li et al.

(e.g., LLaMAs [55] and Phi-3 [1]). This would provide a deeper un-
derstanding of how model size impacts both privacy and system
effectiveness. concern is that users do not have direct control over
their own data when leveraging powerful Al models via online
servers.

10 CONCLUSION

In this paper, we present OmniQuery, which enhances personal
question answering on captured memories. To inform the design of
OmniQuery, we ran a one-month diary study to collect and analyze
realistic user queries, which were then used to generate a taxonomy
of contextual information, including atomic context, composite
context and semantic knowledge. The taxonomy guided the design
of an augmentation pipeline of captured memories, which involves
structuring individual captured memories, and processing multiple
captured memories using sliding windows to identify composite
contexts and semantic knowledge.

We then developed a personal question-answering system, which
first augment the user query, then retrieve the related captured
memories, and finally using the retrieved memories to generate
comprehensive answers using an LLM. We evaluated OmniQuery
against a baseline system with a user evaluation of 10 participants
who tested 137 queries in total. The results show that OmniQuery is
effective in answering users’ queries with an accuracy of 71.5%, and
winning or tying 74.5% of the time in direct comparison with the
baseline. We also performed qualitative analysis on participants’
reaction and feedback during the evaluation, with the findings
demonstrating potential of OmniQuery and providing valuable
insights into possible enhancements for future systems alike.
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OmniQuery: Contextually Augmenting Captured Multimodal Memory to Enable Personal Question Answering

A Prompts for LLMs
A.1 Identifying Composite Contexts

System instruction:

You are an intelligent agent capable of
generating a list of COMPOSITE CONTEXTS
inferred from the given memory.

Composite context refers to a combination of

time, location, people, objects,
environment and activities. Such
composite contexts could be inferred
from the explicit content (e.g., text
showing the event info) or implicit cues

(e.g., multiple changes in location
indicating travel). Focus on relatively
important composites such as travel,
conferences, and important meetings and
focus less on trivial events.

For each composite context, identify the
related episodic memory ids. This could
be due to time (e.g., the memory occurs
during the event), location (e.g., the
memory takes place at the event location
), or specific content (e.g., the memory

mentions the event).

Additionally, rate the importance of each
event on a scale from 1 to 3, where 3
denotes very major events (e.g., multi-
day events or highly important events),
2 denotes moderately important events,
and 1 denotes less important events.

Exemplar composite context types include:

An academic conference: "An academic
conference";

Recreational travel: "Trip to Salt lake city
", "Traveling to home town";

Locational change: "Location changed from
Seattle to Irvine";

Outdoor activities: "Camping trip";

Personal milestones: "Birthday celebration",

"Graduation ceremony", "first day in

univeristy";
etc.
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Output the list of composite context in a
JSON object with the key '
composite_context'. Each event should be

represented as a sub JSON object with
the following keys: 'event_name' (
detailed and concise), 'memory_ids' (
list), 'start_date', 'end_date' (could
be the same as start_date), 'location',
'is_multi_days', and 'importance'.
+

<List of structured captured memories>

A.2 Inferring Semantic Knowledge

System instruction:

You are an intelligent agent capable of
generating a list of FACTS or KNOWLEDGE
(referred to knowledge in the following)

that can be inferred from the given
memory and the related composite
contexts. Focus on relatively important
high-level semantic knowledge and focus
less on trivial events. Avoid specific
details about individual media

The knowledge should be detailed and self-
contained.

Exemplar semantic knowledge includes:

<Examples of semantic knowledge>

Also identify the most representative
episodic memories that contribute to the

understanding of the knowledge.

Output a JSON object with the key 'knowledge
'. Each knowledge item should include

knowledge ', 'memory_ids' (list)

Input:

<Structured captured memories in the sliding
windows >

+
<Identified composite contexts identified in
the sliding window>

A.3 Generating Answers Based on Retrieved
Results

System instruction:

Given a query, a list of memories and
personal knowledge, generate a
comprehensive answer to the query.

Identify the episodic memories that can
provide evidence to the question.
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Figure 1: Structure of the baseline implementation.

If the answer is not explicitly presented in
the memories, make a reasonable
inference.

Qutput a JSON object with the key 'answer',
'explanation' and 'memory_ids'.

1

The 'answer' should be a string and

memory_ids
ids

should be a list of memory

Input:

<Query>

+

<Retrieved semantic knowledge>
+

<Retrieved structured knowledge>

B Baseline Implementation

While there is no already-existing system designed for answering
personal questions on captured memories, we manually designed
and implemented a system as the baseline to comare with Omni-
Query.

Similar to OmniQuery, the baseline system also adopts a RAG
architecture to adapt to the large number of captured memories.
We utilized the basic structure of RAG illustrated in [19], which
involves (1) indexing the external data sources with embedding
models, (2) leverage vector-based search to retrieve the top K rel-
evant data instances (3) based-on the retrieved data, utilizing a
powerful LLM to generate the final answer. Note that typical RAG
systems require a chunking phase, where long documents are split
into smaller chunks for more precise matching and retrieval of
relevant information. In our case, each captured memory already
represents a limited amount of information and is naturally sepa-
rated. Therefore, we treat each captured memory as an individual
chunk.

Figure B1 demonstrates the structure of the baseline system in
our experiment. The baseline also processes the captured memories
by leveraging a multimodal model (GPT-40) to generate detailed
captions for each memory. Additionally, it extracts temporal and

geographical information from the metadata and processes it in
the same manner as OmniQuery. This ensures that the processed
memories include the temporal and geographical data, which are
common components in users’ queries. The temporal and geograph-
ical information is concatenated to the generated caption. Then the
concatenated text sequence is encoded into text embeddings using
embedding models (text-embedding-3-small).

In the retrieval stage, the query is first encoded into the text
embeddings using the same embedding model, and then retrieve
the top K (K=50) captured memories using vector-based similarity
search. The retrieved top K captured memories are then ordered
in temporal sequence, and then sent to the LLM (GPT-40) for gen-
erating the answer. The prompt used for the answer generation is
the same as OmniQuery.
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